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Predicting corrosion inhibition efficiency IE (%) is often hindered by small,
heterogeneous datasets. This study proposes a Gaussian mixture—based data
augmentation pipeline to strengthen QSAR generalization under data scarcity. A
curated set of 70 drug-like compounds with 14 physicochemical and quantum
descriptors was cleaned, split 90/10 (train/test), and transformed using a Quantile
Transformer followed by a Robust Scaler. A Gaussian Mixture model (GMM) with
2-5 components selected by the variational lower bound was fitted to the
transformed training features and used to generate up to 2,500 synthetic samples.
Eight regressors (Gaussian Process, Decision Tree, Random Forest, Bagging,
Gradient Boosting, Extra Trees, SVR, and KNN) were evaluated on the held-out test
set using R2 and RMSE. Augmentation improved performance across several
families: for example, Gaussian Process R2 improved from —1.54 to 0.54 (RMSE
11.71 to 5.01) and Decision Tree R2 from —0.33 to 0.63 (RMSE 8.48 to 4.44),
Bagging and Random Forest showed R2 increases of 0.67 and 0.40, respectively.

The optimal synthetic size varied by model.

This is an open access article under the CC-BY-SA license.

I. INTRODUCTION

Corrosion is the progressive physicochemical degradation
of materials caused by interactions with the surrounding
environment, leading to safety incidents, operational
downtime, and substantial environmental and economic
burdens across energy, manufacturing, and chemical-
processing sectors. Global estimates by NACE place the
annual cost of corrosion at USD 2.5 trillion (3.4% of global
GDP), underscoring that mitigation is not only a technical
necessity but also a strategic lever for sustainability and
operational resilience [1].

Organic corrosion inhibitors are widely used due to their
cost-effectiveness, but measuring inhibition efficiency (IE%)
is labour-intensive, producing small and heterogeneous
datasets that increase overfitting risk and weaken external
validity QSAR models are especially vulnerable to this small-
data bias, where limited samples and high-dimensional
descriptors yield unstable estimators and poor generalization
across chemical domains. Recent reviews recommend

strategies such as transfer learning, multitask frameworks,
and generative augmentation to mitigate these challenges in
cheminformatics and materials informatics [2], [3], [4].

Data augmentation is a natural response to small-data
regression, but widely used oversampling methods such as
SMOTE were designed for classification and do not directly
respect the continuity of regression targets like IE (%). Even
regression-oriented variants (e.g., G-SMOTE-R) can be
highly sensitive to data/model characteristics, and without
careful calibration they may distort the target distribution and
disrupt feature target covariance. Similarly, deep generative
approaches such as CTGAN often suffer from instability and
mode collapse when applied to small tabular datasets, limiting
their reliability for QSAR tasks [5], [6].

Probabilistic generative modeling offers a more principled
alternative. Gaussian Mixture Models (GMMs) and their
Bayesian variants explicitly capture multimodal joint
distributions and latent covariance structures, enabling the
synthesis of statistically coherent samples that preserve
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correlations among molecular descriptors an essential
property for corrosion QSAR modeling. The efficacy of
GMM/BGMM-based synthesis has been demonstrated in
small-data biomedical applications under stringent quality
evaluation, supporting downstream predictive modeling [7],
[8].

Evidence specific to corrosion inhibitors supports this
direction. Rustad et al. proposed a GMM-based virtual sample
generation (GMM-VSG) framework and reported substantial
gains on multiple small corrosion datasets, with R? values up
to 0.99 and marked RMSE reductions [9]. Likewise, Akrom,
Rustad, and colleagues showed that augmenting triazole-
based inhibitor datasets with GMM-VSG improved Random
Forest performance from R? = 0.80 to 0.99 while reducing
RMSE from 9.87 to 0.22, comparable improvements were
observed for kernel-based models [10]. These findings
suggest that mixture-based augmentation can expand
statistical support around the empirical data manifold while
preserving distributional fidelity.

This study investigates Gaussian-mixture-based data
augmentation to enhance predictive modeling of corrosion
inhibition efficiency. We hypothesize that augmenting
training data with GMM-generated samples constrained to the
domain of the original data and wvalidated statistically
improves generalization relative to training on original data
alone. We evaluate performance (R%, RMSE) across multiple
ML model.

II. METHOD

Figure 1 presents the workflow of the proposed pipeline for
improving corrosion inhibition efficiency IE (%) prediction
using Gaussian mixture—based data augmentation.
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Figure 1 Workflow of the proposed GMM based data augmentation
framework for QSAR modelling

A. Dataset

The dataset used in this study was obtained from [11],
comprising 70 organic corrosion inhibitors derived from
drug-like compounds. These molecules primarily include
heterocyclic scaffolds, triazole derivatives, imidazole-based
systems, and substituted aromatic frameworks, which are
known to exhibit corrosion inhibition activity.

Each record in the dataset consists of a target value
corrosion inhibition efficiency IE (%) along with 14
molecular descriptors capturing physicochemical and
quantum-mechanical properties. These descriptors include
features such as atomic partial charges, polarizability,
HOMO-LUMO energy gap, and molecular surface area

B. Data Preprocessing

Prior to modeling and augmentation, the dataset was
subjected to a structured preprocessing phase to enhance data
quality and consistency. Two primary operations were
applied. First, all instances containing missing values in any
descriptor or target field were removed. Handling missing
values through deletion is considered appropriate when their
frequency is low and the dataset remains sufficiently
representative, particularly in QSAR studies where
imputation can introduce artificial bias [12].

Second, duplicate entries defined as compounds with
identical molecular descriptors and inhibition efficiency IE
(%) were identified and eliminated. The presence of
duplicates can skew learning algorithms by overrepresenting
specific chemical patterns and falsely inflating performance
metrics [13], [14].

C. Data Splitting

Following preprocessing, the cleaned dataset was
partitioned into training and test sets to facilitate supervised
learning and assess the generalization ability of machine
learning models. Given the relatively small size of the dataset
(70 compounds), a 90:10 train—test split was adopted. This
allocation ensures that the training set retains sufficient
statistical diversity for model fitting, while the test set remains
untouched to provide an unbiased estimate of predictive
performance [15]. Using a higher proportion of training data
is particularly advantageous in low-sample QSAR studies, as
smaller test sets may produce unreliable or unstable validation
metrics [16].

D. Feature Transformation

To improve model convergence and ensure consistent
input scales, all numerical features were transformed using a
two-stage process combining distribution normalization and
outlier robustness. In the first stage, a Quantile Transformer
with output distribution set to ‘normal' was applied. This non-
parametric method reshapes the empirical distribution of each
feature to approximate a standard normal distribution,
effectively reducing skewness and aligning feature properties
with the assumptions of many machine learning algorithms,
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particularly Gaussian Process Regression and kernel-based
models [17], [18].

In the second stage, the transformed features were scaled
using a Robust Scaler, which centers data on the median and
scales it according to the interquartile range (IQR). This
approach is less sensitive to outliers than standard z-score
normalization, making it more appropriate for molecular
descriptors that may include extreme values due to
conformational or electronic variations [19].

To prevent information leakage, both the Quantile
Transformer and Robust Scaler were fitted only on the
training set and subsequently applied to both training and test
data. This ensures that statistical parameters from the test set
are not inadvertently introduced into the model during
training, thus preserving the integrity of the external
evaluation [20].

E. GMM-Based Augmentation

To enhance predictive performance in low-data regimes,
we employed a generative data augmentation strategy based
on GMM. This approach synthesizes statistically plausible
samples by modeling the joint distribution of molecular
descriptors in a multivariate, probabilistic framework [21].

The augmentation pipeline followed a four-step process.
First, the GMM was trained on the transformed training set
features (after Quantile and Robust scaling). The model was
initialized with random_state = 42 to ensure reproducibility,
and the covariance type was set to “fied” so that all mixture
components shared the same covariance structure. The
number of mixture components was tuned in the range of 2 to
5, with the optimal configuration selected using the
variational lower bound criterion to balance model
complexity and log-likelihood [22].

Second, synthetic samples were drawn from the fitted
GMM. For each generated sample, individual features were
clipped to the range of the original training data to ensure
domain validity and prevent unrealistic molecular descriptor
values.

Third, since GMM only models the input features, a
surrogate regressor was employed to assign inhibition
efficiency IE (%) values to the generated samples. We
selected a Gradient Boosting Regressor (GBR) with
hyperparameters tuned via GridSearchCV and 3-fold cross-
validation. The parameter grid included n_estimators {50,
100}, max_depth {3, 5}, and learning_rate {0.05, 0.1}, with
the best configuration selected based on R? performance..The
use of surrogate labeling allows regression-compatible
augmentation without violating the statistical properties of the
original label space [23].

Fourth, labeled synthetic samples were combined with the
original training data to form an expanded dataset. Multiple
augmentation sizes were explored (e.g., 50, 100, 500, 1000,
2500 synthetic samples) to assess sensitivity and saturation
effects in downstream model performance.

The rationale for adopting GMM over deterministic or
rule-based augmentation lies in its superior ability to preserve

local density, inter-feature covariance, and multimodal
structures, which are frequently observed in chemical
descriptor datasets.

F. Machine Learning Models

This study applied a diverse set of regression models to
assess whether the benefits of GMM-based augmentation
generalized across different machine learning paradigms. The
models covered ensemble methods, kernel-based learners,
instance-based approaches, and probabilistic techniques each
offering distinct inductive biases relevant to cheminformatics.

Ensemble models, including Random Forest, Gradient
Boosting, Extra Trees, and Bagging Regressor, were selected
for their proven ability to capture non-linear patterns and
manage high-dimensional descriptors. While Random Forest
and Extra Trees reduce variance through averaging, Gradient
Boosting incrementally improves predictions by correcting
residuals, and Bagging enhances stability via bootstrap
aggregation [24].

Support Vector Regression (SVR) and Gaussian Process
Regression (GPR) were chosen to capture non-linear
dependencies and uncertainty, respectively. SVR leverages
kernel functions for flexible fitting, while GPR models
outputs probabilistically, benefiting from Gaussian-
distributed features [25].

To complete the comparative framework, k-Nearest
Neighbors (KNN) was included for its local instance-based
reasoning, and a Decision Tree Regressor served as a baseline
due to its simplicity and interpretability under both original
and augmented settings

G. Evaluate

To ensure an accurate and comprehensive assessment of
the model performance, this study employed two widely
accepted regression metrics: the coefficient of determination
(R?) and the root mean squared error (RMSE). These metrics
jointly quantify the proportion of variance explained and the
average prediction error in the same unit as the target variable
[26].

The R? score evaluates the proportion of the total variance
in the observed data that is captured by the model’s
predictions. It is mathematically defined as:

Z?zl(}’i - f’i)z

1
i (i = ¥)? @

R2=1-

Where:

y; : Actual observed values

¥; : Model predicted values

¥ : Mean of actual observed values
n : Number of observations

RMSE is used to quantify the average prediction error
magnitude. It penalizes large deviations more heavily due to
the squaring of differences, making it sensitive to outliers.
RMSE is defined as:
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Where the variables are as previously defined. RMSE
retains the unit of the target variable (IE%), thus making
interpretation straightforward. A lower RMSE indicates a
model whose predictions are closer to actual values.

III. RESULT AND DISCUSSION

A. Visualization Validation of Augmentation

Validation of the quality of the augmented data is done by
applying the Principal Component Analysis (PCA) dimension
reduction technique. The main purpose of this process is to
evaluate the extent to which the synthetic data generated
through the GMM is able to represent the multivariate
distribution structure of the original data. By reducing the
dimensionality of the features to two principal components, it
is possible to visualize high dimensional data in a two-
dimensional form without losing too much important
information contained in the variance of the data.

Figure 2 presents a scatter plot of the results of the PCA
projection of the two principal components. In this
visualization, the original data is represented by blue dots,
while the synthetic data is shown with red dots. As seen in the
graph, the distribution between the two types of data appears
homogeneous and overlaps without forming visually separate
clusters. This similar distribution pattern indicates that the
virtual data not only mimics the univariate values of the
original data, but also manages to capture more complex
multivariate structures, including the correlation between
features and the spatial distribution within the reduced feature
space.

Distribution of Molecular Weight (g/mol)
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Figure 2 PCA projection showing the overlap between original and GMM
augmented datasets

The lack of cluster separation between the original and
virtual data is a strong indicator that the augmentation process
performed by GMM has been effective and has successfully
retained the important statistical properties of the original
data. This is very important in the context of predictive
modelling, as the existence of a uniform data distribution
between the original and virtual data can help avoid model
bias and improve generalizability. In other words, the
augmented data can be functionally treated as a valid
representation of the original data, both in the process of
model training and predictive performance evaluation.

To evaluate the effectiveness of the data augmentation
process using the GMM, a univariate distribution analysis of
several important features was conducted, both before and
after the augmentation process. Visualization was done using
an overlay histogram depicting the distribution of the original
data (purple) and the augmented data (yellow), as shown in
Figure 3. The features analyzed include molecular weight
(g/mol), pKa, Log P, and Log S, which have an important role
in influencing the efficiency of compounds as corrosion
inhibitors.
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Figure 3 Overlay histograms of original and synthetic data for key molecular descriptors.

The Molecular Weight distribution in the top left figure
shows that the augmented data is able to follow the
distribution pattern of the original data quite well. The peaks

of the distribution are around similar mean values, and the
shape of the distribution tends to be symmetrical and
resembles a normal distribution. This indicates that GMM
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successfully preserves the basic statistical characteristics of
this feature, including the center of distribution (mean) and
dispersion (standard deviation).

Furthermore, the pKa feature demonstrated a relatively
similar distribution pattern between the original and virtual
datasets, with minimal differences observed in the
distribution tails. The peaks of the distribution remained
approximately at the same value, indicating that the
augmentation did not result in a significant shift in the
distribution. This observation is crucial, given that the pKa
value is associated with the ionization ability of the
compound, which is a critical parameter in the chemical
activity of inhibitor molecules.

For the Log P feature, which describes the lipophilicity of
the compound, the augmented distribution also follows the
shape of the original data distribution well. The histogram
shows that the GMM is able to produce a balanced variation
of values between the right and left of the center point of the
distribution, showing similarity in shape and distribution of
values. The ability to maintain the Log P distribution is
important in the context of molecular transport and
permeability to the metal surface.

Finally, the Log S or solubility distribution of the
compound also shows a good fit between the real and virtual
data. Although there is a slight difference in the density of
values around the peak of the distribution, the overall shape
still resembles the original distribution, showing that the
augmentation does not cause a large deviation from the
original univariate structure.

B. Sensitivity Analysis to Augmentation Size

The model performance was evaluated by comparing two
primary metrics: the coefficient of determination (R?) and the
Root Mean Square Error (RMSE). This comparison was
performed across eight machine learning algorithms:
Gaussian Process (GP), Decision Tree (DT), Bagging
Regressor (bagging), Random Forest (RF), Extra Trees (ET),
Support Vector Regression (SVR), K-Nearest Neighbors
(KNN), and Gradient Boosting (GB). The analysis was
performed under two conditions: prior to and following data

Perfomance R? with VSG (GMM)

1000 1500
Number of Virtual Samples

2000 2500

—e— Random Forest .
Gradient Boosting \

—&— Extra Trees

-+ Bagging

—&— SVR

—— KNN
Decision Tree

#— Gaussian Process

augmentation using the GMM based Virtual Sample
Generation method. The objective of this evaluation was to
ascertain the degree to which the augmentation method
enhanced the generalization capacity and predictive accuracy
of each model

Figure 4 illustrates the dynamics of the R* and RMSE
values as the number of virtual samples increases from 0 to
2500. The R? curve (left) indicates that most models exhibit a
pronounced increase within the range of 0 1000 samples,
followed by a tendency to stabilize or decline beyond 1500 or
2000 samples. For instance, the Gaussian Process and KNN
models demonstrated a threshold beyond which the addition
of synthetic samples ceased to enhance performance and may
even have resulted in a decline, potentially due to overfitting
to synthetic data that did not adequately capture the natural
variability of the original dataset. In contrast, models such as
Decision Tree and Gradient Boosting continue to show an
upward trend in performance up to 2500 samples, reflecting
their ability to leverage data diversity in a more adaptable and
sustainable manner.

In the RMSE graph (right), it can be seen that the sharpest
pattern of error reduction occurs in the range of 0 1000
samples, indicating that most of the benefits of augmentation
are obtained in the early stage of data addition. Thereafter, the
RMSE tended to stagnate or slightly increase, indicating that
the marginal benefit of data augmentation diminished as the
maximum model capacity was approached

C. Model Performance Before and After GMM
Augmentation

Table 1 presents the coefficient of determination (R?) for
eight machine learning models before and after applying
GMM based data augmentation Notably, all models exhibited
an increase in R? indicating a substantial improvement in
their capacity to explain variance in the corrosion inhibition
efficiency IE (%) after augmentation.

Perfomance RMSE with VSG (GMM)

RMSE
@

1000 1500
Number of Virtual Samples

Figure 4 Model performance trends (R?> and RMSE) as a function of augmented sample size.
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The Gaussian Process Regressor (GP) showed the most
significant gain, with R? increasing from —1.54 to 0.54,
yielding an absolute improvement of +2.08, suggesting that
GMM augmentation is particularly beneficial for probabilistic
models with strong distributional assumptions. Decision Tree
(DT) and Bagging Regressor (BG) also experienced
meaningful improvements of +0.97 and +0.67, respectively.

Among ensemble models, Random Forest (RF) and Extra
Trees (ET) improved by +0.40 and +0.28, respectively,
highlighting their responsiveness to richer training
distributions. Although Gradient Boosting (GB) and k-
Nearest Neighbors (KNN) saw smaller improvements (+0.10
and +0.18), the gains still confirm the general efficacy of
synthetic sample augmentation in low-sample QSAR tasks.

TABLE 1 R? PERFORMANCE BEFORE AND AFTER AUGMENTATION

R? R? R Optimal

Model . Sample
before after | improvement Size
GP -1.54 0.54 2.08 1000
DT -0.33 0.63 0.97 2500
Bagging -0.08 0.59 0.67 1000
RF 0.23 0.63 0.40 1000
ET 0.21 0.49 0.28 1500
SVR -0.01 0.21 0.22 2000
KNN -0.03 0.15 0.18 1000
GBR 0.47 0.58 0.10 2500

Table 2 shows the Root Mean Square Error (RMSE) for the
same models before and after data augmentation. Consistent
with the R? analysis, all models demonstrated a decrease in
RMSE, confirming better predictive accuracy with the
inclusion of augmented data.

Once again, Gaussian Process (GP) led the improvements
with an RMSE reduction from 11.71 to 5.01, representing a —
6.70 decrease, the highest among all models. This reinforces
the finding that GP models when aligned with normalized
Gaussian-like features benefit significantly from GMM-based
data synthesis.

Other notable reductions were observed in Decision Tree
(—4.04) and Bagging (-2.93), suggesting that non-parametric
and ensemble learners can also harness benefits from
synthetic population expansion. While RMSE reductions
were modest for SVR (-0.83), KNN (-0.68), and Gradient
Boosting (—0.56), they still reflect enhanced precision,
particularly in high-variance prediction scenarios.

Interestingly, models such as Random Forest and Extra
Trees, despite already having relatively low RMSE prior to
augmentation, still improved further with —1.96 and —1.28
reductions, demonstrating that even strong learners can
benefit from well-structured data augmentation.

TABLE 2 RMSE PERFORMANCE BEFORE AND AFTER AUGMENTATION

RMSE | RMSE RMsg | Optimal

Model . Sample
before after improvement Size
GP 11.71 5.01 6.70 1000
DT 8.48 4.44 4.04 2500
Bagging 7.64 4.70 2.93 1000
RF 6.45 4.49 1.96 1000
ET 6.54 5.26 1.28 1500
SVR 7.37 6.53 0.83 2000
KNN 7.45 6.77 0.68 1000
GBR 5.33 4.77 0.56 2500

The results validate that GMM-based augmentation
successfully enhances the generalization performance of
diverse learning algorithms, particularly those sensitive to
sample diversity and data distribution.

D. Model-Agnostic Effects of GMM-Augmented Data

This study aimed to evaluate the effectiveness of GMM
based data augmentation in enhancing predictive performance
across various machine learning models in a model-agnostic
fashion. To illustrate this, we focused on three representative
algorithms Gaussian Process Regression (GPR), Decision
Tree Regressor (DT), and Bagging Regressor each belonging
to a distinct learning paradigm: probabilistic, interpretable
rule-based, and ensemble-based, respectively.

These models were intentionally selected for visualization
and deeper analysis due to their contrasting behavior under
data-scarce conditions and their varied sensitivity to data
distribution, sample diversity, and overfitting. GPR is known
for its reliance on smooth Gaussian-like feature distributions
and performs poorly with skewed or sparse data. In contrast,
DTs are highly interpretable but prone to overfitting in small
datasets, while Bagging Regressors benefit from sample
diversity and provide insight into ensemble behavior under
data augmentation
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Figure 5 Performance of Gaussian Process model before and after augmentation

As shown in Figure 5, GPR performed poorly prior to
augmentation, with an R? value of —1.541 and an RMSE of
11.711. These metrics indicate that the model not only failed
to capture the underlying structure of the inhibition efficiency
(IE) data but also produced predictions that deviated
significantly from actual values, especially on the held-out
test set. This can be attributed to the model’s strong
dependence on the smoothness and Gaussianity of input
feature distributions conditions that are often violated in
small, noisy QSAR datasets.

After augmenting the training set with 1000 synthetic
samples generated from the Bayesian GMM, the model's
performance improved substantially. The R? increased to
0.535 and RMSE dropped to 5.009. As seen in the right panel
of Figure 6, the predicted IE values aligned more closely with
the ideal line, both for training and testing points. The
improvement suggests that the virtual samples helped
reinforce the covariance structure of the feature space and
allowed the Gaussian kernel to better approximate the
functional relationship between molecular descriptors and
1E(%)

Decision Tree - Before Augmentation

Figure 6 depicts the performance of the Decision Tree
Regressor before and after augmentation. Initially, DT
achieved an R? of —0.33 and an RMSE of 8.448. The
visualization shows severe overfitting: predictions on the
training data were nearly perfect, while predictions on the test
set were erratic and scattered far from the ideal line. This
behavior is expected in small-sample regression tasks where
trees create overly specific partitions that do not generalize
well to unseen data.

With the addition of 2500 virtual samples, the model's
generalization improved significantly. R? reached 0.63 and
RMSE dropped to 4.44. Notably, test predictions became
more concentrated along the ideal line, indicating better
generalization. The larger augmented dataset enabled the tree
to form deeper, more balanced partitions, capturing more
nuanced structure in the data without overfitting.

Decision Tree - After Augmentation
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Figure 6 Performance of Decision Tree model before and after augmentation
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Figure 7 Performance of Bagging Regressor before and after augmentation.
pipeline involving feature transformation,
Bagging, an ensemble of regressors trained on  validation, and cross-model evaluation, we showed that

bootstrapped subsets of the data, also demonstrated a
significant uplift in performance following GMM-based
augmentation. As shown in Figure 7, the model initially
produced weak results (R? —0.08, RMSE 7.617),
indicating that the limited size and variability of the training
set constrained the ensemble’s effectiveness. After
augmenting with 1000 synthetic samples, performance
improved markedly to R? = 0.59 and RMSE = 4.70. This
suggests that the bagging framework capitalized on the
increased variability and density introduced by the GMM-
generated data. With richer training support, the base
regressors were able to learn from more representative and
diverse samples, yielding more accurate and robust ensemble
predictions.

The pronounced improvements observed for Gaussian
Process (GP) and Decision Tree (DT) models can be
attributed to their sensitivity to distributional properties and
sample density. Gaussian processes rely on smooth,
Gaussian-like marginals, which were reinforced by the
quantile—normal transformation and further densified by
GMM augmentation. This alignment reduced posterior
variance and stabilized kernel hyperparameter estimation,
explaining the large gains observed. Decision Trees,
conversely, are prone to severe overfitting under small-
sample regimes, producing fragmentary partitions that fail to
generalize. With synthetic density added by GMM, trees were
able to form deeper yet less idiosyncratic splits, reducing
variance and markedly improving R? and RMSE.

IV. CONCLUSION

This study demonstrates that Gaussian Mixture Model
(GMM)-based data augmentation can substantially enhance
predictive modeling of corrosion inhibition efficiency (IE%)
in small, chemically diverse datasets. Through a reproducible

Bayesian GMM-generated samples consistently improved
generalization across diverse machine learning families.
Gaussian Process Regression achieved the largest gain R?
—1.54 to 0.54, RMSE 11.71 to 5.01, with comparable
improvements for Decision Tree and Bagging Regressor.
These results highlight the ability of GMM to enrich training
density while preserving descriptor covariance without
introducing distributional artifacts. Sensitivity analysis
further revealed that performance typically plateaued or
declined beyond 1500-2500 synthetic samples, underscoring
the need for careful tuning. Compared with SMOTE and
GAN-based approaches, GMM demonstrated superior
stability and statistical fidelity for tabular regression under
data scarcity.

From a chemical standpoint, the generated data should be
regarded as statistically valid but not yet chemically verified.
Although PCA projections, univariate distributions, and
statistical tests (KS, MMD, TSTR) confirmed strong overlap
with the original dataset, inhibitor design ultimately requires
domain-specific constraints such as HOMO-LUMO gaps,
polarizability, and lipophilicity, alongside experimental
validation using electrochemical impedance spectroscopy or
weight-loss assays. Accordingly, GMM-based augmentation
should be considered a complementary tool to strengthen
QSAR modeling rather than a replacement for laboratory
studies. Future work should integrate chemical feasibility
constraints, benchmark against alternative augmentation
techniques, and pursue experimental validation to bridge the
gap between statistical synthesis and practical molecular
design.
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