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ABSTRACT: Natural products are a valuable source of bioactive compounds with
considerable potential for antibacterial drug discovery. However, experimental screening
of large natural-product collections is often time-consuming and resource-intensive. In
this study, an explainable machine-learning framework was developed to predict
antibacterial activity of natural products using data from the NPASS 3.0 database.
Bacterial minimum inhibitory concentration (MIC) records were processed and classified
using an operational threshold of <8 pg/mlL, resulting in a final dataset of 3,130
compounds, including 624 active and 2,506 inactive compounds. Ten molecular
descriptors were combined with 2,048-bit Morgan fingerprints to represent the molecular
structures. Logistic Regression, Support Vector Machine, Random Forest and XGBoost
models were evaluated using five-fold cross-validation and an independent test set. On
the independent test set, Random Forest achieved the highest accuracy (0.8530) and ROC-
AUC (0.8698), while XGBoost achieved the highest recall (0.6320), F1-score (0.6245) and
MCC (0.5295). XGBoost was further interpreted using SHAP analysis to examine the
contribution of molecular descriptors and fingerprint features to individual predictions.
Morgan fingerprint features showed the highest overall contributions, while LogP was the
most influential conventional molecular descriptor. The model was also used to prioritize
natural products with high predicted probabilities of antibacterial activity. The proposed
framework provides an interpretable computational approach for antibacterial activity
prediction and can support the prioritization of natural products for further biological

investigation.
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1. INTRODUCTION

Natural products have played an important role in the discovery of biologically active compounds and therapeutic agents. Plants,
microorganisms and other natural sources contain a wide range of structurally diverse molecules, many of which show
antibacterial, anticancer, anti-inflammatory, antidiabetic and other pharmacological activities. The structural diversity of natural
products is particularly valuable in drug discovery because many of their chemical structures differ from those commonly
represented in synthetic compound libraries [1-4]. Although modern drug-discovery methods have expanded rapidly, natural

products continue to provide important opportunities for identifying new bioactive molecules [5,0].

The identification of biologically active natural compounds generally involves several stages, including extraction, isolation,
structural characterization and biological testing. These experimental approaches are essential for confirming activity, but
screening a large number of compounds can require considerable time and resources. The increasing number of natural-product
structures and biological activity measurements has therefore created a need for computational approaches that can help
prioritize compounds before experimental testing [7,8]. Databases containing natural-product structures and experimentally
measured biological activities have made it possible to investigate relationships between molecular characteristics and biological

activity using computational methods [9,10].

Quantitative structure—activity relationship (QSAR) methods and machine learning have become useful approaches for studying
these relationships. Molecular descriptors, fingerprints and other molecular representations can be used to describe chemical
structures and provide inputs for predictive models. Machine-learning algorithms can then identify patterns between these
molecular characteristics and experimentally observed activities. Random forest, support vector machine, logistic regression
and gradient-boosting approaches have been widely used in molecular property and bioactivity prediction [11-15]. In recent
years, these approaches have also been increasingly applied to natural-product research. For example, machine-learning methods
have been used to classify the bioactivity of natural products and to screen phytochemicals for potential therapeutic activity
[16,17].

However, predictive accuracy alone does not provide sufficient information about how a machine-learning model reaches its
decision. This issue is particularly relevant in natural-product research because a computational prediction is generally used to
guide further biological investigation. If a model predicts a compound as active, it is useful to know which molecular
characteristics contributed to that prediction. Conventional machine-learning models may provide good predictive performance
while offering limited insight into the relationship between the input molecular features and the final prediction. This lack of

interpretability can reduce the practical usefulness of computational predictions in drug-discovery studies [18,19].

Explainable artificial intelligence (XAI) provides an opportunity to address this limitation. XAI methods can be used to examine
the contribution of individual features to a model prediction and can therefore provide additional information beyond
conventional performance measures. SHapley Additive exPlanations (SHAP) is one of the widely used approaches for
interpreting machine-learning models. It provides an estimate of the contribution of individual features to a prediction and can
be used to examine both overall model behaviour and individual compound predictions [20,21]. Recent studies have
demonstrated the usefulness of SHAP and other explainability approaches in drug discovery and molecular property prediction
[22-24]. However, the interpretation of machine-learning predictions specifically for natural-product bioactivity remains
comparatively less explored than the prediction itself.

Another important challenge is the quality and consistency of natural-product activity data. Natural-product datasets may
contain compounds from different biological sources and measurements obtained using different experimental conditions.
Differences in activity measurements, duplicate structures, missing molecular information and class imbalance can affect the
reliability of machine-learning models. The choice of molecular representation and validation strategy can also influence the
ability of a model to generalize to previously unseen compounds [25-27]. Therefore, careful data preparation and model

validation are necessary when developing predictive models for natural-product bioactivity.

Recent developments in natural-product databases provide an opportunity to address these challenges using experimentally
supported activity information. The Natural Product Activity and Species Source database (NPASS) contains natural products
together with information on their biological activities and source organisms, providing a useful resource for computational
investigation of natural-product bioactivity [28]. The availability of activity-associated natural-product data makes it possible to
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develop models that are directly connected to experimentally observed biological responses rather than relying only on structural

similarity.

Antibacterial activity was selected as the biological problem in the present study because antimicrobial resistance and the
continuing need for new antibacterial agents remain important challenges. Natural products have historically provided
numerous biologically active antimicrobial molecules, and their chemical diversity makes them an attractive source for
identifying potential antibacterial candidates [29-31]. Computational prioritization can help reduce the number of compounds

requiring immediate experimental evaluation and may provide a practical first step for further biological investigation.

Therefore, the present study develops an explainable machine-learning framework for predicting the antibacterial activity of
natural products using experimentally associated activity data from NPASS 3.0. Molecular descriptors and Morgan fingerprints
are used to represent the chemical characteristics of the compounds. Four selected machine-learning algorithms, namely logistic
regression, random forest, support vector machine and XGBoost, are evaluated to compare their ability to distinguish active
and less-active compounds. Model development is performed using stratified five-fold cross-validation together with an
independent test set, while scaffold-based validation is considered where the dataset structure permits. SHAP analysis is
subsequently applied to the best-performing model to identify the molecular features contributing to antibacterial activity
predictions. The study aims to provide both predictive and interpretable information that can be used to prioritize natural

products for further antibacterial investigation.
2. LITERATURE REVIEW

Recent research has shown a growing interest in applying machine learning to natural-product research. The availability of
natural-product databases containing chemical structures, source information and experimentally measured biological activities
has made it possible to develop computational models for activity prediction and compound prioritization [5-9]. Molecular
descriptors and structural fingerprints are commonly used to represent chemical compounds, while algorithms such as logistic
regression, support vector machine, random forest and XGBoost have been applied to identify relationships between molecular
characteristics and biological activity [10—-17]. These approaches can reduce the number of compounds that need to be
considered during the initial stages of biological screening,

Several recent studies have specifically explored machine learning for natural-product and phytochemical screening. Machine-
learning models have been used for natural-product bioactivity classification and for identifying phytochemicals with potential
therapeutic activities [20—22]. These studies demonstrate that computational models can provide useful predictions from
chemical information. However, differences in datasets, activity measurements, molecular representations and validation
procedures can substantially influence the reported performance. Therefore, appropriate preprocessing and validation are

important when developing models for natural-product bioactivity prediction [18,19].

The use of explainable artificial intelligence has further expanded the scope of molecular machine learning. Methods such as
LIME and SHAP allow researchers to investigate the contribution of individual features to model predictions [25,26]. SHAP-
based approaches have recently been used in drug discovery to provide global feature importance as well as explanations for
individual molecular predictions [27-29]. Such information can be particularly useful in natural-product research because
identifying the molecular characteristics associated with predicted activity may help researchers prioritize compounds for

subsequent investigation.

Despite these developments, there remains a need for computational studies that combine natural-product activity data,
molecular descriptors, structural fingerprints, model comparison and explainability within a single framework. In particular, the
interpretation of antibacterial activity predictions for natural products has received less attention than prediction performance
alone. In addition, issues such as activity-class imbalance, structural similarity between compounds and model generalization
need to be considered carefully [30—33]. The present study therefore combines selected machine-learning algorithms with
molecular representations and SHAP analysis to develop an interpretable framework for predicting antibacterial activity from

natural products using NPASS 3.0 data.

381
Natural Resources for Human Health (NRFHH)

https://nrfhh.com



Natural Resources for
Human Health %

elSSN: 2583-1194

3. MATERIALS AND METHODS
3.1 Data Source

The data used in this study were obtained from the NPASS 3.0 (Natural Product Activity and Species Source) database, which
provides information on natural products, their chemical structures, source organisms and experimentally reported biological
activities [34,35]. The database was selected because it contains activity-associated natural products suitable for computational
bioactivity modelling. The present study focused specifically on antibacterial activity. Relevant activity records were extracted
from NPASS 3.0 based on antibacterial activity information and the availability of corresponding molecular structures. The
overall computational workflow followed in this study is presented in Figure 1.

3.2 Data Collection and Preprocessing

The antibacterial activity records were first screened to identify compounds with a valid chemical structure and experimentally
reported activity information. Records with missing molecular structures, missing activity values or insufficient information for

classification were excluded.

Duplicate compounds were identified using their molecular structure, and duplicate records were removed to avoid repeated
observations during model development. Where activity values were reported using different units, the values were converted
to a common unit before classification. When multiple activity measurements were available for the same compound, the
available measurements were examined and a consistent rule was applied for assigning the final activity label. After data
cleaning, the resulting dataset was used for antibacterial activity classification and molecular feature generation. The final

number of compounds and class distribution will be reported after completion of the dataset processing.
3.3 Antibacterial Activity Classification

The antibacterial activity prediction problem was formulated as a binary classification task, with compounds categorized as
either active or inactive according to a predefined activity threshold. For compounds with minimum inhibitory concentration

(MIC) measurements, the activity class can be expressed as:
Yi=1, f MIG=C ; Yi=0,ifMIG>C (1)

where Y; represents the activity class of compound i and C represents the predefined antibacterial activity cut-off. The final cut-
off will be selected based on the distribution and measurement characteristics of the NPASS 3.0 antibacterial dataset rather
than being chosen solely to balance the two classes. The final numbers of active and inactive compounds will be reported after

dataset processing.
3.4 Molecular Representation
3.4.1 Molecular Descriptors

A selected group of molecular descriptors was calculated from the molecular structures. The descriptors were chosen to
represent important physicochemical and structural characteristics of the compounds, including molecular weight, calculated
LogP, topological polar surface area (TPSA), hydrogen-bond donors, hydrogen-bond acceptors, rotatable bonds, ring count,

aromatic ring count, fraction of sp-hybridized atoms and heavy-atom count.

These descriptors provide information related to molecular size, lipophilicity, polarity, hydrogen-bonding capacity and structural
complexity. Rather than including a very large number of descriptors, the analysis focused on informative features that could

be used effectively with the selected machine-learning models.
3.4.2 Morgan Fingerprints

Morgan fingerprints were generated to capture structural patterns within the natural-product molecules. These fingerprints

represent molecular environments as binary features indicating the presence or absence of particular structural substructures
[26].
The fingerprint representation complements the conventional molecular descriptors by capturing structural information that

may not be adequately represented by individual physicochemical descriptors. The final fingerprint radius and bit length will be

reported according to the actual computational implementation used in the study.
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3.5 Feature Selection and Scaling

Feature selection was performed to reduce redundant information and retain molecular features that were informative for
antibacterial activity prediction. Features with very low variance and highly correlated descriptors were considered for removal.

For two features Xj and Xy, their Pearson correlation coefficient was calculated as:

e = 2K~ X)X = X / V(X3 = X9 X Zi(Kie = Xi)2} @
Highly correlated descriptors were reduced to minimize redundancy. The final feature-selection criterion will be reported based

on the actual analysis.
Continuous molecular descriptors were standardized when required by the machine-learning algorithm using:
2=(&—p) /o )

where x is the original feature value, p is the mean calculated from the training data and o is the corresponding standard
deviation. Preprocessing parameters were derived from the training data only and then applied to validation and test data to

avoid information leakage.
3.6 Data Splitting and Cross-Validation

The processed dataset was divided into training and independent test sets using a stratified splitting strategy. An approximately
80:20 ratio was used, with the training set used for model development and the independent test set reserved for final
performance evaluation. Stratified 5-fold cross-validation was performed within the training set for model selection and
hyperparameter optimization. In each fold, the model was trained using four subsets and evaluated on the remaining subset.

This process was repeated until each subset had been used for validation.

The mean cross-validation performance was used for model comparison, while the independent test set was kept separate from
model selection. Where feasible, scaffold-based evaluation will also be considered to determine whether the models can
generalize to structurally different natural products.

3.7 Machine-Learning Models

Four machine-learning algorithms were selected for antibacterial activity prediction: Logistic Regression (LR), Support Vector
Machine (SVM), Random Forest (RF) and Extreme Gradient Boosting (XGBoost). The selected models provide a comparison
between linear, kernel-based and tree-based learning approaches [23-25].

® Logistic Regression (LR) — used as a baseline linear classification model.

® Support Vector Machine (SVM) — used to model classification boundaries in the molecular feature space.
e Random Forest (RF) — used to capture nonlinear relationships through an ensemble of decision trees.

® XGBoost — used as a gradient-boosting approach capable of modelling nonlinear feature interactions.

Hyperparameter optimization was restricted to the parameters most relevant to each model. For LR, regularization strength
and penalty type were considered. For SVM, kernel, regularization parameter and gamma were evaluated. For RF, the number
of trees, maximum tree depth and minimum samples per leaf were considered. For XGBoost, the number of estimators, learning
rate, maximum tree depth and subsampling parameters were considered. Hyperparameter selection was performed using the

training data and stratified 5-fold cross-validation.
3.8 Model Performance Evaluation
The developed models were evaluated using the independent test set. The following classification measures were considered:

Accuracy:

Accuracy = (TP + TN) / (TP + TN + FP + FN) )
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Precision:
Precision = TP / (TP + FP) 5)
Recall (Sensitivity):
Recall = TP / (TP + FN) (6)
F1-score:
Fl-score = 2 X Precision X Recall / (Precision + Recall) @
Matthews correlation coefficient (MCC):
MCC = (TP x TN — FP x FN) / V[(TP + FP)(TP + FN)(IN + FP)(TN + FN)] ®)

where TP, TN, FP and FN represent true positives, true negatives, false positives and false negatives, respectively. ROC-AUC
and PR-AUC were also calculated to provide threshold-independent measures of model discrimination, particularly because

natural-product activity datasets may contain unequal numbers of active and inactive compounds.
3.9 Explainable Artificial Intelligence Using SHAP

The best-performing machine-learning model was further analyzed using SHAP (SHapley Additive exPlanations) to understand
the factors contributing to its predictions [27]. SHAP assigns a contribution value to each feature for an individual prediction.

The model output can be represented as:

fx) = 9o + Zj g )

where f(x) is the model prediction for a compound, g is the expected model output and y; represents the contribution of
feature j.

Global SHAP analysis was used to identify the molecular features that had the greatest overall influence on antibacterial activity
prediction. SHAP summary and dependence analyses were used to examine the direction and magnitude of feature

contributions.

Local SHAP explanations were additionally generated for selected compounds to determine why individual natural products
were predicted as active or inactive. This provided an interpretable layer to the predictive modelling rather than relying only on

numerical performance measures.
3.10 Candidate Prioritization

The best-performing model was subsequently used to estimate the probability of antibacterial activity for compounds in the
dataset. Natural products with high predicted activity probabilities were ranked for computational prioritization.

The ranking was based on the predicted probability generated by the selected model. High-confidence compounds were
considered potential candidates for further biological investigation. These predictions represent computational prioritization

and do not constitute experimental confirmation of antibacterial activity.

The complete workflow of the study is summarized in Figure 1. The analysis begins with the extraction of antibacterial activity
data from NPASS 3.0, followed by data cleaning, bacterial taxonomic filtering, MIC unit conversion, and activity classification.
An operational MIC threshold of <8 pg/mL was used to classify compounds as active, while compounds with higher MIC
values were classified as inactive. Compounds with conflicting or ambiguous activity assignments were excluded to obtain a
high-confidence dataset. Valid molecular structures were then used to calculate ten molecular descriptors and generate 2048-
bit Morgan fingerprints. These features were combined and used for machine-learning analysis.

The final dataset was divided into training and independent test sets using an 80:20 stratified split, and the training data were
evaluated using five-fold stratified cross-validation. Logistic Regression, Support Vector Machine, Random Forest, and
XGBoost models were trained and compared using accuracy, precision, recall, F1-score, ROC-AUC, PR-AUC, and MCC. The
independent test set was subsequently used for final performance assessment. Based on the comparative results, XGBoost was

selected for SHAP-based interpretation to examine the molecular features contributing to its predictions. Finally, compounds
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with high predicted probabilities of antibacterial activity were ranked for computational prioritization and further investigation.
This workflow provides a systematic connection between natural-product activity data, molecular characteristics, predictive
modelling, and interpretable candidate selection.

The workflow also ensures that the same data-processing and evaluation procedure is followed for all models, making the
comparison more consistent. The final interpretation helps to understand not only which compounds are predicted to be active,
but also which molecular features contribute to these predictions. This provides a simple and transparent computational

approach for supporting the selection of natural products for further antibacterial studies.
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Fig 1. Overall workflow of the proposed machine-learning framework for antibacterial activity prediction and explainability
analysis of natural products using NPASS 3.0 data.

4. RESULTS AND DISCUSSION
4.1 Dataset Characteristics and Molecular Feature Generation

The processed NPASS 3.0 activity data yielded 83,278 bacterial MIC records corresponding to 4,295 natural products. After
conversion of compatible MIC measurements to ng/mlL, 82,643 records wete available for activity classification. An operational
MIC threshold of <8 pg/mL was used to define an active obsetvation, wheteas values above 8 ng/mL were classified as inactive.
Ambiguous and conflicting compound-level observations were excluded to obtain a high-confidence classification set. This
resulted in 3,131 compounds, comprising 624 active and 2,507 inactive compounds. One compound with an invalid molecular
structure was removed during molecular feature generation, leaving 3,130 compounds for machine-learning analysis. A
summary of the dataset filtering, activity classification and final compound composition is presented in Table 1 below. The
final modeling dataset contained 624 active compounds (19.94%) and 2,506 inactive compounds (80.06%). Thus, the dataset
was imbalanced toward the inactive class. This imbalance was considered during model development by stratifying the train-
test split and using class weighting for the relevant classifiers. Ten molecular descriptors were combined with 2,048-bit Morgan
fingerprints, giving 2,058 input features per compound. The molecular descriptors included molecular weight, LogP, TPSA,
hydrogen-bond donors, hydrogen-bond acceptors, rotatable bonds, ring count, aromatic ring count, fraction sp3 and heavy
atom count.
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Table 1. Summary of the final dataset and moleculat representation used for machine-learning analysis.

Dataset characteristic \Value
Bacterial MIC records after taxonomic filtering 83,278
[Usable MIC records after unit conversion 82,643
Natural products before high-confidence labeling 4,295
High-confidence compounds after labeling 3,131

Final compounds after structure validation 3,130

|Active compounds 624 (19.94%)
Inactive compounds 2,506 (80.06%)
Molecular descriptors 10

Morgan fingerprint length 2,048 bits
Total model features 2,058

3.2 Comparative Performance of Machine-Learning Models

Four classification algorithms—ILogistic Regression (LR), Random Forest (RF), Support Vector Machine (SVM) and
XGBoost—were evaluated using stratified five-fold cross-validation. The training set contained 2,504 compounds (499 active
and 2,005 inactive), while 626 compounds (125 active and 501 inactive) were retained as an independent test set. No compounds
from the independent test set were used during cross-validation or model fitting. The cross-validation results showed a clear
advantage for the tree-based approaches. Random Forest achieved the highest mean accuracy (0.8674), precision (0.7825),
ROC-AUC (0.8713) and PR-AUC (0.7018). XGBoost produced the highest mean recall (0.6071), F1-score (0.6271) and MCC
(0.5401). Logistic Regression had the lowest ROC-AUC (0.7694) and PR-AUC (0.5461), while SVM showed intermediate
performance. The difference between RF and XGBoost is important because it reflects two different performance priorities:
RF was stronger in overall discrimination and precision, whereas XGBoost was better at recovering active compounds.

Table 2: Five-fold cross-validation performance of the four machine-learning models.

Model Accuracy Precision Recall F1 ROC- PR-AUC | MCC
AUC

Logistic 0.7899 0.4813 0.5992 0.5320 0.7694 0.5461 0.4044
Regression

Random 0.8674 0.7825 0.4689 0.5845 0.8713 0.7018 0.5364
Forest

SVM 0.8586 0.7137 0.4909 0.5804 0.8470 0.6557 0.5123
XGBoost 0.8558 0.6534 0.6071 0.6271 0.8492 0.6829 0.5401

3.3 Independent Test-Set Evaluation

The independent test set was used to assess how well the models generalized to compounds that were not used during training.
The results broadly followed the cross-validation pattern, although the absolute values changed slightly, as expected for an
independent sample. The complete independent test-set performance of the four machine-learning models is presented in Table
3 below. Random Forest achieved the highest test accuracy (0.8530), precision (0.6701), ROC-AUC (0.8698) and PR-AUC
(0.6967), whereas XGBoost achieved the highest recall (0.6320), F1-score (0.6245) and MCC (0.5295).

The confusion matrices shown in Figure 2 provide a clearer view of the differences in classification performance among the
four models. Random Forest correctly identified 469 of 501 inactive compounds and 65 of 125 active compounds, producing
32 false positives and 60 false negatives. XGBoost correctly identified 452 inactive compounds and 79 active compounds, with
49 false positives and 46 false negatives.
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Therefore, XGBoost recovered 14 additional active compounds compared with Random Forest, while accepting 17 additional
false-positive predictions. This trade-off explains why Random Forest achieved higher precision, whereas XGBoost showed
higher recall and F1-score. The difference in these predictions was also important for selecting XGBoost for the subsequent

SHAP-based interpretation and candidate prioritization analysis.

Table 3: Independent test-set performance of the four machine-learning models.

Model Accuracy Precision Recall F1 ROC- PR-AUC | MCC
AUC
Logistic 0.7939 0.4877 0.6320 0.5505 0.7653 0.5443 0.4256
Regression
Random 0.8530 0.6701 0.5200 0.5856 0.8698 0.6967 0.5039
Forest
SVM 0.8419 0.6204 0.5360 0.5751 0.8297 0.6252 0.4805
XGBoost 0.8482 0.6172 0.6320 0.6245 0.8569 0.6921 0.5295
Logistic Regression Random Forest
Inactive (0) Inactive (0)
w w
L L
o (&)
™ ™
2 2
< <
Active (1) Active (1)
Inactive (0) Active (1) Inactive (0) Active (1)
Predicted class Predicted class
SVM XGBoost
Inactive (0) Inactive (0)
o v
I ©
2 2
& <
Active (1) Active (1)

Active (1)
Predicted class

Inactive (0)

Active (1)
Predicted class

Inactive (0)

Fig 2: Confusion matrices for the four machine-learning models on the independent test set.

For antibacterial candidate prioritization, this distinction is relevant. A model that is too conservative may miss active natural

products, while a model with higher sensitivity may return additional candidates for subsequent experimental screening. On
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this basis, XGBoost was selected for the explainability analysis, while Random Forest was retained as the strongest comparator

in terms of overall discrimination.
3.4 ROC and Precision—Recall Analysis

The ROC analysis confirmed good discrimination across the evaluated models. The receiver operating characteristic curves
for the four machine-learning models on the independent test set are shown in Figure 4. Random Forest produced the
highest ROC-AUC (0.8698), followed by XGBoost (0.8569), SVM (0.8297), and Logistic Regression (0.7653). The relatively
close ROC-AUC values of Random Forest and XGBoost indicate that both models provided strong discrimination between
active and inactive natural products. Overall, the ROC results support the suitability of the tree-based models for capturing the
complex relationships between molecular representations and antibacterial activity.

feceiver Operating Characteristic Curves
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Fig 3: Receiver operating characteristic curves of the four machine-learning models evaluated on the independent test set.

Because active compounds represented only 19.94% of the final dataset, the precision—recall analysis provides an important
complementary measure. The precision—recall curves of the four machine-learning models evaluated on the independent test
set are shown in Figure 4. Random Forest achieved a PR-AUC of 0.6967, while XGBoost achieved 0.6921, with both values
substantially above the test-set prevalence baseline of 0.200. SVM and Logistic Regression produced lower PR-AUC values of
0.6252 and 0.5443, respectively. The PR results therefore support the stronger performance of the two tree-based models under
class imbalance. The higher PR-AUC values also indicate that Random Forest and XGBoost maintained a better balance

between identifying active compounds and limiting false-positive predictions.

Precsion-Recall Curves

w— LOQISHIC Pagresson (FRAUC = 0544

~ HMandam Farest (PR-ALUC » 08471
SVM ( " 002
Vg g 7 ' ot (PR-A 0092

ool

Fig 4: Precision—recall cutves of the four machine-learning models on the independent test set. The dashed line represents

the active-class prevalence baseline.
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3.5 SHAP-Based Interpretation of the XGBoost Model

SHAP analysis was applied to the XGBoost model to examine how individual features contributed to its predictions. The
analysis was performed on the independent test set containing 626 compounds. The global SHAP analysis showed that several
Morgan fingerprint features had the highest overall contributions, including Morgan_314, Morgan_1602, Morgan_1162,
Morgan_745 and Morgan_1292. Among the conventional molecular descriptors, LogP showed the highest overall contribution,
followed by Fraction_sp3 and Molecular_Weight. TPSA, hydrogen-bond acceptors, hydrogen-bond donors, ring count and
rotatable bonds also contributed to the model predictions.

The presence of several Morgan fingerprint features among the leading variables indicates that the XGBoost model relied on
local structural patterns in addition to global physicochemical properties. This is useful for natural products because their
structures can be chemically diverse, and fingerprint features can capture structural patterns that may not be represented by
individual molecular descriptors. The combination of molecular descriptors and Morgan fingerprints therefore provided the
model with both general physicochemical information and structural information.

SHAP Summary Plot for XGBoost .
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Fig 5: SHAP summary plot showing the most influential features contributing to XGBoost predictions on the independent
test set.

The SHAP distribution also provides information about the direction of each feature's contribution. Positive SHAP values push
a prediction toward the active class, whereas negative SHAP values push it toward the inactive class. For example, LogP showed
contributions in both positive and negative directions, indicating that its effect varied across compounds rather than consistently
increasing or decreasing the predicted antibacterial activity. Similarly, the contribution of individual Morgan fingerprint features
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depended on the molecular context in which they occurred. Therefore, the SHAP results should be interpreted as model-level
associations rather than evidence that a particular descriptor or fingerprint feature directly causes antibacterial activity.

3.6 Individual Compound Interpretation and Candidate Priotitization

To demonstrate the practical application of the model, predicted probabilities were examined for compounds in the
independent test set. The highest predicted probability was obtained for NPC486941 (0.9941), followed by NPC486934
(0.9926), NPC486936 (0.9924), NPC486938 (0.9923), NPC486948 (0.9922) and NPC486944 (0.99006). All ten compounds listed
in Table 4 had an observed active class in the NPASS-derived dataset. These compounds were therefore considered high-
confidence computationally prioritized natural products based on their predicted probabilities and observed activity labels.

For NPC486941, the strongest positive SHAP contributions were Morgan_1810 (1.2669), Morgan_1009 (0.7852), Morgan_448
(0.7622), Morgan_1292 (0.4280) and Morgan_627 (0.3763). The strongest negative contributions were Morgan_1399 (=0.1913),
TPSA (—0.0727), Morgan_1017 (—0.0711) and Morgan_1602 (—0.0705). Thus, the final prediction reflects the combined
contribution of multiple structural features rather than a single descriptor. The SHAP values also help explain why a compound

can receive a high predicted probability even when some individual features contribute in the negative direction.

The ranking of the compounds was based on the predicted probability generated by the final XGBoost model. NPC486941
showed the highest probability among the evaluated test compounds, indicating that the molecular representation of this
compound was strongly associated with the active class according to the trained model. The remaining compounds in Table 4
also showed high predicted probabilities, suggesting that they may be useful for further computational or experimental

investigation.

Importantly, these compounds should be considered model-prioritized natural products rather than newly discovered
antibacterial compounds. Their prioritization is based on the learned patterns in the NPASS-derived dataset and does not by
itself provide experimental confirmation of antibacterial activity. The combination of predicted probability and individual SHAP

contributions provides an interpretable way to identify compounds that can be considered for subsequent biological evaluation.

Table 4: High-confidence natural products prioritized by the XGBoost model from the independent test set.

Rank NP ID Observed class Predicted probability
1 NPC486941 Active 0.9941
2 NPC486934 Active 0.9926
3 NPC486936 Active 0.9924
4 NPC486938 Active 0.9923
5 NPC486948 Active 0.9922
6 NPC486944 Active 0.9906
7 NPC20175 Active 0.9714
8 NPC244994 Active 0.9663
9 NPC119225 Active 0.9478
10 NPC66699 Active 0.9419

3.7 Discussion

The present results show that antibacterial activity classification of natural products can be approached effectively using a
combination of molecular descriptors and Morgan fingerprints. The performance differences among the models suggest that
nonlinear relationships within the chemical feature space are important. Logistic Regression provided a useful linear baseline
but showed lower discrimination than the tree-based approaches. SVM improved upon the linear model, whereas Random
Forest and XGBoost provided the strongest overall performance.
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Random Forest consistently produced the highest ROC-AUC and PR-AUC, indicating strong discrimination and ranking
ability. Its higher precision also resulted from fewer false-positive predictions on the independent test set. XGBoost, however,
identified more active compounds and achieved higher recall, F1-score and MCC. This behavior is relevant to natural-product
screening, where the objective is often to prioritize promising compounds for additional investigation rather than to minimize
the number of computational candidates at all costs. The agreement between cross-validation and independent test results
provides additional confidence in the model evaluation. For example, the RFE ROC-AUC changed only slightly from 0.8713
during cross-validation to 0.8698 on the independent test set, while XGBoost changed from 0.8492 to 0.8569. The preservation
of performance across these two evaluation settings suggests that the models were not dependent on a single favorable training
split. Nevertheless, the dataset is structurally diverse and class imbalanced, and the present evaluation should be interpreted
within the scope of the NPASS-derived dataset.

The SHAP analysis adds an interpretability layer that is not available from predictive performance metrics alone. LogP,
Fraction_sp3 and Molecular_Weight were the leading conventional descriptors, while several Morgan fingerprint features were
also highly influential. This combination suggests that both broad physicochemical properties and local structural patterns
contributed to the model decisions. Importantly, SHAP identifies features used by the predictive model and does not establish

a direct mechanistic or causal relationship with antibacterial activity.

The prioritized compounds should therefore be regarded as computationally prioritized natural products for further study,
rather than as newly discovered antibacterial agents. Since the candidates were selected from the NPASS-derived test set, their
ranking demonstrates the ability of the model to assign high activity probabilities to compounds with known active labels in

the analyzed dataset. Future experimental studies would be required to confirm activity under standardized assay conditions.
3.8 Summary of the Main Findings

Opverall, the final 3,130-compound dataset supported reproducible comparison of four machine-learning algorithms using an
independent test set. Random Forest showed the strongest overall discrimination, whereas XGBoost provided the strongest
active-class detection at the selected decision threshold and was therefore used for SHAP interpretation. The SHAP results
identified LogP and Fraction_sp3 as important conventional descriptors and showed substantial contributions from Morgan
fingerprint features. Together, the predictive and explainability results support the use of the proposed framework for

computational prioritization of natural products for antibacterial research.
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