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Abstract

Early detection of diabetes mellitus (DM) is essential for preventing disease progression
and improving clinical outcomes. However, developing robust machine learning (ML)
models for diabetes diagnosis is often constrained by limited data availability, privacy
regulations, and challenges with data sharing. This study investigates a privacy-
preserving synthetic data augmentation framework for classifying diabetic and non-
diabetic blood serum samples using Fourier Transform Infrared (FTIR) spectroscopy. Two
deep generative approaches, Autoencoders (AEs) and Generative Adversarial Networks
(GANSs), were evaluated for their ability to generate realistic synthetic FTIR spectra while
preserving the statistical and biochemical characteristics of the original dataset. Synthetic
datasets generated by the AE and GAN models were assessed using six ML classifiers:
Support Vector Machine (SVM), Random Forest (RF), K-Nearest Neighbors (KNN),
Gradient Boosting (GB), Logistic Regression (LoR), and Decision Tree (DT). Model
performance was evaluated using accuracy, precision, recall, F1-score, Receiver Operating
Characteristic (ROC) curves, and Area Under the Curve (AUC). Results showed that AE-
generated spectra retained stronger discriminative characteristics and were more easily
distinguished from the original spectra, whereas GAN-generated spectra exhibited lower
classifier separability, suggesting closer alignment with the original data distribution and
greater realism for privacy-oriented data augmentation. Correlation analysis
demonstrated high spectral fidelity for both approaches. Compared with the original
spectra, AE-generated spectra achieved r = 0.9990 and R? = 0.9999, whereas GAN-
generated spectra achieved r = 0.9982 and R? = 0.9965. The most prominent diabetes
related spectral variations were observed in the carbohydrate (1000-1200 cm™), Amide I
(~1650 cm™), and lipid-associated (3000-3500 cm™) regions. To explore the transferability
of the proposed framework, a preliminary experimental feasibility study was conducted
using independently acquired whole blood FTIR spectra. The generated spectra showed
strong agreement with the measured whole blood spectra, demonstrating the potential
applicability of the framework under alternative sampling conditions. Because the
experimental cohort included only one diabetic volunteer, this analysis was intended
solely as a proof-of-concept assessment of spectral feasibility and methodological
transferability, rather than as a validation of diabetes classification performance. Overall,
the findings demonstrate that synthetic data generation can effectively augment limited
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FTIR datasets while preserving privacy and key spectral characteristics. The proposed
framework provides a promising foundation for privacy-aware biomedical data
augmentation and future development of robust FTIR diabetes screening systems. The
results should be interpreted as methodological evidence of feasibility and synthetic data
utility rather than as evidence of clinical diagnostic readiness, as the serum dataset
remains modest in size and the independent whole-blood experiment was intentionally
exploring.

Keywords: Autoencoders; diabetes classification; FTIR spectroscopy; generative
adversarial networks; synthetic data generation

1. Introduction

Disease diagnosis involves identifying the specific pathological condition
responsible for a patient’s symptoms [1]. However, because many clinical manifestations
are nonspecific and may overlap across multiple conditions, achieving an accurate
diagnosis often presents a considerable challenge [2]. Accurate disease identification is a
fundamental prerequisite for effective treatment and patient management [3]. Recent
advances in machine learning (ML), a key subfield of artificial intelligence (Al), have
provided promising approaches for addressing these diagnostic challenges [4]. ML
techniques facilitate the early detection and diagnosis of a wide range of diseases,
including cancer, diabetes, cardiovascular disorders, and dermatological conditions [5].
By enhancing diagnostic speed, accuracy, and reliability, these approaches significantly
strengthen clinical decision-making processes [6]. Numerous ML models and frameworks
have been proposed to improve diagnostic efficiency and precision [7]. Unlike traditional
rule-based systems, ML algorithms autonomously learn from data and construct
predictive models that support early-stage diagnosis and provide data-driven clinical
insights [8]. Consequently, ML diagnostic tools not only enhance diagnostic accuracy and
efficiency but also reduce diagnostic time and improve predictive outcomes for various
infectious and chronic diseases [9]. Training ML algorithms requires access to real-world
patient data to enable models to learn underlying patterns and effectively distinguish
between different clinical conditions. However, the acquisition and utilization of large-
scale healthcare data present numerous challenges that hinder accessibility and
scalability. One of the most significant obstacles is data privacy, which refers to the
protection of sensitive information, particularly personally identifiable healthcare data
[10]. Data privacy emphasizes appropriate data governance practices, including policies,
authorization mechanisms, and regulatory frameworks that ensure patient information is
collected, shared, and utilized responsibly [11]. Another critical concern is data security,
which focuses on safeguarding information from unauthorized access, malicious attacks,
and data breaches [12]. While data security plays an essential role in protecting
information integrity and availability, it alone does not fully address privacy-related
challenges. In the healthcare sector, protecting sensitive patient information, including
medical records, personal identifiers, and other health-related data, is paramount [13].
Personal data refers to information capable of identifying an individual, whereas medical
data encompasses information generated during healthcare delivery, such as diagnostic
results, treatment histories, and clinical outcomes [13,14]. Furthermore, healthcare data
are often fragmented across different electronic health record (EHR) systems and
institutions, complicating efforts to access, integrate, and standardize information for
clinical and research purposes [15]. Differences in data definitions, coding schemes, and
storage formats further obstruct compatibility and data harmonization. Additional
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challenges, including imbalanced datasets, labeling uncertainties, data overload, and in-
consistencies in data collection, represent significant limitations in healthcare data man-
agement [15].

Beyond privacy preservation and data accessibility, the development of reliable Al
systems for healthcare faces significant challenges in external validation, reproducibility,
robustness, and clinical translation [6]. ML models trained on data from a single institu-
tion or a limited patient population often perform worse when applied to independent
cohorts due to variations in demographics, clinical practices, instrumentation, and data
acquisition protocols [16]. Consequently, external validation using independent datasets
has become essential for establishing the robustness, generalizability, and clinical applica-
bility of biomedical Al models [17]. However, large-scale external validation studies re-
main difficult because access to clinical datasets is frequently constrained by privacy reg-
ulations, institutional policies, and ethical considerations [18]. These restrictions also hin-
der scientific reproducibility, as independent researchers may be unable to access the orig-
inal datasets required to verify published findings, benchmark alternative methodologies,
or assess model robustness across diverse populations [19]. As a result, many Al models
that achieve promising performance in controlled research environments face challenges
when translated into real-world clinical practice.

Synthetic data generation has emerged as a promising strategy for addressing these
limitations. By generating artificial datasets that preserve the statistical, structural, and
biochemical characteristics of real-world data while minimizing privacy risks, synthetic
data can facilitate secure data sharing, support multi-institutional validation studies, and
improve the reproducibility of biomedical research. Furthermore, synthetic data augmen-
tation can increase dataset size and diversity, reduce the impact of class imbalance, and
improve model robustness when real-world data are scarce or underrepresented [20].
These advantages are particularly relevant in healthcare, where access to large, high-qual-
ity datasets is often restricted. In the context of FTIR disease screening, synthetic data gen-
eration may therefore contribute not only to dataset augmentation but also to the devel-
opment of clinically reliable, reproducible, and generalizable diagnostic systems capable
of supporting real-world implementation [21].

Successful deployment of Al systems in healthcare also requires consideration of op-
erational factors, including integration into existing clinical workflows, regulatory com-
pliance, model interpretability, and long-term performance monitoring. Models that per-
form well under controlled research conditions may degrade when exposed to new pa-
tient populations, changing clinical practices, or variations in instrumentation and data-
acquisition procedures [22]. Consequently, continuous validation, periodic model updat-
ing, and prospective multi-center evaluation are essential to ensure reliable deployment
in real-world healthcare and public health settings. Although the present study focuses
on methodological validation using FTIR blood serum spectra, future work should inves-
tigate these operational aspects to support the translation of synthetic data-enabled Al
systems into routine clinical practice [23].

These challenges are particularly relevant to FTIR diabetes classification, where avail-
able datasets are often limited in size, collected from single institutions, and acquired us-
ing institution-specific measurement protocols [24]. Consequently, ML models developed
using a single dataset may exhibit reduced robustness and generalizability when applied
to independent populations, different instrumentation, or alternative acquisition settings
[25]. In this context, synthetic data augmentation may provide a practical mechanism for
expanding training datasets, increasing data diversity, supporting reproducibility studies,
and facilitating preliminary external validation while preserving patient privacy [26]. Alt-
hough synthetic data cannot replace large-scale prospective clinical validation, it can con-
tribute to the development of more robust and generalizable Al models by reducing de-
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pendence on restricted clinical datasets and enabling broader evaluation of model perfor-
mance across diverse scenarios [27]. In addition, synthetic datasets provide a valuable in-
termediary resource for benchmarking algorithms, conducting preliminary external vali-
dation studies, and evaluating model robustness across simulated population variability
before large-scale clinical deployment [28]. Cost efficiency may also be achieved by reduc-
ing reliance on expensive and difficult-to-obtain medical data [29].

ML synthetic data generation involves training models on original datasets to learn
their underlying patterns, distributions, and dependencies. Once adequately trained,
these models can generate realistic synthetic samples that closely resemble the original
data while preserving privacy [30]. For example, in diabetes research, ML models can
generate synthetic patient profiles containing attributes such as age, blood glucose levels,
insulin concentrations, and health outcomes that appear realistic but do not correspond
to any actual individual. Commonly adopted techniques for synthetic data generation in-
clude Generative Adversarial Networks (GANs), in which a generator and discriminator
compete to produce highly realistic synthetic data, and Autoencoders (AEs), which learn
compressed data representations and reconstruct data distributions before generating
new samples. Additionally, agent and simulation approaches enhanced with ML can be
used to model realistic physiological behaviors and medical events [31]. The application
of synthetic data generation has emerged as a promising approach for the early detection
and analysis of various diseases, including Diabetes Mellitus (DM), the focus of the pre-
sent study [32]. Synthetic data generation refers to the process of creating artificial datasets
that replicate the statistical and structural properties of real-world data without being de-
rived from actual patients, events, or systems [33].

Although alternative approaches such as transfer learning and cross-institutional
data sharing have been proposed to mitigate data scarcity, their application in FTIR
healthcare research remains challenging [34]. Transfer learning requires sufficiently large
and domain-relevant source datasets, which are currently limited in this field, whereas
cross-institutional data sharing is frequently restricted by privacy regulations, institu-
tional policies, and differences in data acquisition protocols [35]. Furthermore, although
transfer learning has achieved considerable success in image analysis applications, com-
parable large-scale FTIR blood serum repositories suitable for transfer learning remain
scarce. Consequently, transferring representations learned from unrelated spectral or bi-
omedical datasets may not adequately capture disease-specific biochemical signatures rel-
evant to FTIR diabetes classification. In contrast, synthetic data generation directly learns
from the target FTIR dataset and can augment disease-specific spectral variability while
preserving privacy and meeting data governance requirements. Therefore, synthetic data
augmentation was selected as the primary strategy in this study because it simultaneously
addresses dataset scarcity, privacy preservation, class balancing, reproducibility, and
model development requirements [36,37].

The limited availability of large-scale FTIR blood serum datasets represents an addi-
tional challenge for the development of robust ML models [38]. In biomedical spectros-
copy, dataset collection is often constrained by patient recruitment requirements, ethical
approval procedures, informed consent regulations, sample acquisition costs, and limited
access to specialized instrumentation [39]. Consequently, many published FTIR studies
on diabetes have relied on relatively small cohorts. For example, Li et al. analyzed 47 blood
samples [40], whereas Guang et al. evaluated 113 subjects (51 diabetic and 62 healthy) [41].
These examples illustrate that datasets in this field often consist of only a few dozen to
approximately 100 participants. The dataset used in the present study (100 FTIR spectra)
is therefore comparable in size to those commonly reported in the FTIR diabetes literature,
further motivating the investigation of synthetic data augmentation as a mechanism to
increase data diversity and support more robust ML model development. Nevertheless,
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such limited sample sizes may restrict model generalizability and increase the risk of over-
fitting.

Accordingly, this study investigates whether synthetic data generation can support
privacy-compliant ML analysis of FTIR blood serum spectra for discrimination between
diabetic and non-diabetic samples. Specifically, the study presents a comparative assess-
ment of AE- and GAN-generated synthetic data across three complementary dimensions:
preservation of spectral fidelity, utility for downstream classification, and realism-ori-
ented augmentation. DM was selected as the case study because it is a clinically relevant
chronic metabolic disorder for which early detection is essential to reduce long-term com-
plications and improve patient outcomes [42,43]. In addition to the primary serum analy-
sis, this study includes a preliminary experimental validation using independently ac-
quired whole blood FTIR spectra. This validation was conducted as an initial feasibility
assessment to determine whether the proposed framework can be applied to inde-
pendently acquired whole-blood FTIR spectra under a more application-oriented sam-
pling condition. The objective of this preliminary experiment was to assess spectral feasi-
bility and methodological transferability rather than diabetes classification performance.
Therefore, the novelty of this work lies not only in the comparative evaluation of AE- and
GAN-based synthetic FTIR data augmentation for diabetes classification, but also in the
preliminary demonstration of its potential translational applicability beyond the original
serum dataset.

The paper is organized into seven sections: Section 2 reviews the state of the art in
synthetic data generation and FTIR diabetes diagnosis, highlighting recent ML ap-
proaches and their applications in healthcare. Section 3 presents the theoretical founda-
tions of synthetic data generation, including the architectures, learning mechanisms, and
training dynamics of AE and GAN. Section 4 describes the proposed methodology, en-
compassing the synthetic data generation workflow, data preprocessing procedures, di-
mensionality reduction, dataset partitioning, and validation strategy. Section 5 details the
dataset characteristics, computational environment, model architectures, hyperparameter
optimization process, classifier evaluation framework, and experimental setup. Section 6
presents and discusses the experimental results, including loss-function analysis, syn-
thetic-data realism assessment, classifier performance evaluation, Receiver Operating
Characteristic (ROC) and Area Under the Curve (AUC) analyses, correlation analysis, cov-
erage assessment, and preliminary experimental validation using independently acquired
whole-blood FTIR spectra. Finally, Section 7 summarizes the main findings, discusses the
study’s limitations, and outlines directions for future research and clinical translation.

2. Related Work

This section reviews the state of the art in the application of ML techniques for syn-
thetic tabular data generation, with particular emphasis on methods for generating and
distinguishing between original and synthetic data. The discussion is structured into two
main parts: the first addresses existing approaches to synthetic data generation, while the
second explores methodologies applied to diabetes diagnosis.

2.1. Synthetic Data Methods

Endres et al. (2022) [44] conducted a comprehensive comparative analysis of seven
synthetic data generation models: Synthetic Minority Oversampling Technique (SMOTE),
GAN, AE, Data Synthesizer, Synthetic Data Vault (SDV)-Gaussian Copula, SDV-GAN,
and SynthPop Non-Parametric, using three open-source datasets: adult Census, Airbnb,
and Airlines. The study evaluated each method based on processing time, data quality,
and the preservation of pairwise correlations between original and synthetic datasets.
Evaluation metrics included pairwise correlation, proximity, and SDMetrics, a dataset ag-
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nostic framework incorporating statistical, detection, and efficacy measures. The findings
indicated that while deep generative models such as GAN and AE produced high-fidelity
outputs, simpler techniques like the Gaussian Copula and SynthPop achieved competitive
performance with significantly greater computational efficiency. Furthermore, the study
discussed key implementation challenges related to data preprocessing, model training,
and scalability across heterogeneous datasets. Overall, the paper provided an empirical
foundation for selecting appropriate synthetic data generation techniques based on da-
taset characteristics, desired fidelity, and computational constraints [44].

Similarly, Miura et al. (2024) [45] empirically evaluated various synthetic data gener-
ation techniques applied to real-world medical datasets, specifically utilizing the Diagno-
sis Procedure Combination (DPC) dataset from Ehime University Hospital. Their study
compared three methodological classes—statistical-based, graphical model, and deep
neural network approaches—under differential privacy constraints. Evaluation criteria
included statistical distribution distances, ML performance, and correlation matrix simi-
larity between original and synthetic data. The experimental results demonstrated that
statistical and graphical model approaches, particularly the Gaussian Copula and Adap-
tive Inference Model (AIM), outperformed deep neural network models such as the Con-
ditional Tabular Generative Adversarial Network (CTGAN) in maintaining data utility
when differential privacy was enforced. The authors concluded that while differential pri-
vacy enhances privacy protection, it inevitably introduces varying degrees of data quality
degradation depending on the synthesis method. This study offered practical insights into
the trade-offs between privacy and utility in synthetic healthcare data generation, empha-
sizing the effectiveness of combining statistical modelling with differential privacy for
medical research applications [45].

In another contribution, Rashidi et al. (2024) [46] introduced the Synthetic Tabular
Neural Generator (STNG), a fully automated framework designed for generating and val-
idating synthetic tabular data to address healthcare data accessibility challenges under the
Health Insurance Portability and Accountability Act (HIPAA) and the General Data Pro-
tection Regulation (GDPR). Their findings showed that STNG’s multi-functional variants
consistently outperformed conventional synthetic data generation methods in seven out
of nine binary datasets and all multiclass datasets evaluated. STNG thus represents a scal-
able, regulation-compliant framework that supports automated synthetic data generation
and validation in healthcare, promoting reproducibility, privacy preservation, and the ac-
cessibility of high-quality tabular datasets [46].

More recently, Bae et al. (2025) [47] addressed the issue of class imbalance in small,
data-scarce medical datasets by proposing an incremental synthetic data generation sys-
tem designed to improve data quality over multiple iterations. This iterative approach
enhances model sensitivity and generalization while mitigating overfitting, thereby im-
proving performance in imbalanced, small-scale medical datasets. The system supports
individualized health risk prediction, such as asthma attack forecasting, by iteratively re-
fining synthetic data generation based on model feedback. This work establishes a novel,
data-centric paradigm that extends traditional oversampling methods through perfor-
mance-driven, iterative refinement to produce higher quality synthetic data for rare event
prediction and personalized medicine [47].

2.2. Diabetes Diagnosis Methods

Yang et al. (2018) [48] developed a rapid and non-invasive diagnostic approach for
prediabetes based on Fourier Transform Mid Infrared Attenuated Total Reflection (FTIR-
ATR) spectroscopy of peripheral blood samples. The study integrated Classification and
Regression Trees (CART) and Extreme Gradient Boosting (XGBoost) ML algorithms for
disease classification. Following Savitzky—Golay smoothing and Principal Component
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Analysis (PCA) for data preprocessing and feature extraction, the XGBoost model demon-
strated superior diagnostic performance, achieving 93.33% accuracy, 100% specificity, and
85% sensitivity, outperforming the CART model. This method eliminates the need for
chemical reagents, offering a fast, reliable, and scalable solution for large-scale prediabetes
screening.

Li et al. (2025) [40] investigated a non-invasive approach for blood glucose measure-
ment based on infrared (IR) spectroscopy coupled with Partial Least Squares (PLS) regres-
sion. In their study, 47 blood samples were collected, and glucose concentrations were
determined using a standard glucometer for reference. The spectral data were subse-
quently analysed using an FTIR spectrometer, and the developed model achieved a mean
estimation error of 7 mg/dL, comparable to the performance of commercial invasive glu-
cose monitoring devices. The findings demonstrate that the integration of IR spectroscopy
with Partial Least Squares (PLS) regression provides a promising framework for non-in-
vasive glucose estimation and could potentially be extended to the quantification of other
biochemical constituents in blood.

Guang et al. (2020) [41] investigated the application of FTIR-ATR spectroscopy of
whole blood in combination with the Extreme Gradient/Boosting (XGBoost) algorithm for
the diagnosis of type 2 diabetes. In this study, blood samples from 51 diabetic patients and
62 healthy controls were analysed. Preprocessing techniques, including Savitzky—Golay
smoothing and PCA, were employed to enhance spectral quality and improve classifica-
tion performance. The optimized XGBoost model achieved 95.24% sensitivity, 96.00%
specificity, and 95.65% overall accuracy, highlighting the potential of FTIR-ATR spectros-
copy as a rapid, reagent-free, and reliable diagnostic tool for diabetes detection.

Dharmarathne et al. (2024) [49] employed ATR-FTIR spectroscopy combined with
chemometric modelling for the rapid screening of diabetes using human blood serum.
Serum samples obtained from diabetic and non-diabetic subjects were analysed, and mul-
tivariate statistical techniques, including PCA and Partial Least Squares—Discriminant
Analysis (PLS-DA), were utilized to classify samples based on spectral biomarkers. The
integrated ATR-FTIR and chemometric approach demonstrated high accuracy, sensitiv-
ity, and specificity, underscoring its potential as a fast, non-invasive, and reagent-free di-
agnostic tool for diabetes detection and screening.

These studies are closely aligned with recent advancements in non-invasive diabetes
diagnosis using FTIR spectroscopy integrated with ML techniques. The proposed ap-
proach addresses the challenges associated with limited data availability and privacy-sen-
sitive clinical datasets by incorporating synthetic data generation through AE and GAN
to augment FTIR blood serum datasets. This framework establishes a foundation for the
development of more robust, generalizable, and ethically compliant ML models for relia-
ble diabetes detection.

3. Synthetic Data Generation Theoretical Foundations

The following subsections outline the theoretical foundations and architectural prin-
ciples of AEs and GANs, which constitute the methodological basis for the synthetic data
generation framework employed in this study.

3.1. Autoencoder Architecture and Learning Process

An AE is an artificial neural network designed to learn data representations in an
unsupervised manner [50]. Its primary objective is to capture the most significant features
of high-dimensional data by compressing it into a lower-dimensional representation,
commonly referred to as an encoding [50]. This process enables dimensionality reduction
and efficient data representation without requiring labeled inputs. AE accomplishes this
through a two-part architecture consisting of an encoder and a decoder [50]. The encoder

https://doi.org/10.3390/info17070638



Information 2026, 17, 638

8 of 49

(green) compresses the input data into a compact latent space, while the decoder (blue)
reconstructs the original input from this compressed representation. By minimizing re-
construction errors during training, the network learns to identify and preserve the essen-
tial features of the data [51]. The general architecture of an AE comprises three key com-
ponents, as illustrated in Figure 1. The encoder begins with an input layer that receives
raw data. Through successive hidden layers, the data dimensionality is reduced, allowing
for the capture of important patterns and characteristics.

Input Reconstruction

Figure 1. AE architecture.

This process culminates in the bottleneck layer, which represents the compressed la-
tent encoding of the input data [51]. The latent code serves as the core of the network,
encapsulating compact knowledge representations that capture the most salient features
of the data [52]. The decoder reconstructs the original input from this latent representation
by progressively increasing the dimensionality of the hidden layers until reaching the out-
put layer. Ideally, the reconstructed output closely approximates the original input [51].
Training AE involves minimizing a reconstruction loss, which quantifies the discrepancy
between the original input and its reconstruction [52]. Commonly used loss functions in-
clude Mean Squared Error (MSE) for continuous data and binary cross-entropy for binary
data [53]. Once trained, the encoder can operate independently to generate compact rep-
resentations of new data that resemble those in the training set. To prevent overfitting and
encourage meaningful feature extraction, several constraints are typically imposed. Lim-
iting the number and size of hidden layers compels the model to learn only the most rep-
resentative features [54], while incorporating regularization terms in the loss function dis-
courages trivial solutions and enhances generalization [55]. Additionally, applying de-
noising techniques by introducing noise into the input data and training the model to
reconstruct the clean version of the data improves robustness [56]. Adjusting activation
functions to maintain sparsity, ensuring that most neurons remain inactive, further re-
duces model complexity and promotes efficient representation learning [57]. Through
these mechanisms, AE learn compact, meaningful, and generalizable data representations
that are widely used in dimensionality reduction, feature extraction, and anomaly detec-
tion.

3.2. Generative Adversarial Network Architecture and Training Dynamics

A GAN consists of two distinct models, the generator and the discriminator, trained
using adversarial learning methods [58]. The first model is a generative model that at-
tempts to generate new input samples that are completely different from the real inputs.
The generator has never been exposed to real input; however, it operates with an input
structure similar to that of the original dataset. The generator accepts latent vectors (ran-
dom noise) as input and produces new samples that align with the distribution of original
information samples [58]. The second model is the discriminator, whose primary function
is to differentiate between data and estimate the likelihood that it originates from either
the original dataset or the generator [58]. Figure 2 illustrates the GAN model, which be-
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gins with a latent vector (represented by blue dots on the left). This vector is a random
noise sample, typically drawn from a simple distribution such as a Gaussian or uniform
distribution. It represents the seed from which the generator creates new data. The gener-
ator (blue/purple box) receives the latent vector and transforms it through a neural net-
work into synthetic (fake) data samples. These fake samples are meant to imitate the dis-
tribution of original samples (pink box). Both original samples (from the training dataset)
and fake samples (produced by the generator) are fed into the discriminator (green box).
The discriminator’s job is to classify each input as real or fake. The discriminator’s output
is the probability of the data being original or not. Based on its prediction, a discriminator
loss is computed to measure how well it correctly identifies real vs. fake data. If it misclas-
sifies, the loss increases, prompting it to adjust its weight during backpropagation. The
generator’s goal is to produce fake data that the discriminator classifies as real. Hence, the
generator loss depends on the discriminator’s output when it is fooled (i.e., when fake
data are classified as real). The generator updates its parameters based on this feedback
to create more realistic data in the next iteration. The GAN training process alternates
between training the discriminator, keeping the generator fixed to better distinguish be-
tween real and fake data, and training the generator, keeping the discriminator fixed to
produce more realistic outputs. Over time, the generator learns to produce data that
closely mimics the original distribution, and the discriminator becomes less confident be-
cause fake and real data become increasingly indistinguishable, until the generator pro-
duces highly realistic data. At this point, the discriminator can no longer distinguish real
from fake with greater than random guessing accuracy (50%) [58]. GANs can learn com-
plex, high-dimensional data distributions and generate highly realistic synthetic data,
making them particularly powerful in fields such as healthcare, where data availability
and privacy pose significant challenges.

Real Samples

Latent Vector \ ,
o
D(z) Discriminator
Real) Loss

— / Discriminator
Generator D(z) i
@ (Fake) l
Generator
Fake Samples Lo

Figure 2. GAN Architecture.

4. Methodology

This section presents the framework used to generate synthetic data from the col-
lected blood sample dataset. It further describes the methodologies used in the data gen-
eration process, outlines the evaluation strategy for assessing the quality of the synthe-
sized data, and details the procedures for experimental data preparation and analysis.

4.1. Synthetic Data Generation Workflow

The proposed methodology is structured into two principal phases: (i) synthetic data
generation and (ii) evaluation of the generated data. This framework was designed to en-
sure that the synthesized FTIR spectra accurately capture the statistical and biochemical
characteristics of the original dataset while remaining suitable for downstream predictive
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tasks such as diabetes classification. As illustrated in Figure 3a, the overall pipeline inte-
grates data preprocessing, generative modeling, iterative training, and classifier evalua-
tion. Figure 3b further decomposes this workflow into a sequence of well-defined stages,
thereby ensuring methodological clarity and reproducibility.
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Figure 3. Steps required to generate synthetic data: (a) methodology pipeline; (b) flowchart of the

synthetic data generation pipeline.

4.1.1. Data Loading and Preprocessing

The process begins by loading the original FTIR blood serum dataset, containing both
diabetic and non-diabetic spectra, from a structured CSV file. During synthetic data gen-
eration, the AE and GAN models were trained separately within each disease class to pre-
serve class-specific spectral characteristics and maintain the original class distribution.
Preprocessing was subsequently applied to improve data quality and model compatibility.
Feature scaling was performed using normalization techniques, including StandardScaler
and MinMaxScaler [59], to mitigate disparities in feature magnitudes and ensure stable
model convergence. To address the high dimensionality of the spectral data, PCA was
applied as a dimensionality reduction technique. By retaining 99.9% of the variance, PCA
reduced noise and redundancy while preserving the most informative spectral features.
The use of PCA prior to generative modeling was intended to reduce computational com-
plexity, mitigate overfitting associated with the limited dataset size, and improve the sta-
bility of AE and GAN training by removing highly correlated spectral variables. The trans-
formed data were subsequently used as inputs to the generative models. The prepro-
cessing workflow therefore consisted of five sequential stages: (i) spectral normalization
using StandardScaler (AE) or MinMaxScaler (GAN), (ii) dimensionality reduction using
PCA with 99.9% variance retention, (iii) conversion of the processed spectra into PyTorch
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tensor representations, (iv) partitioning of the dataset into training, validation, and testing
subsets, and (v) training of the generative models using the processed feature space. Fol-
lowing preprocessing, the dataset was partitioned into training, validation, and test sub-
sets, as described further in Section 4.3. The processed data were then converted into ten-
sor representations compatible with PyTorch, and Datal.oaders were constructed to facil-
itate efficient mini-batch processing during model training. Details of the software ver-
sions used in this study are provided in Section 5.

4.1.2. Model Definition and Parameter Configuration

Two generative modeling approaches were employed: AE and GAN. The AE archi-
tecture consists of an encoder and a decoder, which learn compressed latent representa-
tions of the input data and subsequently reconstruct the original spectra. In contrast, the
GAN framework comprises a generator and a discriminator trained in an adversarial
manner, where the generator attempts to produce realistic synthetic spectra and the dis-
criminator attempts to distinguish between original and generated samples. Prior to train-
ing, model parameters, including network weights and biases, were initialized. For the
GAN model, Binary Cross-Entropy Loss (BCELoss) was used to quantify the adversarial
objective, whereas Mean Squared Error Loss (MSELoss) was employed for the AE model
to measure reconstruction error. Optimization was performed using the Adam (Adaptive
Moment Estimation) optimizer, which provides adaptive learning rates and improved
convergence stability. Key hyperparameters, including learning rate, batch size, number
of epochs, and latent-space dimensionality, were defined experimentally.

4.1.3. Training Procedure

The training process was conducted iteratively over multiple epochs using mini-
batch gradient descent. For the GAN model, training followed an alternating optimization
strategy. The discriminator was first updated to correctly classify original and generated
samples, after which the generator was updated to improve its ability to produce realistic
spectra. To enhance training stability, techniques such as label smoothing, noise injection,
and multiple generator updates per iteration were incorporated. For the AE model, train-
ing involved forward propagation through the encoder—decoder architecture, computing
the reconstruction loss, and parameter updates via backpropagation. Training and vali-
dation losses were monitored throughout the process to assess convergence and detect
potential overfitting. This iterative learning procedure enabled the models to capture com-
plex spectral patterns present in the original FTIR dataset and generate synthetic spectra
with similar statistical and structural characteristics. Multiple training iterations across
successive epochs ensured convergence and stable model performance.

4.1.4. Synthetic Data Generation and Evaluation

Upon completion of training, the generator (GAN) or decoder (AE) was used to pro-
duce synthetic datasets. These generated spectra were intended to replicate the statistical
distribution and feature relationships of the original FTIR data. Following synthetic data
generation, two complementary evaluation tasks were performed. The first focused on
synthetic-data realism, where classifiers were trained to distinguish between original and
synthetic spectra. Within this framework, low classifier separability indicates that the syn-
thetic samples closely resemble the original data distribution and are therefore more real-
istic. The second evaluation focused on diabetes discrimination, in which classifiers were
used to distinguish diabetic from non-diabetic samples in both the original and aug-
mented datasets. These two evaluation tasks assess fundamentally different aspects of
model performance and were therefore interpreted independently throughout the study.
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To quantitatively assess the similarity between original and synthetic FTIR spectra,
Pearson’s correlation coefficient (r) and the coefficient of determination (R?) were calcu-
lated —as presented further in Section 6.1.7. Pearson’s correlation coefficient measures the
strength of the linear relationship between the original and generated spectra, whereas R?
quantifies the proportion of variance in the original spectra explained by the synthetic
spectra. These metrics were computed according to Equations (1) and (2). The Pearson
Correlation Coefficient is calculated using Equation (1):

_ TR0y
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where x; and y; represent the absorbance values of the original and synthetic spectra,

respectively, and X and y denote their corresponding mean values. The Coefficient of De-
termination R? was used to evaluate how well the synthetic spectra reproduce the varia-
bility of the original spectra. Values closer to 1 indicate a stronger agreement between the
compared datasets. The coefficient is calculated using Equation (2):
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where y; represents the original spectral values, J; denotes the corresponding synthetic
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spectral values, and y is the mean of the original spectral values.

Finally, ML classifiers, including Support Vector Machines (SVM) and Random For-
ests (RF), were applied to assess the usability and predictive value of the generated data.
Confusion-matrix analysis was subsequently used to compare predicted and actual labels,
thereby evaluating whether the synthetic spectra preserved predictive characteristics
comparable to those of the original FTIR dataset.

4.2. Data Preprocessing

PCA is a widely used statistical technique for dimensionality reduction and feature
extraction, particularly in high-dimensional datasets such as those in spectroscopy. Before
training the generative models, the FTIR spectra underwent model-specific normalization
procedures to improve numerical stability and training performance. For the AE model,
spectral variables were standardized using StandardScaler, which centers each feature
and scales it to unit variance. This scaling approach is commonly employed in neural net-
work reconstruction because it centers the data distribution and facilitates stable gradient
propagation during training. For the GAN model, MinMaxScaler was applied to scale all
spectral variables to the range [0, 1]. This normalization strategy was selected because the
GAN generator used output activation functions that perform best within a bounded nu-
merical range, thereby improving adversarial training stability and convergence. Differ-
ent normalization methods were adopted because preliminary experiments demonstrated
improved convergence and training stability when StandardScaler was used for the AE
and MinMaxScaler was used for the GAN.

Following normalization, PCA was applied to the spectra to reduce redundancy and
noise while preserving the most informative biochemical features. PCA operates by trans-
forming the original correlated variables into a new set of orthogonal variables, known as
principal components, which are ranked according to the proportion of variance they ex-
plain in the dataset [60]. This transformation identifies the most informative directions in
the feature space while suppressing low-variance components that are often associated
with noise. Given that the FTIR dataset comprised thousands of spectral variables, dimen-
sionality reduction was essential to improve computational efficiency and mitigate the
risk of overfitting [60].

The PCA transformation was implemented using the PCA class from the scikit-learn
library, with n_components set to 0.999. This reduced the original feature space from 3000
spectral variables to 53 principal components while retaining 99.9% of the total variance.
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This configuration automatically retained the minimum number of principal components
needed to preserve 99.9% of the dataset’s total variance, ensuring maximal information
retention while reducing feature dimensionality. After fitting the PCA model to the scaled
data, the spectra were projected into the reduced principal component space using the
fit_transform method. The resulting dataset (data_pca) provided a compact representa-
tion of the original FTIR spectra, where each sample was described by principal compo-
nent scores rather than raw spectral intensities. The transformed data were subsequently
converted into PyTorch tensor representations and organized using Dataloader struc-
tures to enable efficient mini-batch training. The overall preprocessing workflow, there-
fore, consisted of spectral normalization, dimensionality reduction, tensor conversion, da-
taset partitioning, and model training. Class imbalance was carefully evaluated prior to
model development because imbalanced biomedical datasets may introduce classification
bias and affect the quality of synthetic data generation. The original dataset contained
both diabetic and non-diabetic FTIR spectra in approximately balanced proportions. Con-
sequently, diabetic FTIR spectra were available and included throughout model develop-
ment. Synthetic data generation was not restricted to the non-diabetic class; instead, syn-
thetic spectra were generated separately for each disease class to preserve class-specific
biochemical characteristics and maintain the original class distribution. This strategy
avoided introducing artificial class imbalance and ensured that the augmented datasets
remained representative of both diabetic and non-diabetic populations. Consequently, no
additional balancing techniques, such as random oversampling, random undersampling,
SMOTE, or class-weighted loss functions, were required. To preserve class balance
throughout the experimental workflow, training, validation, and testing subsets were
generated using randomized splitting procedures with a fixed random seed.

To ensure reproducibility and facilitate future deployment, the trained PCA model
was serialized and stored using the joblib library, enabling the same transformation to be
consistently applied to new data without retraining. The dimensionality of the resulting
tensor, denoted as input_dim, corresponded to the number of retained principal compo-
nents and served as the input dimension for the generative models. Overall, the PCA pre-
processing strategy provided a compact, noise-reduced representation of the FTIR spectra,
improving both computational efficiency and model generalization performance.

4.3. Split of the Sample Set

The division of the dataset into distinct subsets is a critical step in the development
and evaluation of ML models. In particular, separating data into training and test subsets
enables an unbiased assessment of a model’s ability to generalize to previously unseen
samples. Evaluating a model on the same data used for training would yield overly opti-
mistic performance estimates and fail to reflect real-world applicability [60]. Therefore, an
appropriate data splitting strategy is essential to mitigate overfitting and ensure the relia-
bility of the reported results. The dataset comprised 100 FTIR spectra, each represented
by 3000 discrete wavenumber points, where each feature corresponded to the absorbance
measured at a specific wavenumber within the 400-4000 cm™! spectral range. These fea-
tures represent individual spectral sampling points rather than aggregated spectral bins,
resulting in a data matrix of size 100 x 3000. The generative models were trained exclu-
sively using the original FTIR blood serum dataset acquired from original clinical meas-
urements. Following model training, synthetic spectra were generated using the trained
AE and GAN models. For evaluation purposes, the resulting synthetic spectra were com-
bined with the original spectra to form a balanced mixed dataset comprising 100 original
and 100 synthetic samples (100:100 ratio), yielding a total of 200 samples. This ratio refers
solely to the composition of the evaluation dataset and does not imply that synthetic sam-
ples were used during the training of the generative models. The balanced dataset ensured
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that classification performance was not biased toward a dominant class. To evaluate
model performance, the dataset was split into training and test sets at an 80:20 ratio. The
train-test split was performed at the sample level, treating each FTIR spectrum with 3000
spectral variables as a single observation. After combining the original and synthetic da-
tasets, a total of 200 samples were available. An 80:20 split was selected because the avail-
able dataset was relatively small. This ratio provides a commonly adopted balance be-
tween maximizing the number of samples available for model learning (160) and preserv-
ing an independent test set (40) for unbiased performance evaluation. More conservative
splits, such as 70:30 or 60:40, would further reduce the amount of training data available
to both the generative and classification models, potentially increasing estimation vari-
ance and reducing model stability. Therefore, the 80:20 ratio was considered an appropri-
ate compromise for this exploratory study. The 160 training samples were further split
into training and validation sets at an 80:20 ratio, yielding 128 for training and 32 for val-
idation. The validation subset was used to monitor model convergence, optimize hy-
perparameters, and assess potential overfitting during training. This partitioning proce-
dure was implemented using the random_split function from the PyTorch library, which
randomly assigns samples to each subset. To ensure reproducibility of the experimental
results, a fixed random seed (random state = 42) was used throughout the splitting process.
To further improve the statistical reliability of classifier performance estimates and miti-
gate limitations associated with the relatively small test set, classifier evaluation was ad-
ditionally performed using stratified 10-fold cross-validation. Performance metrics were
calculated independently for each fold and reported as mean * standard deviation across
all folds. This approach provides a more robust estimate of model generalization perfor-
mance and reduces sensitivity to any particular data partition. After dataset partitioning,
data loading was performed using the Datal.oader utility in PyTorch. This component
enables efficient mini-batch processing, which is essential for scalable model training. A
batch size of 64 samples was selected as a compromise between computational efficiency
and memory constraints. The training data loader was configured with shuffling enabled
(shuffle = True), ensuring that the order of samples was randomized at the beginning of
each training epoch. This randomness helps reduce the risk of the model learning spuri-
ous correlations associated with sample ordering and improves generalization perfor-
mance. In contrast, the testing data loader was configured with shuffling disabled (shuffle
= False), as deterministic ordering is preferred during evaluation to maintain consistency
and reproducibility of results. During iteration, each batch returned by the data loader
was structured as a tuple, where the first element corresponded to the input feature tensor
and subsequent elements (if present) corresponded to labels or auxiliary information. In
this implementation, the input data was accessed through batch[0]. The dimensionality of
each batch reflected both the batch size and the feature space (up to 64 x 3000), and in-
spection of these tensor shapes served as an important validation step to confirm correct
data handling before model training.

Overall, this data partitioning and loading strategy provides a robust experimental
framework by preventing data leakage, enabling fair model evaluation, supporting effi-
cient training, and improving the reliability of reported performance estimates.

4.4. Validation Loss Curve

The validation process is employed to assess model performance on an independent
dataset that is not used for parameter updates during training. This provides an estimate
of the model’s ability to generalize to unseen data and facilitates the detection of potential
overfitting. During validation, no gradient updates are performed; instead, the model op-
erates in inference mode. Specifically, all network components are switched to evaluation
mode using the (. eval ()) setting in PyTorch, ensuring deterministic behavior of layers
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such as dropout and batch normalization. Furthermore, gradient computation is disabled
using the (torch.no_grad()) context, reducing memory usage and computational over-
head. Validation is conducted at the end of each training epoch. The model iterates over
the validation dataset in mini batches, and the corresponding loss values are accumulated
and averaged across all batches to obtain epoch-level validation metrics. These metrics are
recorded to track performance trends over time. For GAN-based models, validation in-
volves evaluating both the generator and discriminator networks. During each validation
step, original samples from the validation dataset are first passed to the discriminator to
obtain predictions for the original data. In parallel, synthetic samples are generated by
feeding latent vectors, sampled from a predefined noise distribution, into the generator.
These generated samples are subsequently evaluated by the discriminator to produce pre-
dictions for fake data. The discriminator validation loss is computed as the average of two
components: (i) the loss between the discriminator’s predictions on original samples and
their corresponding ground truth labels (set to 1), and (ii) the loss between predictions on
generated samples and fake labels (set to 0). This is formally defined as expressed in Equa-
tion (3):

Lyeg/tL
LD — real2 ‘fake (3)

where L., denotes thelossonreal samplesand Lg,,. denotes the loss on generated sam-
ples. The generator validation loss evaluates the ability of the generator to produce sam-
ples that are classified as real by the discriminator. This is computed by comparing dis-
criminator predictions on generated samples against real labels as mentioned in Equation

(4):
LG = Lfake—>rea| (4)

For each epoch, the discriminator and generator validation losses are accumulated
across all mini batches and averaged. The resulting values are stored (d_val_losses and
g_val_losses) to monitor adversarial training dynamics over time. A stable training pro-
cess is typically characterized by balanced behavior between the generator and discrimi-
nator. In contrast, divergence or oscillatory patterns in validation losses may indicate
training instabilities such as mode collapse, vanishing gradients, or overfitting. For AE
models, validation focuses on reconstruction performance rather than adversarial learn-
ing. During each validation step, input samples are passed through the encoder-decoder
architecture to produce reconstructed outputs. The validation loss is computed by com-
paring the reconstructed outputs with the original inputs using a reconstruction loss func-
tion, such as Mean Squared Error (MSE) or Binary Cross Entropy (BCE), depending on
the nature of the data. This loss quantifies the model’s ability to accurately capture the
underlying structure of the input data. As with GAN, the reconstruction loss is accumu-
lated over all mini batches and averaged to obtain the epoch-level validation loss. These
values are recorded to monitor convergence and generalization performance. A well-per-
forming AE is typically characterized by a decreasing and stable validation loss. Con-
versely, an increasing gap between training and validation loss may indicate overfitting,
while persistently high validation loss may suggest underfitting or insufficient model ca-

pacity.

5. Dataset and Algorithm Setup

This section provides a detailed description of the algorithm’s workflow, including
its primary steps and sub-processes, and explains their respective roles in generating syn-
thetic data. In addition, it specifies the computational platform utilized for data generation
and outlines the configuration of the algorithm parameters. To ensure reproducibility and
clarity, the following subsections describe the dataset characteristics, preprocessing pro-

https://doi.org/10.3390/info17070638



Information 2026, 17, 638

16 of 49

cedures, model training strategy, and synthetic data generation methodology. The origi-
nal FTIR blood serum dataset used for model training was obtained from a previously
published study [61], consisting exclusively of FTIR blood serum spectra collected during
clinical measurements, conducted under the ethical approval and informed consent pro-
cedures reported therein. The dataset used in the present study contained only anony-
mized spectral measurements and did not include personally identifiable information. A
total of 100 original spectra were available, comprising diabetic and non-diabetic samples
as reported in the source dataset [61]. No synthetic data were used during the training of
either the AE or GAN models. Synthetic spectra were generated only after model training
and then combined with the original spectra for evaluation. Consequently, the mixed eval-
uation dataset contained 100 original spectra and 100 synthetic spectra (200 samples in
total), whereas the generative models themselves were trained exclusively on original
clinical measurements. The implementation was conducted in Python 3.13.1 within the
Anaconda Navigator environment using Jupyter Notebook 7.2.2. Deep learning model
development was supported by the PyTorch framework, while the Matplotlib and Sea-
born libraries were employed for data visualization. This computational setup facilitated
efficient data preprocessing, algorithm execution, and result interpretation. To prepare
the data for model training, the tabular dataset, including biochemical markers relevant
to disease prediction, underwent a series of preprocessing and transformation steps. The
algorithmic workflow begins with data loading, where the diabetic dataset stored in CSV
format is imported and made available for subsequent preprocessing and training. Data
normalization follows, scaling all numerical features to a common range (e.g., 0-1 or —1-
1) to prevent large, valued variables from dominating model learning and to enhance
training stability [62]. Subsequently, PCA is applied to reduce data dimensionality while
preserving most of the variance, thereby simplifying the dataset, removing noise, and ac-
celerating computation [63]. The processed data are then converted into PyTorch tensors
to ensure compatibility with the deep learning framework [63]. The processed dataset was
partitioned according to the strategy described in Section 4.3 before model training and
evaluation [64]. A DataLoader is then created to organize the data into mini-batches, man-
age shuffling operations, and improve training efficiency and randomness [65]. Following
data preparation, the model definition phase is initiated. In the AE architecture, the en-
coder compresses the input data into a lower-dimensional latent representation, while the
decoder reconstructs the original data from that latent space [52]. In contrast, the GAN
architecture consists of a generator that produces synthetic samples resembling the origi-
nal data and a discriminator that distinguishes between original and generated samples
[58]. After defining the architectures, parameter settings such as learning rate, batch size,
number of epochs, and latent space dimension are optimized to guide the learning process
and influence the fidelity of the generated data. During the training loop, data are itera-
tively fed through the model, weights are updated, and the loss function is minimized.
This iterative process enables the network to learn complex patterns present in the original
dataset and generate synthetic data with similar statistical and structural properties [66].
Multiple training iterations across successive epochs ensure convergence and stable
model performance. Generating synthetic datasets using GAN and AE models required
specific algorithmic configurations, as shown in Table 1. For the GAN model, the final
configuration consisted of 10,000 training epochs, a batch size of 64, a discriminator learn-
ing rate of 0.0001, and a generator learning rate of 0.0002. For the AE model, the final
configuration included 1000 training epochs, a learning rate of 0.002, and an encoding
dimension of 256. The architecture and hyperparameter values were selected through an
empirical optimization procedure.

Table 1. Hyperparameter configurations were evaluated during model optimization, and the final

selected parameters for the AE and GAN models.
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Model Parameter Tested Values Final Value Selection Criterion
AE Latent Dimension 64,128, 256, 512 256 Best reconstruCtlon—qtolifhty/complexﬁy trade-
AE Learning Rate 00005, 8(?851 - 0.002, 0.002 Fastest stable convergence
AE Epochs 500, 1000, 1500 1000 Validation loss plateau

GAN  Generator Learning Rate 0.0001, 0.0002, 0.0005 0.0002 Stable adversarial training

GAN D1scr1m1n§;c;1; Learning 0.00005, 0.0001, 0.0002 0.0001 Best generator—discriminator balance

onifi ; 1
GAN Epochs 5000, 10,000, 15,000 10,000 No significant improvement beyond 10,000
epochs
GAN Batch Size 32, 64,128 64 Stable convergence and memory efficiency

The hyperparameter optimization process was conducted using an empirical trial-
and-error strategy guided by validation performance. Multiple combinations of learning
rates, latent dimensions, batch sizes, and training epochs were evaluated. Model selection
was based on four criteria: (i) convergence stability assessed through training and valida-
tion loss curves; (ii) reconstruction quality for the AE model; (iii) adversarial training sta-
bility for the GAN model; and (iv) the realism and statistical fidelity of the generated spec-
tra. The final configuration was selected as the best compromise between synthetic data
quality, training stability, and computational efficiency. The network architectures were
intentionally kept relatively simple due to the limited size of the FTIR dataset, thereby
reducing the risk of overfitting while preserving the ability to capture the data’s principal
spectral characteristics. Among the tested latent space dimensions, 256 provided the best
tradeoff between reconstruction accuracy and computational complexity. Latent dimen-
sions of 64 and 128 resulted in higher reconstruction losses, indicating insufficient repre-
sentation capacity, whereas increasing the latent dimension to 512 produced only mar-
ginal improvements while substantially increasing computational cost. Similarly, a batch
size of 64 provided stable convergence and efficient training, whereas smaller batch sizes
increased training variance and larger batch sizes slowed convergence. For the GAN
model, a generator learning rate of 0.0002 and a discriminator learning rate of 0.0001 pro-
duced the most stable adversarial dynamics and yielded synthetic spectra with the highest
spectral similarity to the original data. These configurations were therefore selected to op-
timize the learning process and ensure reliable model convergence.

Finally, the evaluation phase involved applying ML classifiers, including Support
Vector Machines (SVM) and Random Forests (RF), to assess the quality and usability of
the synthetic data [62]. A confusion matrix was subsequently used to compare predicted
and actual labels, thereby evaluating whether the synthetic data preserved predictive
characteristics comparable to those of the original dataset [62].

5.1. Classifiers Evaluation

When generating synthetic datasets, it is essential to evaluate whether the generated
data accurately reproduces the statistical characteristics of the original distribution. Be-
cause the available dataset was relatively small, classifier performance was evaluated us-
ing stratified k-fold cross-validation rather than relying solely on a single train—test split.
This approach provides a more robust estimate of model generalization performance and
reduces sensitivity to a particular dataset partition. It is important to distinguish between
synthetic data realism assessment and disease classification, as these represent two fun-
damentally different evaluation objectives. In the realism assessment task, classifiers are
trained to identify whether a sample originates from the original or synthetic dataset. In
this context, poor classifier performance, with accuracy approaching random guessing,
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indicates high synthetic-data realism because the classifier is unable to reliably distinguish
generated spectra from original spectra. Conversely, in the diabetes-classification task,
classifiers are trained to distinguish diabetic from non-diabetic samples, where high accu-
racy, sensitivity, specificity, F1-score, and AUC values are desirable. Consequently, the
interpretation of classifier performance depends on the specific evaluation objective. This
study demonstrates the effectiveness of GAN and AE models in generating synthetic FTIR
datasets for diabetes-related analysis and for distinguishing between diabetic and non-
diabetic samples. One approach for evaluating synthetic data realism is to train classifiers
to discriminate between original and synthetic spectra. If the generated data are unrealis-
tic, classifiers will easily identify distinguishing patterns and achieve high classification
accuracy. In contrast, if the synthetic data closely resembles the original distribution, clas-
sifier performance will approach random guessing, indicating high realism. Therefore,
high classifier accuracy suggests that the synthetic data remain distinguishable from the
original data, whereas low classifier accuracy, particularly values approaching 50%, indi-
cates that the generated data are highly realistic. This distinction is important because a
synthetic dataset may be realistic in terms of distribution while not necessarily improving
disease classification performance, and vice versa. To further reduce optimistic bias, syn-
thetic-data realism and diabetes-discrimination analyses were interpreted separately
throughout the study. For original-versus-synthetic discrimination, lower accuracy and
AUC values are preferable because they indicate that classifiers cannot easily identify the
origin of a spectrum. For diabetic versus non-diabetic discrimination, higher accuracy,
recall, specificity, F1-score, and AUC are preferable, as they indicate preservation of dis-
ease-relevant spectral information. Consequently, the two evaluation tasks assess differ-
ent aspects of model performance and were interpreted independently throughout the
analysis. Multiple classifiers were employed to comprehensively evaluate the generated
data, including Support Vector Machines (SVM), Random Forests (RF), K-Nearest Neigh-
bors (KNN), Gradient Boosting (GB), Logistic Regression (LoR), and Decision Trees (DT).
The use of multiple classifiers is important because different algorithms capture different
relationships within the data, such as linear separability, nonlinear patterns, local neigh-
borhood structures, and ensemble-based decision boundaries. If all classifiers fail to dis-
tinguish between original and synthetic spectra, the confidence that the generated data
successfully captures the underlying structure of the original dataset increases. DT is a
supervised ML algorithm used for both classification and regression tasks. It functions by
recursively splitting the dataset into branches based on decision rules derived from fea-
ture values, forming a tree-like structure in which internal nodes represent attribute-based
decisions and leaf nodes represent predicted outcomes. The interpretability and simplicity
of DT models make them suitable for medical decision-support systems, although they
may be prone to overfitting when the tree becomes excessively complex [67]. SVM is a
robust supervised-learning algorithm primarily used for classification and, less frequently,
for regression. SVM identifies the optimal hyperplane that maximizes the margin between
classes, where the nearest observations are known as support vectors. This margin maxi-
mization improves generalization to previously unseen data. SVMs are particularly effec-
tive in high-dimensional feature spaces and are widely used in biomedical signal and im-
age-classification applications [62]. GB is an ensemble-learning technique that constructs
a strong predictive model by combining multiple weak learners, typically decision trees.
The model is developed sequentially, with each new tree correcting the residual errors of
the previous one. By employing gradient-descent optimization to minimize prediction er-
ror, GB often achieves high accuracy and strong robustness. Consequently, it has been
widely applied in structured data analysis and clinical risk prediction studies [68]. KNN
is a non-parametric, instance-based learning algorithm suitable for both classification and
regression tasks. It assumes that observations with similar feature values are close to one
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another in the feature space. For classification tasks, KNN assigns class labels based on
the majority vote of the k nearest neighbors. For regression tasks, outcomes are predicted
by averaging neighboring observations. Despite its simplicity, KNN often performs well
when data exhibit clear local structures [69,70]. RF is a widely used ensemble learning
algorithm that improves predictive accuracy and reduces overfitting by combining multi-
ple decision trees. Each tree is trained on randomly selected subsets of both samples and
features through a bagging strategy. For classification tasks, predictions are determined
by majority voting, whereas regression outputs are obtained by averaging individual tree
predictions. RF is recognized for its robustness and strong generalization performance in
biomedical data-analysis applications [71]. LoR is a statistical and ML algorithm primarily
designed for binary classification problems, although extensions to multiclass settings are
also possible. It estimates class membership probabilities using the logistic (sigmoid) func-
tion, which maps real-valued inputs to probabilities between 0 and 1. The model coeffi-
cients provide interpretable estimates of the direction and magnitude of relationships be-
tween predictors and outcomes, making LoR particularly attractive in clinical prediction
studies [72]. To evaluate the synthetic data, classifier performance was assessed using con-
fusion matrix analysis together with standard classification metrics, including accuracy,
precision, recall, and F1-score, which are widely used in classification tasks [62]. These
metrics are calculated from the numbers of true positives (IP), true negatives (TN), false
positives (FP), and false negatives (FN), as defined in Equations (5)—(8).

hecuracy = ®
Precision = TZFP (6)
Recall = TP:I::'N )
F1score = 2 Prect:szioanecall (8)
Precision+Recall

5.2. Experimental Analysis Method

After being applied to the provided dataset, a preliminary experimental validation
of the method was implemented through the FTIR spectra of whole blood samples, locally
collected from healthy and diabetic donors. The blood sample collection followed the Eth-
ical approval CEICVS 039/2023 from the Ethics Commission for Research in Life and
Health Sciences (CEICVS), from the University of Minho, Portugal. FTIR spectra were ac-
quired from whole blood samples collected from 7 adult volunteers (mean age: 34.4 years),
including 6 healthy individuals (2 men and 4 women) and 1 diabetic male volunteer, all
with informed consent. Besides gender, age, and disease status (healthy/pathological), no
additional information was collected from the volunteers. Statistical analyses were per-
formed exclusively on the 6 healthy samples to characterize variability among normal
spectra. All blood samples were acquired on the same day of the measurements, collected
into tubes with ethylenediaminetetraacetic acid (EDTA) to prevent blood coagulation, and
kept refrigerated until spectra acquisition, avoiding sample deterioration and oxidation.
All FTIR measurements were recorded over the spectral range 400-4000 cm™ at a resolu-
tion of 4 cm™, with each spectrum representing the average of 16 scans, using an FTIR
spectrometer (PerkinElmer Precisely, Spectrum 100; Shelton, CT, USA). For the spectra
acquisition of the fluidic blood samples, a mechanical metallic adapter was used, fitting
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in the IR spectrometer sample holder. The adapter includes two CaF2 windows able for
infrared transmission, separated by mylar spacers with 25 um thickness. For each assay,
15 pL of the blood sample was pipetted into the spacer open area, followed by closing the
CaF: window and promptly analysing. Each assay was repeated 3 times. Between each
measurement, the adapter, mylar spacer, and CaF: windows were carefully cleaned with
diluted Isopropyl Alcohol (IPA). The absorbance of each sample was calculated using the
standard relation in Equation (9).

A=2-10g:0(T(%)) )

where (A) represents absorbance and (T) transmission.

Because only one type-2 diabetic volunteer was available for this preliminary whole
blood experiment, the resulting dataset is insufficient for meaningful statistical evaluation
of diabetes classification performance. Consequently, the experimental analysis presented
in this section should be interpreted exclusively as a proof-of-concept assessment of spec-
tral feasibility and methodological transferability rather than as evidence of diagnostic
accuracy, sensitivity, specificity, or clinical classification performance.

6. Results and Discussion

This section presents the experimental results obtained from the proposed synthetic
data generation framework and discusses their implications for FTIR diabetes analysis.
To provide a comprehensive evaluation, the results are organized into three complemen-
tary perspectives. First, the realism of the synthetic spectra generated by the AE and GAN
models is assessed through classifier discrimination, spectral similarity analysis, and sta-
tistical fidelity metrics. Second, the utility of the generated data for diabetes discrimina-
tion is evaluated using multiple ML classifiers and standard performance metrics. Finally,
a preliminary experimental validation using independently acquired whole-blood FTIR
spectra is presented to assess spectral feasibility and methodological transferability in a
more application-oriented setting. Because these analyses address different objectives,
their results are interpreted independently throughout this section.

6.1. Synthetic Data Realism Assessment

This subsection evaluates synthetic data realism by assessing the ability of ML clas-
sifiers to distinguish original FTIR spectra from synthetic spectra generated by the AE and
GAN models. Unlike diabetes classification, where higher classification performance is
desirable, the objective of realism assessment is to determine how closely the synthetic
data resemble the original data distribution. Consequently, lower classification accuracy,
lower AUC values, and reduced separability between original and synthetic samples in-
dicate greater realism of synthetic data and stronger distributional similarity. Before pre-
senting the experimental results, it is important to summarize the dataset structure used
throughout this study. The original dataset consisted of FTIR spectra of blood serum col-
lected from diabetic and non-diabetic subjects. Each spectrum was represented by 3000
spectral variables corresponding to absorbance measurements acquired across the FTIR
spectral range. Table 2 summarizes the datasets used in each stage. These spectral varia-
bles served as the input features for the ML models, while the target variable was the class
label indicating diabetic or non-diabetic status. The resulting principal component scores
were used as inputs to the AE and GAN models for generating synthetic data. The gener-
ated synthetic samples were subsequently combined with the original data and evaluated
using multiple ML classifiers. All classification analyses reported in the following sections
were performed using these processed feature representations and their associated class
labels.
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Table 2. Distribution of original clinical spectra and synthetic spectra across the different stages of

model training and evaluation.

Dataset Stage Original Samples Synthetic Samples  Total
Generative model training 100 0 100
AE-generated dataset 100 100 200
GAN-generated dataset 100 100 200
Classifier evaluation 100 100 200

6.1.1. Loss Function

The GAN and the AE models were trained independently to generate synthetic tab-
ular datasets. Model weights were optimized through backpropagation, with conver-
gence in the loss functions indicating successful learning. The training and validation loss
curves for the GAN and AE are presented in Figures 4a and 4b, respectively, both exhib-
iting high initial losses that gradually stabilize over epochs. Upon completion of training,
the models were used to generate synthetic data, whose fidelity was first assessed by com-
paring the spectra of the original and synthetic datasets. The GAN loss plot provides val-
uable insight into the interaction between the generator and discriminator during train-
ing. Figure 4a displays four curves across epochs. The blue curve shows the discriminator
training loss, indicating how effectively the discriminator distinguishes between original
and synthetic samples. The orange curve corresponds to the generator training loss, re-
flecting the generator’s ability to produce realistic samples that can fool the discriminator.
The green-dashed curve denotes the discriminator’s validation loss, which measures its
generalization to unseen data. The red dashed curve represents the generator validation
loss, indicating how realistic the generated samples appear to the discriminator on the
validation set. Loss values fluctuating between 0.6 and 0.8 suggest a balanced GAN, where
neither model dominates the other. The discriminator loss (0.6-0.7), which remains close
to the generator loss (0.7-0.8), indicates stable adversarial dynamics. These oscillations are
expected due to the simultaneous optimization of two competing networks. Diverging
loss trends, by contrast, would imply instability or mode collapse. In this case, both train-
ing and validation losses oscillate around similar means, demonstrating a stable equilib-
rium and good generalization, with no evidence of overfitting. Similarly, regarding the
AE training and validation loss curves, Figure 4b shows the model convergence behavior.
During the initial phase (0-100 epochs), both losses decrease sharply as the model rapidly
learns to reconstruct input data. In the middle phase (100-400 epochs), the losses continue
to decrease more gradually, converging closely, indicating strong generalization without
overfitting. In the later phase (400-1000 epochs), both curves plateau, with the training
loss slightly lower than the validation loss. This small and consistent gap suggests that the
AE has successfully converged, achieving low reconstruction error and good generaliza-
tion with average validation loss (0.00158). The model was evaluated over 10 consecutive
intervals of 100 epochs each, spanning the training range from 0 to 1000 epochs. Extending
training beyond approximately 400 epochs yields negligible performance improvement,
confirming that the model has reached its optimal learning state.
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Figure 4. Loss function plots during the training for both models: (a) GAN; (b) AE.

The loss function trends demonstrate stable convergence across epochs, confirming
efficient training dynamics for both models. The GAN achieved balanced adversarial
training between its generator and discriminator components, while the AE exhibited
minimal overfitting and robust generalization, signifying a healthy reconstruction pro-
cess.

6.1.2. Performance Metrics for Original Versus the Synthetic Blood Spectra

Classifier performance for the GAN-generated and AE-generated datasets is summa-
rized in Tables 3-5. The evaluation was performed using separate training and testing
procedures, along with stratified 10-fold cross-validation, to assess classifier generaliza-
tion and the distinguishability of synthetic spectra from original spectra. Because the ob-
jective of this experiment was synthetic data realism assessment rather than disease clas-
sification, classifier performance should be interpreted differently from conventional clas-
sification tasks. In this context, lower classification accuracy indicates that synthetic spec-
tra more closely resemble the original spectra and are therefore more difficult to distin-
guish. Table 3 presents the results for the testing set. For the GAN-generated dataset, test-
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ing accuracies ranged from 31% to 59%, with DT achieving the highest accuracy (59%) and
LoR the lowest (31%). Precision, recall, and F1-score values were similarly modest across
most classifiers. These results indicate that the classifier’s ability to distinguish original
spectra from GAN-generated spectra is limited. In contrast, the AE-generated dataset pro-
duced substantially higher testing accuracies, ranging from 59% to 81%, with GB achiev-
ing the highest accuracy (81%), followed by SVM (78%) and DT (73%). The consistently
higher precision, recall, and F1-score values obtained for AE-generated data indicate that
classifiers could more readily identify differences between original and synthetic spectra.
Table 4 summarizes the training set performance. For the GAN-generated dataset, train-
ing accuracies ranged from approximately 58% to 85%, whereas the AE-generated dataset
produced accuracies ranging from approximately 51% to 91%. In both cases, training per-
formance exceeded testing performance, which is expected because classifiers are opti-
mized on the training data. However, the moderate difference between training and test
accuracies suggests that severe overfitting was largely avoided. The largest discrepancies
were observed for RF and GB, indicating that these models may have captured additional
dataset-specific characteristics, particularly for the AE-generated spectra. To further as-
sess robustness, Table 5 reports results from stratified 10-fold cross-validation. For the
GAN-generated dataset, mean accuracies ranged from approximately 49.5% to 61.5%,
with LoR achieving the highest average accuracy (61.5%). For the AE-generated dataset,
mean accuracies ranged from approximately 51.0% to 84.0%, with GB achieving the high-
est average accuracy (84.0%), followed by DT (73.0%) and RF (70.5%). The relatively small
standard deviations observed across folds indicate reasonably stable classifier perfor-
mance and support the reliability of the reported results. Taken together, the results
demonstrate that classifiers generally found it more difficult to distinguish GAN-gener-
ated spectra from original spectra than AE-generated spectra. From a synthetic data real-
ism perspective, this behavior is desirable because it suggests greater distributional simi-
larity between the GAN-generated and original FTIR spectra. Conversely, the higher clas-
sification accuracies, precision, recall, and F1-scores obtained for the AE-generated dataset
indicate greater separability between synthetic and original samples. This does not imply
superior synthetic data quality; rather, it suggests that the AE-generated spectra retained
detectable structural characteristics, enabling classifiers to distinguish them more readily
from the original data. These findings further support the interpretation that the GAN and
AE models emphasize different aspects of data generation. The GAN appears to better
reproduce the overall statistical distribution of the original FTIR spectra, thereby reducing
classifier separability and increasing perceived realism. In contrast, the AE preserves
dominant spectral patterns and discriminative information more strongly, resulting in
synthetic spectra that remain more distinguishable from the original dataset. Conse-
quently, synthetic data realism and downstream classification utility should be regarded
as complementary but distinct evaluation objectives when assessing the performance of
generative models.

Table 3. Test-set classification performance metrics for distinguishing original and synthetic FTIR

spectra in the mixed dataset.

GAN AE
e Accuracy Precision Recall F1 Score . Accuracy Precision Recall F1 Score

Classifier %) y %) %) %) Classifier %) y %) %) %)
DT 59.00 69.00 62.00 65.00 GB 81.00 89.00 73.00 80.00
RF 50.00 61.29 48.72 54.29 SVM 78.00 78.00 78.00 78.00
GB 50.00 61.00 51.00 56.00 DT 73.00 75.00 73.00 74.00
KNN 44.00 56.00 36.00 44.00 RF 69.00 78.00 55.00 64.00
SVM 43.75 37.50 18.75 25.00 KNN 66.00 92.00 34.00 50.00
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LoR 31.00 22.00 5.00 8.00 LoR 59.00 59.00 62.00 61.00
Table 4. Training-set classification performance metrics for distinguishing original and synthetic
FTIR spectra in the mixed dataset.
GAN AE
... _ Accuracy Precision F1 Score ... . Accuracy Precision F1 Score
Classifier %) %) Recall (%) (%) Classifier %) %) Recall (%) (%)
RF 85.00 79.79 93.75 86.21 GB 91.43 100.00 82.86 90.62
DT 71.88 71.60 72.50 72.05 RF 89.29 98.25 80.00 88.19
LoR 71.25 69.77 75.00 72.29 DT 73.00 75.00 73.00 74.00
GB 67.14 62.50 85.71 72.29 KNN 72.86 80.77 60.00 68.85
SVM 66.87 60.98 93.75 73.89 LoR 59.00 59.00 62.00 61.00
KNN 58.13 55.75 78.75 65.28 SVM 51.43 52.50 30.00 38.1
Table 5. Stratified 10-fold cross-validation performance metrics for original versus synthetic FTIR
spectra discrimination.
GAN AE
e Accuracy Precision F1 Score ... _ Accuracy Precision F1 Score
Classifier %) %) Recall (%) %) Classifier %) %) Recall (%) (%)
LoR  61.50+0.0560.04 +0.0568.00+0.12 63.41+0.07 GB  84.00 + 0.07 89.21 + 0.08 78.00 + 0.04 82.40 + 0.09
DT 59.50 £0.11 58.34 + 0.12 63.00 + 0.16 60.08 +0.14 DT 73.00+0.12 75.00+ 0.06 73.00+0.10 74.00+0.10
RF 57.00 + 0.09 55.36 + 0.08 68.00 + 0.15 60.62 + 0.11 RF 70.50 +£0.08 77681917 * 60.00 +£0.12 66.59 +0.10
GB 55.50 £ 0.08 55.50 + 0.08 61.00 + 0.04 58.04 £+ 0.06 LoR  69.00+0.16 59.00+0.12 72.00+0.12 61.00+0.10
SVM  54.50+0.07 52.86 + 0.05 77.00 + 0.14 62.38 £ 0.07 KNN 68.00 +0.05 83.98 + 0.12 46.00 + 0.11 58.48 + 0.08
KNN  49.50+0.12 50.79 +0.10 68.00 +0.13 57.43 +0.09 SVM 51.00 +0.03 10.00 + 0.30 02.00 + 0.06 03.33 + 0.01

6.1.3. Classifiers Accuracy Analysis

Figure 5 compares the classification accuracies achieved by six ML classifiers when

distinguishing original FTIR blood serum spectra from synthetic spectra generated by the
GAN and AE models. The results show that AE-generated data generally achieved higher
classification accuracies than GAN-generated data across most classifiers, except for SVM,
which achieved slightly higher accuracy with GAN-generated data (55%) than with AE-
generated data (51%). For the GAN-generated dataset, classification accuracies ranged
from 50% to 62%, with LoR achieving the highest accuracy (62%), followed by DT (60%)
and RF (57%). These values are relatively close to chance-level classification, indicating

that the classifiers experienced difficulty distinguishing GAN-generated spectra from

original spectra. In contrast, the AE-generated dataset produced substantially higher ac-

curacies for most classifiers, ranging from 51% to 84%. The highest accuracy was achieved
by GB (84%), followed by DT (73%), RF (71%), LoR (69%), and KNN (68%). These results
indicate that the AE-generated spectra were generally more distinguishable from the orig-

inal spectra than the GAN-generated spectra. However, these findings should be inter-

preted within the context of synthetic data realism assessment. Unlike conventional clas-

sification tasks, higher classification accuracy does not necessarily indicate superior syn-

thetic data quality. Instead, higher accuracy reflects greater separability between the orig-

inal and synthetic datasets, suggesting that classifiers can more readily identify differ-

ences between them. Consequently, the higher accuracies observed for the AE-generated

data imply that the synthetic spectra retained detectable structural characteristics that dis-

tinguish them from the original spectra. Conversely, the lower accuracies observed for the

GAN-generated data suggest greater distributional similarity to the original FTIR spectra,
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making synthetic and original samples harder to distinguish. This behavior is consistent
with the underlying learning mechanisms of the two generative models. The AE is opti-
mized to reconstruct input spectra and therefore tends to preserve dominant structural
patterns present in the original dataset. As a result, reconstructed spectra may retain iden-
tifiable characteristics that facilitate discrimination from original samples. In contrast,
GAN:s are trained through adversarial learning to reproduce the overall data distribution
and generate samples that are difficult to distinguish from original observations. Conse-
quently, the lower classifier accuracies obtained for the GAN-generated data may indicate
greater synthetic data realism rather than inferior model performance. These results high-
light that classifier separability and synthetic data realism represent complementary but
distinct evaluation criteria and should be interpreted accordingly.

GAN and AE Models Distinguishing Accuracy

90
80 73
0 60
60 35 51
X 50
E II I
g 30
g 20
< 10
0
DT SVM
Classifier
mGAN mAE

Figure 5. Classification accuracy of the 6 classifier models (DT, SVM, KNN, RF, GB, LoR), measuring
the distinguishing efficiency between the GAN and AE models. The blue bar represents the accuracy
of the GAN model, and the green bar the accuracy of the AE model.

6.1.4. Receiver Operating Characteristic

A comparative analysis was conducted to evaluate the ability of different ML classi-
fiers to distinguish original FTIR blood serum spectra from synthetic spectra generated by
the GAN and AE models. ROC curves and AUC values were used to quantify classifier
separability across different decision thresholds. Figure 6 presents the ROC curves ob-
tained for the six evaluated classifiers (DT, SVM, KNN, RF, GB, and LoR). The ROC curves
were generated by plotting the True Positive Rate (TPR) against the False Positive Rate
(FPR) over multiple classification thresholds, while the diagonal dashed line represents
the performance of a random classifier (AUC = 0.5). Overall, the ROC analysis indicates
limited classifier separability between the original and synthetic spectra for both genera-
tive models. For the GAN-generated dataset, AUC values ranged from approximately 0.45
to 0.61, with GB achieving the highest AUC (0.61), followed by RF (0.58) and LoR (0.55).
DT and KNN produced AUC values close to 0.49, while SVM achieved an AUC of 0.45.
For the AE-generated dataset, AUC values ranged from approximately 0.40 to 0.55, with
SVM achieving the highest AUC (0.55), followed by GB (0.54). RF and LoR produced AUC
values of approximately 0.46, KNN achieved 0.44, and DT produced the lowest AUC
value of 0.40. The majority of ROC curves for both generative models remain close to the
diagonal reference line, indicating that classifier performance approaches chance-level
classification. In the context of synthetic data realism assessment, this behavior is desirable
because it suggests that the synthetic spectra are highly similar to the original FTIR spec-
tra. Higher AUC values indicate greater separability between original and synthetic sam-
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ples, whereas AUC values approaching 0.5 indicate that classifiers are unable to reliably

distinguish between the two distributions. Although some variability is observed among

classifiers, the overall results suggest that both GAN and AE models generated spectra

that were difficult to differentiate from the original data. The slightly higher AUC values
observed for GB and RF in the GAN-generated dataset indicate that these classifiers de-
tected limited structural differences between the synthetic and original spectra. Similarly,
the slightly higher AUC values obtained by SVM and GB on the AE-generated dataset
suggest subtle classifier-specific distinctions. However, because all AUC values remained

relatively close to the random classification baseline, the results indicate substantial over-

lap between the original and synthetic spectral distributions. These findings demonstrate

that the synthetic data realism assessment is highly dependent on the classifier employed

and that no single classifier consistently provided strong discrimination between original

and synthetic spectra. Consequently, the ROC analysis supports the conclusion that both

generative models were capable of reproducing the principal characteristics of the original

FTIR spectra, while also highlighting the importance of combining ROC analysis with

complementary metrics, including accuracy, correlation analysis, and spectral similarity

assessment, to obtain a comprehensive evaluation of synthetic data quality and realism.
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Figure 6. ROC curves for the 6 classifiers across a range of thresholds in both GAN and AE models.
The blue dashed diagonal line represents the performance of the classifiers and serves as the base-

line reference.

6.1.5. Area Under the Curve for Original Versus Synthetic Spectra

The AUC provides a quantitative measure of classifier separability between original
and synthetic spectra across all classification thresholds. An AUC value of 1.0 indicates
perfect discrimination, whereas an AUC value of 0.5 corresponds to random classification
with no discriminative ability. Figure 7 summarizes the AUC values obtained for the six
evaluated classifiers using synthetic spectra generated by the GAN and AE models. Over-
all, the AUC values for both generative models remained relatively close to the random
classification baseline, ranging from 0.45 to 0.61 for the GAN-generated dataset and from
0.40 to 0.55 for the AE-generated dataset. For the GAN-generated spectra, the highest
AUC value was achieved by GB (0.61), followed by RF (0.58) and LoR (0.55), whereas SVM
produced the lowest AUC value (0.45). For the AE-generated spectra, SVM achieved the
highest AUC (0.55), followed by GB (0.54), while DT achieved the lowest AUC (0.40). In
most cases, the GAN-generated spectra produced slightly higher AUC values than the
AE-generated spectra, although the differences remained modest. From the perspective
of synthetic data realism assessment, AUC values close to 0.5 are desirable because they
indicate that classifiers are unable to reliably distinguish synthetic spectra from original
spectra. Consequently, the generally low AUC values observed for both generative mod-
els suggest substantial overlap between the synthetic and original data distributions. The
slightly elevated AUC values obtained by GB and RF for the GAN-generated dataset in-
dicate that these classifiers detected only limited structural differences between the syn-
thetic and original spectra. Similarly, the marginally higher AUC value achieved by SVM
for the AE-generated dataset suggests that some classifier-specific distinctions remained
detectable. Importantly, higher AUC values in this experiment should not be interpreted
as evidence of superior synthetic data quality. Instead, higher AUC values indicate greater
separability between original and synthetic samples, whereas lower AUC values indicate
stronger distributional similarity. Therefore, the overall proximity of the AUC values to
the random classification baseline supports the conclusion that both GAN and AE models
generated spectra that reproduced the principal characteristics of the original FTIR da-
taset. These findings further demonstrate that synthetic data realism is classifier-depend-
ent and should be assessed using multiple complementary evaluation metrics rather than
relying solely on a single classifier or AUC value.
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Figure 7. Comparisons between the AUC values of the original and the synthetic for the GAN and
the AE models.

The observed differences in AUC values between the AE and GAN-generated da-
tasets should be interpreted with caution. In the realism assessment task, classifiers were
trained to distinguish original spectra from synthetic spectra rather than to classify dia-
betic and non-diabetic samples. Consequently, a lower AUC does not necessarily indicate
lower synthetic data quality. Instead, reduced classifier separability may reflect a closer
approximation of the original data distribution, making synthetic samples more difficult
to distinguish from original samples. From this perspective, the lower AUC values ob-
served for GAN-generated data may be interpreted as evidence of increased distributional
similarity and enhanced realism. Conversely, the higher AUC values obtained for AE-
generated data suggest that the synthetic spectra retained more distinguishable character-
istics relative to the original dataset. Therefore, the AE and GAN models should not be
viewed as exhibiting superior or inferior performance solely based on AUC values. Ra-
ther, they represent different trade-offs between preserving discriminative structure and
maximizing distributional realism.

6.1.6. Spectral Fidelity Analysis

A visual comparison of the spectral similarity between non-diabetic and diabetic
samples, including both the original datasets and the synthetic data generated using GAN
and AE, is presented in Figures 8 and 9, respectively.

Each subplot presents a comparison of FTIR spectra from non-diabetic and diabetic
samples across various combinations of original and synthetic datasets, including those
generated by a GAN and reconstructed using an AE. In all cases, the highlighted light
blue regions indicate key wavelengths where subtle differences or peak shifts between the
two classes are most pronounced. As illustrated in Figure 8, the synthetic spectra gener-
ated by the GAN closely replicate the corresponding original spectra across the entire
mid-infrared range. The substantial overlap between the non-diabetic (black) and diabetic
(orange) curves demonstrates that the GAN effectively captures the essential biochemical
signatures of both classes. Minor variations in absorbance are observed within the high-
lighted light blue bar fingerprint region (1000-1200 cm™), along with a slight peak shift
around 1650 cm™ and differences in the (3000-3500 cm™) region [73]. These variations in-
dicate subtle, class-specific spectral differences that may reflect underlying biochemical or
structural alterations associated with diabetes. Similarly, Figure 9 demonstrates that the
AE generates synthetic spectra that are highly consistent with the original data. The near-
complete overlap between reconstructed and original spectra suggests that the AE effec-
tively preserves the spectral characteristics of both sample types. The slightly smoother
appearance (as evidenced by the uniformity of the light-blue-highlighted regions) of the
AE-generated curves indicates that the model produces more stable, less noisy represen-
tations than the GAN, while still retaining diagnostically relevant features. In both mod-
els, the highlighted regions confirm that, although subtle, biologically meaningful differ-
ences between diabetic and non-diabetic samples are preserved in the synthetic datasets.
This suggests that both approaches successfully reproduce the underlying data distribu-
tion and can be reliably employed for data augmentation or downstream analytical tasks
when original data are limited. Furthermore, the (1000-1200 cm™) fingerprint region was
systematically analyzed in both models (GAN and AE) to identify specific spectral loca-
tions where differences between classes occur [74]. This analysis facilitates differentiation
between non-diabetic and diabetic samples. Specifically, the spectral profiles of the two
classes exhibit a high degree of similarity; therefore, discrimination relies on subtle varia-
tions within the fingerprint region. Consequently, individual peak assignments (in the
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analytical region) are not emphasized in this section, as they do not provide sufficiently
distinct analytical information. Figure 10 illustrates the regions (1000-1200 cm~! and 3000
3500 cm™) where the peak differences between the non-diabetic and diabetic spectra are
in terms of magnitude shifting, whereas Figure 11 shows a slight peak shift difference
between the non-diabetic and diabetic spectra [75].
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Figure 8. Comparison between the original and synthetic FTIR absorbance spectra, for two blood
samples, one diabetic and one non-diabetic, displayed across the full mid infrared wavenumber
range (800—4000 cm™) generated by the GAN model. In each plot, the black spectrum represents the
non-diabetic sample, and the orange spectrum represents the diabetic sample. The light blue regions
indicate key wavelengths where subtle differences or peak shifts between the two classes are most

pronounced.
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Figure 9. Comparison between the original and synthetic FTIR absorbance spectra, for two blood
samples, one diabetic and one non-diabetic, displayed across the full mid infrared wavenumber
range (800—4000 cm™) generated by the AE. In each plot, the black spectrum represents the non-
diabetic sample, and the orange spectrum represents the diabetic sample. The light blue regions
indicate key wavelengths where subtle differences or peak shifts between the two classes are most

pronounced.
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Figure 10. FTIR absorbance spectra for the wavenumber intervals: (a) 3000-3500 cm™, (b) 1000-1200
cm™, which represent the peak magnitude differences between the non-diabetic and diabetic spec-

tra.
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Figure 11. FTIR absorbance spectra for the region 1650 cm™, which represents a slight peak shift

difference between the non-diabetic and diabetic spectra.

In FTIR spectroscopy, spectral differentiation is not based on a single criterion; rather,
multiple analytical approaches can be employed depending on whether the comparison
is visual, chemical, or statistical in nature [76]. Common methods include peak position
analysis, peak intensity comparison, peak area integration, band ratio evaluation, differ-
ence spectroscopy, derivative spectroscopy, and multivariate statistical analysis [76]. In
the present study, spectral interpretation primarily focused on variations in peak position
(i.e.,, wavenumber shifts) and peak absorbance (intensity). Shifts in characteristic absorp-
tion bands may indicate underlying chemical or structural modifications within the sam-
ples. As shown in Figure 11, slight positional shifts were observed in the ~1650 cm™! re-
gion, corresponding to the Amide I band, which is associated with C=O stretching vibra-
tions of proteins [77]. This region is widely recognized as indicative of protein secondary
structure (see Table 6). The non-diabetic spectrum (black) exhibited slightly lower absorb-
ance value than the diabetic spectrum (orange), suggesting potential alterations in protein
conformation. In Figure 10a,b, the 1000-1200 cm™ region, commonly referred to as the
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carbohydrate region, displayed more pronounced intensity variations [78]. This spectral
range corresponds to C-O and C-O-C stretching vibrations associated with glucose and
polysaccharides (Table 6). Given that DM is characterized by altered glucose metabolism,
variations in this region are particularly significant. In the 3000-3500 cm™ region, non-
diabetic samples demonstrated slightly lower absorbance values and minor positional
variations compared to diabetic samples. This region is associated with CH2 and CHs
stretching vibrations linked to lipid content [79]. The diabetic spectra exhibited a subtle
increase in absorbance peak and/or shifts (Figure 10a), suggesting diabetes related bio-
chemical alterations. These observations are consistent with known metabolic and struc-
tural changes associated with glucose dysregulation. These trends were observed in the
spectra generated by both models, GAN and AE.

Table 6. General FTIR spectral regions commonly observed in biological samples (specifically
blood).

Wavenumber (cm™) Functional Group Biomolecule
1000-1100 C-O/C-O0-C Carbohydrates
1240-1300 Amide III Proteins

1450 CH, bending Lipids
1540 Amide II Proteins
1650 Amide I (C=0) Proteins
1740 C=0 (ester) Lipids
2850-2950 C-H stretch Lipids
3200-3400 O-H/N-H Water/Proteins

Overall, both spectral and correlation analyses indicate that the GAN and AE models
effectively learned and replicated the underlying data distribution. The synthetic spectra
closely matched the original infrared signatures of diabetic and non-diabetic samples, par-
ticularly in the protein (~1650 cm™) and carbohydrate (1000-1200 cm™) regions. These
findings demonstrate that both generative models can capture disease-specific biochemi-
cal variations while preserving the fundamental spectral characteristics of the original da-
taset. Although the AE-generated and GAN-generated spectra appear visually similar in
Figures 8 and 9, visual inspection alone does not fully capture the high-dimensional sta-
tistical structure of the FTIR dataset. Each spectrum originally contains approximately
3000 wavenumber variables, and subtle differences distributed across many spectral re-
gions may remain imperceptible in graphical representations while still being detectable
by ML classifiers. The AE model was trained to minimize reconstruction errors and there-
fore tends to preserve subtle sample-specific characteristics present in the original dataset.
Consequently, classifiers achieved relatively high accuracy and AUC values in distin-
guishing AE-generated spectra from original spectra. In contrast, the GAN model was
optimized via adversarial learning to reproduce the overall data distribution and generate
samples that are difficult to distinguish from the original observations. As a result, classi-
fier performance approached random guessing, leading to lower accuracy, ROC, and
AUC values. Therefore, the observed differences in classifier performance reflect differ-
ences in the underlying statistical distributions learned by the generative models rather
than obvious visual differences in the spectral profiles themselves.

6.1.7. Correlation Analysis

This subsection presents a comparative analysis of synthetic and original non-dia-
betic whole blood FTIR spectra obtained from experimental measurements to evaluate the
ability of the generative models to reproduce realistic spectral data. Using correlation met-
rics, the study assesses the extent to which spectra generated by the GAN and AE models
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Average Healthy original Samples

capture the statistical and structural characteristics of the original samples. By examining
the relationship between synthetic and original datasets, this analysis aims to validate the
effectiveness of both models in learning and reproducing the underlying spectral distri-
bution. Figure 12 presents correlation plots comparing synthetic non-diabetic FTIR spec-
tra generated by the GAN and AE models with the corresponding experimentally ac-
quired original non-diabetic whole blood spectra.

GAN Correlation Autoencoder Correlation
25

Average Healthy original Samples

Average Healthy Synthetic Samples Average Healthy Synthetic Samples

Figure 12. Correlation plots comparing synthetic non-diabetic FTIR spectra with original non-dia-
betic spectra (experimentally acquired), generated by the GAN and the AE models.

The two scatter plots shown in Figure 13 evaluate the degree of agreement between
synthetic average healthy FTIR spectra (x-axis) and the corresponding original average
healthy spectra (y-axis). Each point represents the average absorbance intensity at a spe-
cific wavenumber across the analyzed spectra. In both cases, a strong linear relationship
is observed between the synthetic and original spectral values. The pronounced diagonal
trend indicates that the generated spectra quantitatively approximate the original spectra
across the full absorbance range, suggesting that both generative models successfully cap-
tured the principal characteristics of the underlying data distribution. To quantitatively
assess the similarity between original and synthetic spectra, a correlation analysis was
performed using the outputs of the GAN and AE models. The dataset comprised six sam-
ples with 3601 wavelength variables, and wavelength average spectra were calculated
prior to analysis. The resulting correlation metrics are summarized in Table 7.
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Figure 13. Comparisons between the AUC values of the non-diabetic and the diabetic for the GAN
and the AE models.

Table 7. Correlation (r) and Coefficient of Determination (R?) calculated for the GAN and AE mod-

els.

Metric Comparison GAN AE
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Correlation Coefficient (r) Original Samples vs Synthetic Samples0.9982 0.9990
Coefficient of Determination (R?) Original Samples vs Synthetic Samples0.9965 0.9999

The correlation analysis demonstrated excellent agreement between the original and
synthetic spectra for both generative models. Specifically, the GAN model achieved r =
0.9982 and R? = 0.9965, whereas the AE model achieved r = 0.9990 and R? = 0.9999. The
mean R2? value across both models was 0.9982, calculated from the GAN R2 value of 0.9965
and the AE R? value of 0.9999. This value represents the average coefficient of determina-
tion across the two models and should not be interpreted as the individual R? value of
either model. These results indicate that both generative approaches preserved the prin-
cipal statistical and spectral characteristics of the original FTIR data with very high fidel-
ity. From a synthetic data realism perspective, spectra that are more difficult to distinguish
from the original data are generally considered more realistic. Consequently, the lower
classifier accuracy and AUC values observed for GAN-generated spectra should not be
interpreted as inferior performance. Instead, they suggest stronger distributional similar-
ity between the generated and original FTIR spectra. In contrast, the higher classifier sep-
arability observed for AE-generated spectra indicates that the reconstructed spectra re-
tained characteristics that were easier for classifiers to distinguish from the original data.
Therefore, the differences between the GAN and AE models should be interpreted as re-
flecting distinct generative behaviors rather than indicating that one approach is univer-
sally superior to the other.

6.2. Diabetes Classification Performance

This subsection evaluates disease discrimination performance. In this context, higher
classification accuracy, sensitivity, specificity, and AUC values indicate better preserva-
tion of diabetes related information.

6.2.1. Performance Metrics for Non-Diabetic Versus Diabetic Blood Spectra

The classification results obtained using the synthetic datasets generated by the GAN
and AE models demonstrate substantial differences in their ability to preserve class dis-
criminative information between non-diabetic and diabetic blood spectra, as shown in Ta-
bles 8-10. For the GAN-generated dataset, the best testing performance was achieved by
LoR (85.0% accuracy, 84.75% F1-score), followed closely by SVM, KNN, and DT, which
all achieved testing accuracies above 82%. RF achieved moderate accuracy (75%), whereas
GB achieved the lowest (61.67%). The corresponding 10-fold cross-validation results
showed relatively consistent performance, with SVM, KNN, and RF achieving mean ac-
curacies of 82-85% and moderate standard deviations. These findings suggest that the
GAN-generated spectra retain sufficient disease-related spectral information while main-
taining realistic sample variability. The similarity between testing and cross-validation
results further indicates that the classifiers generalized reasonably well and were not ex-
cessively overfitted to the training data. In contrast, the AE-generated dataset produced
exceptionally high classification performance. DT and LoR achieved perfect testing accu-
racy (100%), precision (100%), recall (100%), and F1-score (100%), while KNN and GB
achieved testing accuracies of 99% and 97%, respectively. Similarly, the corresponding 10-
fold cross-validation results approached or reached perfect classification performance for
several classifiers. Although such results may initially appear highly favorable, they re-
quire careful interpretation. In practical biomedical applications, perfect classification is
rarely observed due to biological variability, measurement noise, and patient heterogene-
ity. Therefore, the near-perfect performance obtained using AE-generated data likely in-
dicates that the synthetic samples possess highly separable class boundaries and reduced
intra-class variability. This behavior suggests that the AE model may have generated spec-
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tra that are easier to classify than genuine biological data, thereby reducing the classifica-
tion task’s complexity. Consequently, the observed improvement in classification accu-
racy may not correspond to greater realism or a better representation of the underlying
biological distributions. Instead, it may reflect an oversimplification of the data structure
introduced during synthetic data generation. Overall, the diabetic classification results in-
dicate that both generative approaches successfully preserved disease-related infor-
mation. However, the GAN-generated dataset appears to provide a more realistic repre-
sentation of class variability, whereas the AE-generated dataset produces overly separable
classes that facilitate classification but may not accurately reflect real-world biological
complexity.

Table 8. Test-set classification performance metrics for distinguishing non-Diabetic and Diabetic

FTIR spectra in the mixed dataset.

GAN AE
. Accuracy  Precision e Accuracy  Precision
Classifier Recall (%) F1 Score (%) Classifier Recall (%) F1 Score (%)
(%) (%) (%) (%)

LoR 85.00 86.21 83.33 84.75 DT 100.00 100.00 100.00 100.00
SVM 82.50 88.24 75.00 81.08 LoR 100.00 100.00 100.00 100.00
KNN 82.50 88.24 75.00 81.08 KNN 99.00 98.04 100.00 99.01

DT 82.50 84.21 80.00 82.05 GB 97.00 100.00 94.00 96.91

RF 75.00 77.78 70.00 73.68 SVM 91.25 90.24 92.50 91.36

GB 61.67 62.96 56.67 59.65 RF 51.67 51.11 76.67 61.33

Table 9. Training-set classification performance metrics for distinguishing non-diabetic and diabetic
FTIR spectra in the mixed dataset.
GAN AE
‘g Accuracy  Precision . Accuracy  Precision
Classifier Recall (%) F1 Score (%) Classifier Recall (%) F1 Score (%)
(%) (%) (%) (%)

RF 98.12 1.00 96.25 98.09 DT 100.00 100.00 100.00 100.00
KNN 93.75 92.68 95.00 93.83 LoR 100.00 100.00 100.00 100.00
SVM 91.87 93.51 90.00 91.72 GB 98.00 96.15 100.00 98.04

DT 90.00 93.24 86.25 89.61 KNN 96.00 92.59 100.00 96.15
LoR 80.71 82.09 78.57 80.29 SVM 89.17 85.07 95.00 89.76

GB 72.14 79.25 60.00 68.29 RF 72.86 67.78 87.14 76.25

Table 10. Stratified 10-fold cross-validation performance metrics for non-diabetic and diabetic FTIR

spectra discrimination.

GAN AE
. Accuracy  Precision . Accuracy  Precision
Classifier Recall (%) F1 Score (%) Classifier Recall (%) F1 Score (%)
(%) (%) (%) (%)

SVM 85.00+0.06 87.63+0.09 83.00+0.11 84.44+0.07 LOR 100.00+ 0.00 10.00+ 0.00 10.00+ 0.00 100.00 + 0.00
KNN 84.50 £ 0.06 85.96+0.09 84.00+0.08 84.47+0.06 DT 100.00+ 0.00 100.00+ 0.00 100.00+ 0.00 100.00 + 0.00
RF 82.50+0.09 85.09+0.11 80.00+0.12 81.92+0.09 KNN 98.00 £ 0.01 96.28 +0.03 100.00 + 0.00 98.07 + 0.01
LoR 79.50£0.06 82.17+0.10 78.00+0.14 78.64+0.07 GB 98.00 +0.01 98.05+0.02 98.00+0.02 98.00 +0.01
DT 71.00+£0.09 74.34+0.13 67.00+0.11 69.73 +0.094 SMV 90.50 + 0.08 89.82+0.08 92.00 +0.09 90.61 +0.08
GB 66.00+£0.04 71.06+0.07 58.00+0.15 62.30+0.07 RF 57.00+0.12 56.54+0.12 64.00+0.20 58.91+0.13

6.2.2. Area Under the Curve of Non-Diabetic Versus Diabetic Blood Spectra

The AUC provides a threshold-independent measure of classifier performance and
quantifies a model’s ability to discriminate between diabetic and non-diabetic samples.
An AUC value of 1.0 indicates perfect discrimination, whereas an AUC value of 0.5 cor-
responds to random classification with no discriminative capability. Figure 13 presents
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the AUC values obtained for the six evaluated ML classifiers using datasets augmented
with synthetic spectra generated by the GAN and AE models. Overall, both synthetic data
generation approaches produced classifiers with strong discriminative capability; how-
ever, the AE-generated dataset consistently yielded superior performance across all eval-
uated classifiers. For the AE-generated dataset, AUC values ranged from 0.94 to 1.00, in-
dicating excellent to near-perfect classification performance. DT and LoR achieved the
highest AUC values of 1.00, followed by KNN (0.99), GB (0.97), and SVM (0.94). These
results demonstrate that the AE-generated spectra preserve disease-related spectral char-
acteristics with high fidelity, enabling accurate separation of diabetic and non-diabetic
samples across multiple classification algorithms. The GAN-generated dataset also
achieved strong classification performance, though AUC values were generally lower and
more variable across classifiers. AUC values ranged from 0.46 to 0.93, with LoR achieving
the highest value (0.93), followed by SVM (0.91), DT (0.81), RF (0.80), GB (0.61), and KNN
(0.46). While several classifiers maintained good discriminatory capability, the substantial
reduction in AUC observed for GB, and particularly KNN, suggests that some disease-
related discriminative information was less consistently preserved in the GAN-generated
dataset. A comparison between the two generative approaches reveals that AE-generated
data provided a more stable and informative feature representation for diabetes classifi-
cation. The consistently high AUC values across all classifiers indicate that the AE effec-
tively preserved the dominant spectral patterns of diabetic and non-diabetic samples. This
behavior is consistent with the AE’s reconstruction learning mechanism, which empha-
sizes retaining the most informative latent features present in the original spectra. Conse-
quently, the resulting synthetic samples maintain strong disease-related discriminative
characteristics that can be readily exploited by downstream classifiers.

In contrast, the GAN model was primarily optimized to reproduce the overall statis-
tical distribution of the original spectra rather than to maximize class separability. As a
result, although the GAN-generated samples exhibited strong realism characteristics,
some disease-specific discriminative features may have been partially smoothed or redis-
tributed during adversarial training, leading to lower classification performance for cer-
tain classifiers. These findings highlight the trade-off between synthetic data realism and
disease discrimination capability. While GAN-generated spectra may more closely resem-
ble the overall distribution of original FTIR data, AE-generated spectra appear to preserve
disease-related information more effectively, resulting in superior diabetes classification
performance. Collectively, the AUC analysis demonstrates that both generative models
can support diabetes classification; however, the AE-generated dataset consistently
achieved higher and more stable discrimination performance across all classifiers. These
results suggest that synthetic augmentation of AE may be particularly advantageous
when the primary objective is to maximize classification accuracy while preserving dis-
ease-related spectral information.

6.2.3. Comparative Interpretation of GAN and AE Models

The AE model consistently produced higher diabetic classification accuracies than
the GAN model, suggesting that the generated spectra contained highly separable dis-
ease-related features. However, the realism assessment revealed that AE-generated sam-
ples could be distinguished from original samples with relatively high accuracy, indicat-
ing reduced fidelity to the original spectral distribution. Conversely, the GAN model pro-
duced more moderate diabetic classification performance but substantially lower original
versus synthetic accuracy. This finding indicates that GAN-generated samples more
closely resembled the original FTIR spectra and preserved realistic spectral variability.
Therefore, from a synthetic data quality perspective, the GAN model appears to generate
more realistic spectra, whereas the AE model appears to generate spectra that facilitate
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classification but may not accurately reflect the complexity of original biological samples.
The combined results demonstrate that both generative approaches successfully gener-
ated synthetic FTIR blood spectra capable of supporting diabetes classification. However,
the two models exhibited fundamentally different characteristics. The GAN model gener-
ated highly realistic spectra that were difficult to distinguish from original samples, indi-
cating superior fidelity to the underlying data distribution. In contrast, the AE model gen-
erated spectra that produced near-perfect diabetic classification performance but re-
mained relatively easy to distinguish from original spectra, suggesting reduced realism
and potentially inflated classification performance. Consequently, while AE-generated
data may improve classification accuracy, GAN-generated data appear to provide a more
reliable representation of real-world spectral variability and therefore constitute a more
suitable choice for privacy-preserving synthetic data generation in FTIR diabetes research.

6.3. Preliminary Experimental Validation and Coverage Analysis

This subsection presents the experimental validation of the proposed framework us-
ing independently acquired whole blood FTIR spectra. Unlike the previous analyses,
which focused on synthetic data realism and diabetes discrimination using the original
and generated datasets, this experiment was designed to assess the practical applicability
of the framework under a more realistic testing scenario. To assess the translational feasi-
bility of the proposed serum synthetic data framework, a preliminary experimental vali-
dation was conducted using independently acquired whole blood FTIR spectra. This com-
ponent was designed as an exploratory feasibility assessment rather than a definitive ex-
ternal clinical validation study. In addition to classification outcomes, a coverage analysis
was performed using a 90% posterior probability threshold to quantify the proportion of
samples for which the classifiers produced high confidence predictions. The 90% posterior
probability threshold was selected as an exploratory confidence criterion to identify pre-
dictions associated with relatively high classifier certainty. This threshold was not derived
from any regulatory guideline, clinical decision standard, or established diagnostic cutoff.
Rather, it was decided to provide a simple, interpretable assessment of prediction confi-
dence in this proof-of-concept feasibility study. Consequently, the reported coverage val-
ues should be interpreted as exploratory indicators of classifier confidence rather than
validated clinical performance measures. In this context, higher coverage indicates that a
larger proportion of samples received confident predictions; however, coverage should
not be interpreted as a measure of classification accuracy and should be considered along-
side the corresponding prediction accuracy and classification performance metrics.

Specifically, the objective was to assess the effectiveness of the GAN and AE models
in generating synthetic data that closely replicate the statistical characteristics of the orig-
inal spectra, as evaluated through correlation analysis. In addition, the study assessed the
performance of multiple ML classifiers in distinguishing between non-diabetic and dia-
betic samples under a regulatory style confidence constraint. Figure 14 presents the FTIR
spectra of human whole blood samples collected during the experiment, which were used
to evaluate classifier performance and assess the ability of the generative models to pro-
duce synthetic spectra that resemble the original dataset. It should be noted that the ex-
perimental validation dataset consisted of independently acquired whole blood samples,
whereas the original dataset and the corresponding synthetic data were derived from
blood serum spectra. Consequently, differences in absolute absorbance intensity and base-
line characteristics are expected because whole blood and serum are biologically distinct
sample matrices. Whole blood contains additional cellular constituents and hemoglobin,
which are absent from serum and can influence spectral profiles. Furthermore, sample
preparation procedures, optical path length, instrumental conditions, and measurement
protocols may contribute to differences in absolute spectral magnitudes, baseline inten-
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sity, absorbance amplitude, and overall spectral scaling. Accordingly, the purpose of the
experimental validation was not to establish direct spectral equivalence, validate absolute
spectral amplitudes, or demonstrate one-to-one correspondence with the serum dataset
used for model training. Instead, the validation focused on determining whether the prin-
cipal diabetes related to biochemical absorption regions, characteristic spectral trends, and
classifier behavior remained consistent under a more application-oriented sampling con-
dition despite these matrix-related differences. From this perspective, the preservation of
characteristic biochemical absorption regions, together with the strong correlation ob-
served between original and synthetic spectra, supports the methodological transferabil-
ity and preliminary translational relevance of the proposed framework. Consequently, the
whole-blood experiment should be interpreted as a preliminary feasibility assessment of
spectral transferability and methodological applicability rather than a direct quantitative
validation of the serum-generative models or a definitive external clinical validation
study.
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Figure 14. Experimentally acquired Absorbance spectra of the non-diabetic and diabetic whole
blood samples overlaid. It compares how infrared light is absorbed by biological samples from non-

diabetic vs. diabetic groups across different infrared frequencies.

Performance Assessments of Multiple ML Classifiers

Multiple classifiers were evaluated under an exploratory high-confidence decision
framework. Only predictions with a posterior probability > 90% were accepted as auto-
mated classifications, whereas predictions below this threshold were assigned to human
review. This conservative design was adopted to investigate classifier confidence behav-
ior and automation coverage rather than to validate clinical diagnosis. In a real clinical
workflow, such a deferral mechanism could reduce the risk of acting on uncertain Al out-
puts; however, the present dataset is too small and clinically imbalanced to establish op-
erational performance. Consequently, coverage is reported as the proportion of samples
exceeding the exploratory confidence threshold and should be interpreted independently
of diagnostic accuracy. Table 11 was evaluated using eight samples: seven experimentally
acquired FTIR spectra (six healthy volunteers and one diabetic volunteer) and one addi-
tional synthetic diabetic spectrum generated by the GAN model. The synthetic sample
was included to assess classifier behavior under a more challenging validation scenario.
It is important to note that the preliminary experimental validation was based on FTIR
spectra acquired from whole blood samples (without dilution or processing), whereas the
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original dataset used for model development consisted of blood serum FTIR spectra. Con-
sequently, whole-blood measurements contained additional biochemical constituents and
cellular components, which introduced greater spectral complexity and variability. This
increased complexity provided a more demanding assessment of the robustness and con-
fidence behavior of the ML classifiers.

The coverage metric quantifies the proportion of samples for which a classifier pro-
duces predictions that satisfy the predefined confidence criterion. Therefore, coverage re-
flects the applicability of the decision framework rather than the correctness of the classi-
fication. A coverage of 100% indicates that all evaluated samples received predictions;
however, this metric should be interpreted alongside classification accuracy and related
performance measures to assess a model’s true predictive capability. Nevertheless, the
results demonstrate the potential feasibility of using whole-blood FTIR spectra to distin-
guish between healthy and pathological samples. This capability is particularly relevant
for point-of-care applications, where minimal sample preparation is desirable, and blood
filtration, dilution, or component separation may not be required.

Table 11. Classification performance for the 6 classifiers trained on GAN-generated data derived

from the original dataset, when applied to experimentally acquired whole blood FTIR spectra.

Classifier Non-Diabetic Diabetic Flag for Human Review Coverage (%)
LoR 6 2 0 100.0

GB 5 2 1 87.5

KNN 4 1 3 62.5

SVM 2 0 6 25.0

DT 0 0 8 0.0

RF 0 0 8 0.0

The results showed that the DT and RF classifiers rejected all samples, resulting in
0% coverage. This finding indicates that none of their predicted probabilities exceeded the
predefined confidence threshold. Such behavior suggests either conservative probability
estimation or insufficient class separation within the current dataset. Although this out-
come maximizes safety by preventing potentially uncertain automated decisions, it sub-
stantially limits automation capability. The SVM classifier exhibited very low coverage
(25%) and confidently classified only 2 samples. This behavior is consistent with the con-
servative confidence estimates often produced by SVM models, particularly when trained
on small datasets. While such behavior may enhance safety, it also restricts the proportion
of samples that can be automatically classified. KNN achieved moderate coverage (62.5%),
indicating that it was confident for a subset of samples. Because KNN relies on local neigh-
borhood relationships, its confidence can vary considerably depending on the distribution
and complexity of the available data. GB demonstrated high coverage (87.5%), indicating
strong nonlinear class separation and well-defined probability outputs. This suggests that
the model effectively captured complex patterns in the data while maintaining high-con-
fidence predictions. LoR achieved full coverage (100%), classifying all samples above the
predefined confidence threshold. This result indicates strong separability in the learned
feature space and consistently high posterior probabilities. Although high coverage im-
proves automation capability, further calibration analysis is required to ensure that prob-
ability estimates are not overly confident. The classifiers are ordered by coverage percent-
age, which reflects the proportion of samples for which predictions exceed the predefined
confidence threshold. This ranking emphasizes practical applicability, as higher coverage
indicates the classifier’s greater ability to provide confident predictions under real exper-
imental conditions. These findings show that classifier performance under regulatory-
style confidence constraints depends not only on discriminative accuracy but also on
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probability calibration and confidence behavior. Among the evaluated models, GB and
LoR demonstrated the most favorable balance between safety and automation, whereas
the tree-based models (DT and RF) were overly conservative under the strict confidence
threshold. These results highlight the importance of evaluating coverage and confidence
dynamics when designing clinically deployable Al systems. Overall, the developed clas-
sifiers successfully distinguished between non-diabetic and diabetic samples under a
high-confidence decision framework. Preliminary findings demonstrate discriminative
capability across multiple classifiers; however, due to the limited sample size, further val-
idation in larger, independent cohorts is required before clinical applicability can be es-
tablished. Overall, both generative models successfully captured the intrinsic structure of
the data and demonstrated strong capability in generating realistic synthetic spectra. Cor-
relation analysis confirmed that the GAN and AE models effectively learned the underly-
ing spectral distribution and generated highly realistic synthetic spectra, achieving a mean
R? of 0.9982, indicating near-perfect agreement with the original data. In parallel, the im-
plementation of a regulatory-style high-confidence decision framework enabled the eval-
uation of classifier reliability under strict clinical constraints. The results revealed notable
differences in classifier automation capacity, with GB and LoR providing the most favor-
able balance between diagnostic confidence and automated decision coverage. Taken to-
gether, these findings highlight the potential of combining synthetic data augmentation
with confidence-aware ML models to support reliable FTIR diabetes detection. Neverthe-
less, the objective of the coverage analysis was to evaluate classifier confidence behavior
rather than diagnostic performance. Because the preliminary experimental dataset con-
sisted of only seven independently acquired whole-blood spectra and one additional syn-
thetic diabetic spectrum, the sample size was insufficient to support statistically meaning-
ful estimates of classification accuracy, sensitivity, specificity, or false-positive rates. Con-
sequently, coverage was reported as an exploratory indicator of automation capability,
whereas future studies involving larger independent cohorts will be required to assess
predictive accuracy, probability calibration, robustness, and clinical applicability under
representative real-world conditions.

6.4. Implications of the Main Findings and Preliminary Whole Blood Validation

Compared with prior FTIR-based studies for diabetes analysis, which have mainly
focused on direct classification of measured spectra, the present work contributes a more
explicitly data-centric and privacy-aware framework based on synthetic data generation
from FTIR blood serum spectra. The main contribution of the study is the comparative
evaluation of AE and GAN in terms of spectral fidelity, downstream classification utility,
and realism-oriented augmentation. The results show a clear trade-off between the two
approaches: AE-generated data preserved a stronger class discriminative structure and
yielded better downstream classification performance, whereas GAN-generated data
were generally harder to distinguish from the original data, suggesting greater realism
and potential value for privacy-preserving augmentation. The spectral analyses further
support these findings by showing that both models retained diagnostically relevant bio-
chemical variations, particularly in the Amide I, carbohydrate, and lipid-associated re-
gions. Within this context, the whole blood experiment should be interpreted as a prelim-
inary validation step rather than as a second full-scale study or a definitive external vali-
dation cohort. Its purpose is to provide initial evidence that the proposed framework may
remain relevant under a more practical and less processed sampling condition, despite
the added biochemical complexity of whole blood relative to serum. Therefore, the study’s
central innovation remains the serum-based synthetic data framework and its compara-
tive methodological assessment, while the whole blood results strengthen the transla-
tional relevance of the study in an exploratory manner. Future work should extend these
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findings through larger independent cohorts, external validation, privacy risk assessment,
and calibration-aware evaluation to confirm robustness and clinical applicability.

7. Conclusions and Future Work

This study investigated the feasibility of privacy-preserving synthetic data genera-
tion for FTIR diabetes classification using two deep generative approaches: AE and GAN.
Using a dataset of 100 blood serum FTIR spectra, both models successfully generated syn-
thetic spectra that preserved the principal statistical, structural, and biochemical charac-
teristics of the original data. Correlation analysis demonstrated very high agreement be-
tween the original and generated spectra, confirming the ability of both generative ap-
proaches to reproduce the underlying spectral distribution with high fidelity. The com-
parative evaluation revealed that AE-generated spectra exhibited higher classifier separa-
bility, indicating that the reconstructed spectra retained stronger discriminative charac-
teristics from the original dataset. In contrast, GAN-generated spectra were more difficult
for classifiers to distinguish from original spectra, suggesting a closer alignment with the
original data distribution and greater realism from a synthetic data generation perspec-
tive. These findings highlight that classifier separability and synthetic data quality repre-
sent distinct evaluation objectives and should not be interpreted interchangeably. Conse-
quently, higher classification performance in the realism assessment task does not neces-
sarily indicate superior synthetic data quality but rather reflects differences in the gener-
ative characteristics of the models. The analysis further demonstrated that the most prom-
inent diabetes spectral variations were concentrated within the carbohydrate-associated
(1000-1200 cm™), Amide I (~1650 cm™), and lipid-associated (3000-3500 cm™) regions.
These findings support the potential of FTIR spectroscopy combined with synthetic data
augmentation and ML as a promising framework for privacy-aware biomedical data anal-
ysis and diabetes screening applications. A preliminary experimental feasibility assess-
ment was also conducted using independently acquired whole blood FTIR spectra. Alt-
hough differences in spectral intensity were observed between serum and whole blood
measurements, the principal biochemical absorption regions remained consistent. Be-
cause the experimental cohort included only one diabetic volunteer, this analysis should
be interpreted solely as a proof-of-concept assessment of spectral feasibility and method-
ological transferability rather than validation of diabetes classification performance or
clinical diagnostic capability.

A limitation of the present study is the relatively modest size of the original FTIR
blood serum dataset (100 spectra) used to train the generative models. Although this sam-
ple size is comparable to those reported in several FTIR diabetes studies, it remains limited
for training deep generative architectures and may not fully capture the biological and
spectral variability present in larger and more diverse populations. Consequently, the
generated synthetic spectra should be interpreted as approximations of the underlying
data distribution rather than comprehensive representations of all potential clinical vari-
ability. In addition, a formal statistical power analysis was not performed because the pri-
mary objective of this work was the methodological evaluation of synthetic data genera-
tion, synthetic data realism, and classification feasibility rather than hypothesis testing.
Therefore, the findings should be regarded as a proof-of-concept demonstration of syn-
thetic FTIR data augmentation and privacy-preserving ML analysis rather than definitive
evidence of clinical effectiveness or broadly generalizable diagnostic performance. Future
studies should evaluate the proposed framework using larger, independent, and multi-
center cohorts comprising both serum and whole blood samples to establish robustness,
external validity, and clinical applicability. Future work will focus on validating the pro-
posed framework using larger and more diverse FTIR datasets obtained from multiple
institutions and independent patient cohorts. Additional studies should investigate ad-
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vanced synthetic data evaluation metrics, diversity preservation measures, and alterna-
tive generative architectures capable of further improving realism and robustness. Future
research should also explore the generation of synthetic pathological spectra using larger
diabetic cohorts, assess model performance under external validation protocols, and eval-
uate robustness across different FTIR acquisition systems and biological sample types.
Finally, prospective studies integrating synthetic data generation, FTIR spectroscopy, and
ML decision support into clinically relevant workflows will be essential to assess regula-
tory, operational, and translational requirements for real-world healthcare deployment.
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