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Abstract

The application of machine learning to Raman spectral analysis is limited by the scarcity of labeled data, particularly in single-cell
studies where large datasets are difficult to obtain. Under such small-sample conditions, the reliability of different data augmentation
strategies remains unclear. This study systematically evaluates four data augmentation methods—localized blurring, Gaussian noise
addition, random amplitude scaling, and generative adversarial network (GAN) - based synthesis —for small-scale Raman spectral
classification of breast cells, focusing on a training set containing 10 samples per class. Distributional similarity between original and
augmented data was assessed using Fréchet Inception Distance and t-distributed stochastic neighbor embedding, and classification
performance was evaluated using a one-dimensional ResNet model. The results show that augmentation effectiveness depends on both
the augmentation strategy and the number of synthetic samples. Gaussian noise augmentation achieved the highest distributional
similarity and improved classification accuracy from 92.45% to 95.35%, while localized blurring also yielded consistent
improvements, with accuracies exceeding 94.30%. GAN-based augmentation enhanced performance at suitable augmentation sizes,
reaching peak accuracies above 94.10%, but showed greater sensitivity to parameter selection. In contrast, random amplitude scaling
provided little improvement across most settings. Additional parameterization experiments were conducted by changing the original
training set to investigate extremely data-scarce scenarios, including 1 or 2 spectra per class. In these cases, data augmentation
alleviated severe overfitting, with Gaussian and blurring methods providing the most stable gains, whereas GAN-based augmentation
showed variable effectiveness and scaling remained ineffective. These results offer practical, quantitative guidance for selecting
appropriate data augmentation strategies in small-scale Raman spectral analysis.
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1. Introduction

Breast cancer remains the most frequently diagnosed cancer and
the leading cause of cancer-related deaths among women
worldwide, with millions of new cases reported each year!!l.
Early and accurate characterization of breast cancer cells is
therefore of critical importance for both fundamental research
and clinical diagnosis. In this context, Raman spectroscopy has
emerged as a powerful analytical tool for the study of breast
cells®31. As a label-free and non-destructive technique, Raman
spectroscopy provides high-resolution molecular fingerprint
information, enabling the detection of biochemical alterations
associated with cancer development, including changes in
proteins, acids, lipids, and other biomolecular
components 81,

In recent years, the integration of machine learning
techniques has substantially enhanced the analysis of Raman
spectral data. Traditional machine learning algorithms, such as
Support Vector Machines (SVM)®), have been widely adopted
due to their effectiveness in spectral classification tasks!1%-!2,
More recently, deep learning architectures have demonstrated
strong capabilities in automatically extracting high-level
features from complex Raman spectral signals. Representative
models include one-dimensional Convolutional Neural Network
(1D CNN)I381 Recurrent Neural Network (RNN)I® 201
one-dimensional Residual Neural Network (1D ResNet)?!-24], as
well as Transformer-based approaches developed for Raman
spectroscopy?>27l. These deep models often achieve superior
performance in challenging classification scenarios; however,
their success typically relies on the availability of large-scale,
high-quality training datasets.

A major obstacle to fully exploiting these machine learning
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and deep learning models in Raman-based breast cell analysis
lies in the limited availability of data. The acquisition of Raman
spectra from biological samples is frequently constrained by
clinical and ethical considerations, high experimental costs,
time-consuming measurement procedures, and the requirement
for expert annotation. As a result, available datasets are often
small in size, particularly at the single-cell level. Insufficient
training data not only increases the risk of overfitting but also
restricts the development of robust and generalizable models,
especially for data-intensive deep learning architectures!?3-31],

To alleviate the challenges associated with small datasets,
data augmentation has been widely adopted as a practical
strategy to artificially increase the size and diversity of training
data. By generating realistic synthetic samples from existing
data, augmentation methods encourage models to learn more
generalizable patterns. Conventional augmentation techniques
for spectral data include the addition of Gaussian noise, baseline
shifting, amplitude scaling, localized blurring, and related
transformations*>3¢,  More recently, neural network—based
generative approaches, particularly Generative Adversarial
Network (GAN)B7) have been introduced to learn underlying
data distributions and generate highly realistic synthetic
spectral’®: 3% Despite their success in various applications,
GAN-based methods typically require a substantial amount of
training data to achieve stable and reliable performance. This
requirement presents an inherent contradiction when GAN are
applied to small-scale Raman datasets, where limited data may
hinder accurate distribution learning and compromise generation
quality.

Although numerous augmentation strategies have been
proposed,  the
transformation-based

comparative  effectiveness of  simple

Classification
performance

Deep learning

Accuracy

Figure 1. Schematic overview of the study workflow for evaluating data augmentation strategies on a small breast cell Raman

spectroscopy dataset.

The process begins with breast cell samples, from which original Raman spectra are collected. These raw

spectral data then enter a data augmentation module, where synthetic spectra are generated using various augmentation techniques.

Both the original and augmented spectra are subsequently used as input to identical deep learning models for classification. The output

classification performance of models trained on original versus augmented data is quantitatively compared using evaluation metrics

such as accuracy.
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methods and complex generative models has not been
systematically evaluated in the context of small-scale Raman
spectroscopy of breast cells. In particular, it remains unclear
whether data-hungry generative models such as GAN can
outperform simpler, physics-inspired perturbation methods
under severe data scarcity. Addressing this gap is essential for
guiding the selection of appropriate augmentation strategies in
practical Raman spectroscopy applications, where collecting
large datasets is often infeasible.

To address this issue, a systematic evaluation was conducted
on a small-scale Raman spectral dataset of breast cells. Four
representative data augmentation methods were investigated,
including localized blurring, Gaussian noise addition, random
amplitude scaling, and GAN-based synthesis. The schematic of
this work is illustrated in Figure 1. A one-dimensional Residual
Neural Network (1D ResNet) was employed as a unified
classification framework to ensure fair comparison across
different augmentation strategies. The original dataset was first
used to establish a baseline classification performance. Each
augmentation method was then applied independently to expand
the training data. The quality of the augmented spectra was
preliminarily assessed using Fréchet Inception Distance (FID)“!
and t-distributed Stochastic Neighbor Embedding (t-SNE)“!]
visualization. Subsequently, classification performance was
evaluated using Accuracy, Precision, Recall, and Fl-score. In
addition, a parameterization study was carried out to investigate

the influence of augmentation size and original training set size
on model robustness. The findings aim to provide practical
guidance for handling small-scale Raman spectral datasets and
to support the development of more reliable machine learning
models for breast cancer research and diagnostic applications.

2. MATERIALS AND METHODS

2.1 Dataset: Small-scale Breast Cell Raman Spectra

The dataset employed in this study comprised a collection of
single-cell Raman spectra acquired from five established human
breast cell lines, namely MCF-10A, MDA-MB-231, BT-474,
SK-BR3, and T-47D. The average Raman spectra of the five
categories, their corresponding
characteristic peak positions, are presented in Figure 2a. All

breast cell along with
cell lines were obtained from the Cell Resource Centre, Institute
of Basic Medical Sciences, Chinese Academy of Medical
Sciences (China Union Medical University). Polymerase chain
reaction (PCR) and microbial culture assays confirmed that the
cell lines were free of mycoplasma contamination. Additional
details regarding the dataset can be found in the published
work[42,

The dataset was partitioned into three subsets: a training set, a
validation set, and a test set. To simulate a data-scarce scenario,
the training set contained only 50 Raman spectra, with 10
spectra assigned to each breast cell line. The validation set
followed the same
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Figure 2. Average Raman spectroscopy and peak position for original data and four augmented data. a). Original spectra’s average

Raman spectra. Position of the peaks are 753 cm-1, 1450 cm-1 and 1663 cm-1. b). Blur spectra’s average Raman spectra. Position of

the peaks are 753 cm-1, 1450 cm-1 and 1663 cm-1. c¢). Gaussian spectra’s average Raman spectra. Position of the peaks are 753 cm-1,

1450 cm-1 and 1663 cm-1. d). Scaling spectra’s average Raman spectra. Position of the peaks are 753 cm-1, 1450 cm-1 and 1663 cm-1.
e). GAN spectra’s average Raman spectra. Position of the peaks are 753 cm-1, 1450 cm-1 and 1663 cm-1.
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class distribution and size, also comprising 50 Raman spectra in
total. The test set consisted of 400 Raman spectra, including 80
spectra per breast cell line. After the initial data split, the
validation and test sets remained unchanged and were
consistently used in all subsequent experiments. A detailed
overview of the dataset partition is provided in the table below.

2.2 Data Augmentation Strategies for Small Dataset

When working with small-scale Raman spectroscopy datasets,
overfitting represents a major challenge, as models tend to
memorize limited training samples rather than learning
generalizable patterns. Data augmentation is commonly
employed to mitigate this issue by artificially increasing the size
and diversity of the training set. By generating plausible new
spectral samples through controlled modifications of the
original data, augmentation techniques help models focus on
robust and invariant spectral features, thereby improving
generalization performance on unseen data.

In this study, four widely used data augmentation methods
were applied to the breast cell Raman training set. These
methods included localized blurring, Gaussian noise addition,
random amplitude scaling, and Generative Adversarial Network
(GAN)-based synthesis, which are referred to as Blur, Gaussian,
Scaling, and GAN, respectively. Each augmentation method was
used to generate 100 additional Raman spectra per class based
on the original training data. The average spectra of the
augmented data produced by these four methods, together with
their characteristic peak positions, are shown in Figure 2b, 2c¢,
2d, and 2e. These were then combined with the original 10
training spectra, resulting in four newly augmented datasets. All
augmented datasets were kept separate to avoid contamination
of the validation and test sets. Next, the details of the four
augmentation methods are introduced.

2.2.1 Blur

Localized blurring was applied to simulate minor variations in
spectral acquisition that may arise from factors such as
instrumental resolution or focal plane fluctuations. This method
employs a one-dimensional average blur filter applied along the
spectral axis. For each augmented sample, a kernel size of either
2 or 3 spectral points was randomly selected. The convolution
operation was performed using same padding to preserve the
original spectral length. After blurring, the resulting spectrum
was passed through a hyperbolic tangent (tanh) function,
constraining the signal values to the range (-1, 1) and ensuring
consistency with the normalization applied to the original data.
This augmentation strategy encourages the model to learn
features that are insensitive to small smoothness variations
along the spectral dimension.

2.2.2 Gaussian

Gaussian noise addition was employed to mimic the stochastic
noise commonly observed in real Raman measurements, which
may originate from electronic instrumentation or environmental
fluctuations. For each spectrum, zero-mean Gaussian noise was
added, with the standard deviation uniformly sampled from the
range of 0.02 to 0.08. This procedure introduces controlled
random perturbations while preserving the overall spectral
structure. The noisy spectrum was subsequently passed through
a tanh function to restrict the amplitude values to the interval
(-1, 1), maintaining consistency with the normalization scheme
of the original dataset. This augmentation method promotes
robustness to random noise and enhances the model’s ability to
generalize to experimentally acquired spectra.

2.2.3 Scaling

Random amplitude scaling was used to emulate variations in
experimental conditions, such as changes in laser power or
sample concentration. In this approach, each spectrum was
multiplied by a random scaling factor uniformly sampled from
the interval [0.85, 1.15]. This operation modifies the absolute
intensity of the spectrum while preserving the relative shapes
and positions of spectral features. The scaled spectrum was then
transformed using a tanh function to ensure that all augmented
samples remained within the normalized range of (—1, 1). This
augmentation strategy enables the model to focus on intrinsic
spectral patterns rather than absolute intensity levels.

2.2.4 GAN

GAN-based data augmentation was employed to generate
synthetic Raman spectra by learning the underlying data
distribution of the original training set. A conditional GAN
architecture was adopted, in which class label information was
incorporated through embedding layers to guide the generation
of class-specific spectra. The network architecture of the
conditional GAN is illustrated in Figure 3. The model consists
of three components: a conditional encoder, a conditional
generator, and a conditional discriminator. The encoder
processes input spectra together with their corresponding class
labels and maps them into a latent representation. The generator
combines random noise vectors with class embeddings to
produce synthetic spectra, using a tanh activation function at the
output layer to constrain the generated signals to the range (-1,
1). The discriminator evaluates both real and generated spectra
while taking class labels into account, distinguishing between
authentic and synthetic samples. Through adversarial training,
the generator is encouraged to produce increasingly realistic
spectra that capture class-specific characteristics, providing a
data-driven augmentation approach for expanding the training
set.
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Figure 3. The architecture of the conditional Generative Adversarial Network (cGAN) employed in this study. The generator takes an

input and processes it through a conditional encoder, followed by a reparameterization module that produces the latent variable z
weing the mean (n) and log variance (logvar). The conditioned generator then utilizes label embeddings and fully connected (FC)
layers with ReLU activation to produce synthetic Raman spectra. The discriminator evaluates both real and generated data by

concatenating input spectra with their corresponding label embeddings, processing them through FC layers, and ultimately outputting a

realism score.

2.3. Augmented Data Evaluation Metrics

After applying four distinct augmentation methods (Blur,
Gaussian, Scaling, and GAN) to the original training set, the
quality of the augmented Raman spectra was evaluated using a
dual strategy that combined the Fréchet Inception Distance (FID)
and t-distributed Stochastic Neighbor Embedding (t-SNE). This
combined approach enables a comprehensive assessment by
providing both a quantitative measure of global distribution
similarity and a qualitative visualization of the underlying
feature space structure.

FID is a widely used metric for quantitatively evaluating the
quality of generated data by measuring the similarity between
the distributions of two datasets. The calculation is based on
high-level feature representations extracted from real and
augmented data. These features are modeled as multivariate
Gaussian distributions, and the FID score is computed as the
Fréchet distance between them. Lower FID values indicate a
smaller statistical divergence between the augmented and
original datasets, suggesting that the generated spectra more
closely resemble real samples. In this study, the FID score
between the original training set and each augmented dataset
was used as the primary quantitative indicator of augmentation
quality.

To complement the quantitative evaluation provided by FID,
t-SNE was employed for qualitative visualization. While FID
summarizes distribution similarity using a single scalar value,

t-SNE reveals the internal structure of high-dimensional feature
representations by projecting them into a two-dimensional space.
This visualization allows for an intuitive inspection of whether
augmented samples are well integrated with real data clusters or
form isolated groups, which would indicate limited
distributional similarity. In addition, t-SNE helps assess whether
the augmented data exhibit comparable coverage and structural
organization to the original data, reflecting both sample
diversity and preservation of intrinsic feature relationships.

2.4. Classification Pipeline and Performance Metrics

Following data augmentation, the classification pipeline and
evaluation metrics are described. Classification was performed
using a one-dimensional Residual Neural Network (ResNet),
which is well suited for the analysis of Raman spectral data.
This architecture was selected due to its public availability,
extensive validation in previous studies, and demonstrated
effectiveness in spectral Using a
standardized model framework allows performance differences

classification tasks.
to be attributed primarily to the data augmentation strategies
rather than to variations in model design.

2.4.1. Classification algorithm

The classification task was conducted using a one-dimensional
Residual Neural Network (1D ResNet), a deep learning
architecture designed for sequential data analysis. The ResNet
framework effectively alleviates the vanishing gradient problem

Mozi. 2026, 1(1): (1-14)
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through the use of residual connections, enabling stable training
of deeper networks. The overall architecture of the employed
1D ResNet is illustrated in Figure 4.

The network consists of an initial one-dimensional
convolutional layer followed by batch normalization, after
which multiple residual blocks form the main feature extraction
module. Each residual block contains two convolutional layers
with batch normalization, along with an identity skip connection
that bypasses the convolutional operations. This design

facilitates efficient gradient propagation and improves training
stability. In this study, the number of convolutional filters in
successive stages was set to 16, 32, and 64, while the number of
residual blocks per stage was fixed at 2. The extracted feature
representations were subsequently flattened and passed to a
fully connected linear layer to produce the final classification
output. The use of a consistent and well-established ResNet
architecture ensures that observed performance variations can
be reasonably attributed to the effects of data augmentation.

.

il
-

i k
nput

[ Batch Normalization ]

LBatch Normalization ]

[ Residual Blocks

FC layer

Figure 4. The architecture of the 1D ResNet model used in this study. The network begins with an input layer followed by an initial

1D convolution, batch normalization, and ReLU activation. The core component consists of several residual blocks, which are detailed

in the magnified section. Each residual block contains two convolutional layers, each followed by batch normalization and ReLU

activation. A key feature is the identity shortcut connection that bypasses these layers, enabling smooth gradient flow and stabilizing

deep network training. After the residual blocks, the output is flattened and processed by a fully connected layer to produce the final

classification.

2.4.2. Training and testing protocol

The ResNet model was trained from scratch on the original
dataset as well as on each augmented dataset independently.
Model optimization was performed using the Adam optimizer
with a learning rate of le-4 and a batch size of 5. To reduce the
risk of overfitting and to select the most generalizable model, an
carly stopping strategy was employed with a patience of 10
epochs. Training was terminated if the validation loss did not
improve for 10 consecutive epochs, and the model parameters
corresponding to the lowest validation loss were retained.

To account for stochastic effects arising from factors such as
random weight initialization, the entire training procedure was
repeated five times for each dataset. This repetition enables a
more reliable evaluation by reducing the influence of random
variability. Model performance was subsequently assessed on a
held-out test set that was not used during training or validation.

For each training run, the model achieving the lowest validation
loss was evaluated on the test set. Performance metrics were
then aggregated across the five independent runs and reported as
mean values with corresponding standard deviations.

2.4.3. Performance metrics

Classification performance was evaluated wusing four
complementary metrics: Accuracy, Precision, Recall, and
Fl-score. Although Accuracy provides an overall measure of
correct predictions, it does not distinguish between different
types of classification errors. Precision and Recall offer
additional insights into false positive and false negative
behavior, while the Fl-score summarizes their balance. The
combined use of these metrics enables a comprehensive and
balanced assessment of model performance and ensures a fair

comparison among different data augmentation strategies.
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2.5. Parameterization Study: Impact of Training Set Size

and Augmentation Size

To enhance the robustness of the experimental conclusions and
to reduce potential bias associated with a single parameter
setting, a parameterization study was conducted. This study
focused on two key factors that may influence classification
performance: the number of augmented samples generated per
class and the size of the original training set used for data
augmentation.

2.5.1. Variation of augmented data size per class

In the baseline experiment, the augmentation size was set to 100
samples per class. To evaluate the sensitivity of classification
performance to this parameter, additional experiments were
performed using augmented data sizes of 20, 50, 100, 200, and
500 samples per class. For each augmentation size, the data
generation process was repeated independently, followed by
dataset merging, model training, and evaluation using the same
1D ResNet architecture and training protocol described in
Section 2.4. Throughout this analysis, the size of the original
training set was fixed at 10 samples per class. This systematic
variation enables a quantitative assessment of how the amount
of augmented data influences the final classification
performance.

2.5.2. Variation of original training set size per class

The baseline configuration employed an original training set
size of 10 samples per class. To examine the effectiveness of
data augmentation under varying degrees of data availability,
this initial training size was further varied. Additional
experiments were conducted using original training sets
containing 1, 2, 5, 10, 20, and 50 samples per class. For each
setting, the complete experimental pipeline was repeated. Data
augmentation was performed with the augmentation size fixed

at 100 samples per class for consistency, followed by dataset
construction and ResNet classification. This design allows for a
detailed analysis of how the amount of available real data
affects the performance gains achievable through data
augmentation.

3. RESULTS

3.1. Evaluation of Augmented Data Quality

After applying the four data augmentation methods, namely
Blur, Gaussian, Scaling, and GAN, the average Raman spectra
of the augmented datasets are presented in Figure 2. As shown
in the figure, the major characteristic peak positions of the
augmented spectra remain consistent with those of the original
spectra. Specifically, prominent peaks are observed at
approximately 753 cm™, 1450 cm™, and 1663 cm™, with no
noticeable peak shifts introduced by any augmentation method.
However, direct visual inspection of the average spectra reveals
only subtle differences between the original and augmented data,
making it difficult to objectively assess augmentation quality
based solely on spectral appearance. Therefore, quantitative and
feature-based evaluation methods were employed.

The FID scores comparing the distributions of the original
and augmented datasets are summarized in Table 1. FID values
were first computed separately for each breast cell class and
then averaged across all five classes to obtain an overall metric
for each augmentation method. Lower FID values indicate
smaller distributional divergence between the augmented and
original data. As reported in Table 1, the Gaussian
augmentation method achieved the lowest average FID score,
followed by Blur and Scaling, whereas the GAN-based method
produced the highest FID score. These results indicate that
Gaussian augmentation generates spectra that are most similar
to the original data in terms of global feature distribution, while
GAN-based augmentation exhibits the largest distributional
deviation.

Table 1. The Fréchet Inception Distance (FID) scores used to evaluate the quality of data generated by the four augmentation methods.

A lower FID value indicates a higher similarity between the augmented spectra and the original data.

Metric Class Blur Gaussian Scaling GAN
T47D 0.29 1.19 0.66 13.64
BT474 3.19 1.89 2.61 16.47
SK-BR-3 3.93 3.52 5.29 29.12
FID
MDA-MB-231 5.30 2.40 4.95 36.44
MCF-10A 6.99 6.27 10.20 14.86
Average 3.94 3.05 4.74 22.11

To further examine the feature-space characteristics of the
augmented data, t-SNE visualization was performed, as shown
in Figure 5. The t-SNE plots reveal distinct behaviors for
different augmentation methods. Features generated using the

Blur method are distributed closely around the original data

clusters, indicating a high degree of similarity while preserving
exhibit
substantial overlap with the original features and maintain clear

class separability. Gaussian-augmented features

inter-class boundaries, consistent with the low FID scores. In
comparison, Scaling-augmented features also overlap with the

Mozi. 2026, 1(1): (1-14)
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original data but show reduced separation between different cell
classes. In contrast, features generated by the GAN method
form clusters that are clearly separated from the original data

distribution, indicating lower distributional  similarity.
Nevertheless, these GAN-generated features exhibit strong
inter-class separation, suggesting enhanced class

discriminability within the generated feature space.
3.2. Classification Performance

While FID and t-SNE analyses evaluate the similarity between
original and augmented spectral distributions, the practical
effectiveness of data augmentation must ultimately be assessed

performance. To this end, a

employed, and

classification

one-dimensional ResNet
performance was evaluated using four metrics: Accuracy,
Precision, Recall, and F1-score. The model was first trained and
tested using the original small-scale dataset. The same
procedure was then applied independently to each of the four
augmented training sets, while the validation and test sets were
kept identical across all experiments. In addition, further
analyses were conducted to examine the influence of
augmentation size and original training set size on classification

through
classifier was

outcomes.
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Figure 5. Feature visualization using t-SNE. a) t-SNE visualization of data augmented using the Blur method. b) t-SNE visualization
of data augmented using the Gaussian method. c) t-SNE visualization of data augmented using the Scaling method. d) t-SNE

visualization of data augmented using the GAN method.

3.2.1. Classification results of original small-scale dataset

and augmented dataset

The original training set consisted of 50 Raman spectra, with 10
spectra per breast cell class. The corresponding classification
performance is summarized in Table 2. The ResNet model
achieved an average accuracy of 92.45% + 1.05%, along with a
precision of 92.90% + 1.07%, a recall of 92.45% + 1.05%, and
an F1-score of 92.42% + 1.05%.

Each augmented training set contained 550 Raman spectra,
corresponding to 110 spectra per class. The classification results
obtained using these augmented datasets are also reported in
Table 2. Among the four augmentation strategies, Gaussian
augmentation yielded the highest performance, achieving an
accuracy of 95.00% + 1.03%, a precision of 95.17% + 1.03%, a
recall of 95.00% = 1.03%, and an F1-score of 94.99% + 1.05%.
The Blur-augmented dataset ranked second, with an accuracy of
93.90% =+ 1.39% and consistently high values across the
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remaining metrics. In contrast, the GAN-augmented dataset
produced performance comparable to the original dataset, while
the Scaling-augmented dataset resulted in the lowest scores
among all evaluated configurations. Relative to the original

dataset, only the Gaussian and Blur augmentation methods led
to consistent improvements across all evaluation metrics.

Table 2. The classification accuracy, precision, recall and F1 score obtained on the same test set after training with the original dataset

and the four augmented datasets.

Accuracy

Precision

Recall F1 score

Original data 92.45%+1.05%
Blur 93.90%+1.39%

Gaussian 95.00%=+1.03%
Scaling 91.20%+1.12%
GAN 92.30%+1.65%

92.90%+1.07%
94.08%+1.35%
95.17%+1.03%
91.40%=+1.11%
92.65%+1.41%

92.42%+1.03%
93.89%+1.40%
94.99%+1.05%
91.19%+1.14%
92.32%+1.62%

92.45%+1.05%
93.90%+1.39%
95.00%+1.03%
91.20%+1.12%
92.30%+1.65%

Table 3. The classification accuracy obtained on the same test set after training with different augmented sizes of 20, 50, 100, 200 and

100 200 500

20 50
Blur 93.20%+1.27% 94.30%+0.98%
Gaussian 93.25%+1.21% 93.65%+2.70%
Scaling 91.70%=+3.11% 89.90%=+2.18%
GAN 93.85%+1.93% 94.10%+2.42%

93.90%+1.39%
95.00%+1.03%
91.20%+1.12%
92.30%+1.65%

91.85%+1.05%
95.35%+1.83%
91.10%+0.91%
90.35%+2.17%

93.55%+0.99%
94.55%+3.06%
90.10%+1.33%
87.95%+3.22%

3.2.2. Influence of augmentation size on classification

performance

To assess the sensitivity of classification performance to the
number of augmented samples per class, additional experiments
were conducted using augmentation sizes of 20, 50, 100, 200,
and 500 spectra per class. Accuracy was used as the primary
metric for comparison, with results summarized in Table 3.
Detailed results for Precision, Recall, and F1-score are provided
in Table 2 and Supplementary Tables S1-S4.

For the Blur augmentation method, the highest accuracy of
94.30% was achieved with 50 augmented samples per class.
Gaussian augmentation exhibited optimal performance at 200
samples per class, reaching an accuracy of 95.35%. The
GAN-based method attained its maximum accuracy of 94.10%
at 50 samples per class. For these three methods, classification
accuracy consistently exceeded the baseline accuracy of 92.45%
obtained using the original dataset alone. In contrast, the Scaling
method failed to surpass the baseline accuracy at most
augmentation sizes, achieving its best result of 91.70% at 20
samples per class. These results demonstrate that the
effectiveness of data augmentation depends on both the
augmentation strategy and the selected augmentation size.

3.2.3. Influence of original training set size on classification

performance

The robustness of the augmentation methods under varying

degrees of data scarcity was further examined by varying the
size of the original training set. Training sets containing 1, 2, 5,
10, 20, and 40 samples per class were evaluated. Accuracy was
again adopted as the primary metric, with averaged results
summarized in Table 4. The relative impact of data
augmentation is visualized in Figure 6, which depicts the
accuracy difference between augmented and original datasets
across different combinations of training set size and
augmentation size. Complete results for Precision, Recall, and
Fl-score are provided in Table 2 and Supplementary Tables
S5-S9.

When the original training set was extremely limited (1 or 2
samples per class), models trained solely on the original data
exhibited severe overfitting, resulting in a baseline accuracy of
approximately ~ 20.00%. Under these conditions, all
augmentation methods substantially improved classification
performance. Gaussian augmentation achieved the highest
accuracies, reaching 70.90% and 72.70% for 1 and 2 samples
per class, respectively, followed by the Blur method with
accuracies of 58.00% and 69.45%. With an increase to 5
samples per class, the baseline performance remained unstable,
yielding an average accuracy of 58.90%, whereas the
augmented datasets produced more consistent results,
particularly for Gaussian and Blur augmentation. As the original
training set size increased to 10, 20, and 40 samples per class,
the classification performance across all methods gradually
converged toward higher
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Figure 6. Comparison of classification accuracy between original and augmented datasets. (a) Accuracy difference when varying the

number of augmented samples per class (20, 50, 100, 200, 500), with augmentation initially set at 100 samples per class. (b) Accuracy

difference when varying the number of original training samples per class (1, 2, 5, 10, 20, 40), with the initial training set size set at 10

samples per class. All models were evaluated on the same test set.

Table 4. The classification accuracy achieved on an identical test set following training using both the original dataset and the four

augmented datasets, each evaluated at varying training set sizes of 1, 2, 5, 10, 20 and 40 per class.

1 2 5 10 20 40
Original 20.00% 20.00% 58.90% 92.45% 94.80% 96.80%
data +0.00% +0.00% +35.69% +1.05% +1.39% +0.65%
Blur 58.00% 69.45% 86.20% 93.90% 95.20% 97.55%
+7.12% +9.09% +4.78% +1.39% +1.08% +0.65%
Gaussian 70.90% 72.70% 87.95% 95.00% 95.05% 97.25%
+2.73% +6.09% +2.24% +1.03% +2.56% +0.31%
Sealing 44.65% 56.30% 84.60% 91.20% 93.60% 96.20%
+4.75% +6.51% +7.37% +1.12% +1.76% +0.93%
GAN 47.95% 58.25% 83.90% 92.30% 95.15% 97.35%
+12.69% +9.90% +9.58% +1.65% +0.60% +0.55%

accuracy levels. In this regime, most augmentation strategies
achieved performance comparable to or slightly exceeding the
baseline, while the Scaling method consistently underperformed
relative to the other techniques. Overall, these results indicate
that data augmentation is most beneficial under conditions of
limited training data, with Gaussian and Blur methods showing
the strongest and most consistent performance gains.

4. DISCUSSION

This study systematically examined the effectiveness of four
representative data augmentation strategies (localized blurring,

Gaussian noise addition, random amplitude scaling, and
GAN-based synthesis) under small-sample conditions in Raman
spectral classification of breast cells. By jointly analyzing
distributional and downstream classification
performance across multiple parameter settings, this work

similarity

provides insight into how augmentation mechanisms interact
with data scarcity and model learning behavior, and under
which conditions different strategies are most suitable.

The similarity analysis based on FID and t-SNE revealed
clear and consistent differences among the augmentation
methods. Gaussian noise addition produced augmented spectra
that most closely matched the statistical distribution of the
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original data, followed by localized blurring, whereas
GAN-based synthesis exhibited the largest distributional
deviation. These observations can be explained by the nature of
the perturbations introduced. Gaussian noise and localized
blurring impose small, smooth, and physically plausible
variations that resemble experimental uncertainty commonly
present in Raman measurements, such as detector noise or
minor instrumental fluctuations. Consequently, the global

spectral structure and characteristic peak positions are preserved.

In contrast, GAN-based augmentation relies on learning the
underlying data distribution from a very limited number of
samples, which constrains its ability to accurately capture the
true spectral manifold and may result in distributional shifts.

The classification results demonstrate that distributional
similarity is closely linked to practical performance gains.
Augmentation methods that maintained high similarity to the
original data, particularly Gaussian noise and localized blurring,
consistently improved classification accuracy relative to the
baseline model trained on the original dataset. Random
amplitude scaling, despite preserving spectral shape, generally
failed to improve performance. This behavior suggests that
uniform intensity scaling may distort intensity-dependent
biochemical information and weaken class-discriminative
features. Although GAN-generated data formed well-separated
class clusters in feature space, their limited overlap with real
data indicates a mismatch between synthetic and authentic
spectra, which may hinder generalization when models are
evaluated on real-world measurements.

The parameterization study further highlights that the
effectiveness of data augmentation depends on both the number
of synthetic samples and the size of the original training set. For
augmentation size, an optimal range was observed for Gaussian,
Blur, and GAN methods, beyond which performance gains
saturated or declined. This trend indicates that excessive
synthetic data may introduce redundancy or amplify biases
inherent in the small original dataset, rather than providing
additional informative variability. In contrast, increasing the
amount of scaled data did not compensate for the limitations of
the scaling transformation itself, reinforcing that augmentation
quality is more critical than quantity.

Varying the size of the original training set provides
additional insight into the role of augmentation under different
data availability scenarios. When the number of real training
samples was extremely limited, models trained without
augmentation exhibited severe overfitting and unstable
performance. Under these conditions, all augmentation methods
mitigated overfitting to some extent, with Gaussian noise and
localized blurring producing the most stable and substantial
improvements. GAN-based augmentation showed variable
effectiveness, reflecting its sensitivity to both data availability
and augmentation size, while scaling remained largely
ineffective. As the number of original samples increased, the
benefit
indicating diminishing returns once the training data became

relative of augmentation gradually diminished,
sufficiently representative. Nevertheless, Gaussian and Blur
methods continued to provide modest improvements across a
wide range of training set sizes, demonstrating their robustness.
Overall, these findings indicate that simple, physics-inspired

augmentation strategies are generally more reliable than
complex generative models for small-scale Raman spectral
datasets. Gaussian noise addition is particularly effective in
extremely data-scarce settings, while localized blurring
performs well when a moderate amount of real data is available.
GAN-based augmentation can enhance performance when
sufficient initial data and appropriate augmentation sizes are
used, but its effectiveness is more sensitive to parameter
selection. Random amplitude scaling does not appear to be a
suitable augmentation strategy for Raman-based breast cell
classification. These results emphasize that data augmentation
should be treated as a data-dependent and parameter-sensitive
process rather than a fixed preprocessing step.

Several limitations of this study should be noted. First, all
experiments were conducted using a single deep learning
architecture; extending the analysis to other classifiers, such as
support vector machines, alternative convolutional networks, or
Transformer-based models, would help assess the generality of
the conclusions. Second, the experiments focused on a single
breast cell Raman dataset, and validation on additional
biomedical Raman datasets,
microorganisms or viral samples, would further strengthen the

including those involving

findings. Finally, only a basic conditional GAN architecture was
explored. Future work incorporating more advanced generative
models or physics-informed constraints may improve synthetic
data quality under limited data conditions.

Data availability

The training and test database were set up on the cell line
samples. Raw data to reproduce Figure 2 can be shared upon
request.
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