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Abstract

This study introduces a simple yet effective method that integrates Raman spectroscopy (RS) with support vector machines
(SVM) for the detection and differentiation of hepatocellular carcinoma (HCC), cirrhosis, and healthy individuals via serum
analysis. RS revealed a prominent collagen marker band at approximately 1246 cm™, showing significant elevation in HCC and
cirrhotic patients compared to healthy controls. Furthermore, serum levels of aromatic amino acids—including tryptophan
(757, 878 cm™), tyrosine (831, 853 cm™?), and phenylalanine (1004 cm™)—and cholesterol (548, 699 cm) were significantly
elevated in patients with cirrhosis and HCC compared to the healthy group. In contrast, B-carotene levels (1157, 1527 cm™)
were significantly reduced in both cirrhotic and HCC patients. Binary machine learning classifications (cirrhosis vs. healthy,
HCC vs. healthy, and cirrhosis vs. HCC) achieved 83.3-92.0% sensitivity, 89.3—-95.3% specificity, and AUC values of 0.929—-0.980,
validated using 5-fold subject-wise and leave-one-subject-out (LOSO) cross-validations. Moreover, multiclass classification of
the three groups correctly assigned individual subjects to their respective categories, achieving accuracies of 80.0-89.3% for
healthy, 81.3-84.4% for cirrhosis, and 85.3—-93.3% for HCC. The integration of RS and machine learning offers a simple, rapid,
and cost-effective diagnostic method for the serum-based differentiation and screening of cirrhosis and HCC.
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1. Introduction

Liver cirrhosis is one of the most advanced forms of liver
disease, characterized by persistent and progressive scarring
(fibrosis) of liver tissue, often due to chronic inflammation.
This scarring can lead to changes in hepatocytes, increasing
the risk of genetic alterations that may eventually result in
hepatocellular carcinoma (HCC).[! The global burden of
cirrhosis has been increasing, with the number of deaths rising
from approximately 1 million in 1990 to 1.5 million in 2019,
with an estimated 1.43 million deaths reported in 2021,
highlighting the persistent and substantial mortality burden.??]
Furthermore, it is estimated that over one hundred million
people live with compensated cirrhosis, the majority of whom
are asymptomatic, leaving them at risk of silent progression to
decompensation or HCC." HCC is the most common form of
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primary liver cancer, accounting for approximately 830,000
deaths globally in 2020, making it the fourth leading cause of
cancer-related mortality worldwide.®! HCC demonstrates
significant regional and demographic variability in both
incidence and mortality, with particularly pronounced
increases observed in developing nations.*¢ It is widely
recognized that 80%-90% of HCC cases occur in individuals
with underlying liver cirrhosis.l” In certain instances, cirrhosis
and HCC can manifest with remarkably similar hepatocyte
morphology, presenting a significant diagnostic challenge,
especially in distinguishing between end-stage cirrhosis and
HCC.B®1 These diagnostic difficulties complicate treatment
decisions and adversely impact prognostic outcomes,
necessitating the use of comprehensive clinical evaluation,

advanced imaging techniques, serum biomarkers and
sometimes sophisticated histopathological methods to
accurately distinguish between the two conditions.

Consequently, there is a critical need for the development of a
rapid and straightforward screening technique capable of
distinguishing between these two types of liver disease and
differentiating them from healthy individuals. This could
improve early diagnosis and treatment and potentially reduce
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mortality rates associated with liver cirrhosis and HCC.

Although alpha-fetoprotein (AFP) is widely used as a
biomarker for the detection of HCC and the monitoring of
liver disease, its application is limited by several factors.
These include low sensitivity and specificity, variability in
measurement methods, and the influence of patient
characteristics and AFP cut-off values.”! Recently,
prothrombin induced by vitamin K absence or antagonist-1I
(PIVKA-II) has been investigated as a blood biomarker for
HCC screening, especially in cases where AFP is negative,
providing a more accurate diagnosis than AFP alone. However,
elevated serum levels of PIVKA-II are not exclusive to HCC
and can also be observed in other conditions, such as gastric
cancer, renal failure, and inflammatory bowel disease, which
complicates its use as a sole prognostic tool.'”’ Moreover, the
cost-effectiveness of using PIVKA-II in routine screening is
still under debate and remains a challenge,!'!! necessitating
further research to enhance its clinical utility.

Imaging techniques are widely used for diagnosing liver
diseases, but they face limitations that affect diagnostic
accuracy and reliability, especially in resource-limited settings.
The high cost of advanced imaging modalities like MRI and
CT scans restricts their availability in developing countries,
where access to advanced medical facilities is often limited.!'?!
Furthermore, the effective use of these techniques requires
skilled radiologists and technicians, who are frequently in
short supply in these regions, leading to misinterpretation of
imaging results and delayed diagnoses.[’1 Although
ultrasonography is more cost-effective compared to MRI and
CT scans, it is generally less effective, particularly in obese
patients.'¥ Additionally, the quality and accuracy of
ultrasound results heavily depend on the operator's skill and
experience, resulting in potential variability.l'¥ Given these
challenges, especially in resource-constrained areas, there has
been a growing focus on developing non-complex and
affordable methods for screening cirrhosis and HCC.

Raman spectroscopy (RS) and its advanced variants, such
as Surface-Enhanced Raman Spectroscopy (SERS), have
emerged as promising tools for disease diagnostics. RS
operates on the principle of inelastic scattering of photons
when they interact with molecules. The energy of these
Raman-scattered photons shifts from that of the incident light,
producing spectra that serve as unique fingerprints for
identifying different molecular structures. RS offers marker-
free, instantaneous, and non-destructive detection of
molecules. It has been extensively applied in biomedical
research and medicine, including studies on pharmaceutical
agents,!'5-17] cannabinoids,!'®! parasitology,''®! nanoparticle-
bacteria interactions,!??] regenerative medicine,/?!! and the
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detection of cancers, such as breast cancer,??! oral cancer,®!
and cholangiocarcinoma.’?*

In the context of liver diseases, RS and SERS have been
explored for the detection of fatty liver disease,?*! cirrhosis, ¢!
and liver cancer?’8 through serum and plasma analysis and
tissue imaging.*’! A study has employed the SERS technique
to differentiate between patients with cirrhosis and those with
HCC wusing serum samples.’” However, compared to
conventional RS, SERS faces challenges in terms of
repeatability, reproducibility, and the complexity of preparing
metallic nanostructure substrates, which are often costly and
require sophisticated equipment.!! The interactions between
metallic SERS substrates and molecules in biofluids also raise
concerns about the reliability of information obtained from
SERS for therapeutic or diagnostic use.*? To our knowledge,
no studies have yet employed conventional RS combined with
machine learning classification to simultaneously differentiate
among three groups—HCC patients, individuals with cirrhosis,
and healthy individuals—alongside biomolecular analysis of
their serum Raman spectra.

Despite its potential, conventional Raman spectroscopy
alone may face challenges when applied to complex biological
systems due to overlapping spectral features and subtle
biomolecular variations across disease stages. To address these
challenges and extract diagnostically relevant patterns from
high-dimensional spectral data, machine learning (ML) a
subdomain of artificial intelligence, techniques have been
increasingly integrated with spectroscopic analysis.** ML
facilitates learning from data to make predictions or decisions
without explicit programming. It has been widely adopted
across various domains, including finance, manufacturing,
agriculture, and most notably, healthcare. Recent studies have
leveraged ML for human activity classification,?* which can
support personalized health monitoring, as well as for
predicting pandemic-related fatality rates,*! highlighting the
growing impact of data-driven models in health-related
applications. In the biomedical field, ML has proven valuable
in disease diagnosis, patient stratification, drug discovery, and
medical imaging, largely due to its capacity to analyze
complex, high-dimensional data.’ One of its emerging
applications is in spectral discrimination, where ML enhances
sensitivity, specificity, and automation while supporting rapid
and cost-effective analysis. It remains highly effective even
with small datasets, making it ideal for health-related
investigations where sample sizes are limited.?” Moreover,
integrating ML with portable, cloud-connected near-infrared
spectroscopy has demonstrated high classification accuracy
and reliable quantitative predictions in complex biological
mixtures. This underscores its potential for fast and non-
destructive diagnostics in real-world scenarios. Collectively,
these advantages highlight the practical value of ML-based
spectral analysis in healthcare and point-of-care diagnostics.

Building on these strengths, this study applied a label-free
conventional Raman spectroscopy (RS) technique to assess
biomolecular differences in serum among patients with HCC,
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Table 1: Demographic and Clinical Characteristics of Cirrhosis and HCC Patients.

Barcelona Clinic Liver Cancer (BCLC)

Gender Child-Pugh taci "
stagimg system
Demographic Age (years) gmg sy
Male Female A B C A B C D
Cirrhosis (n =30)  60.13 +9.28 20 10 27 2 !
1rrhos1s (n = . .
(66.7%) (33.3%) (90.0%) 6.7%)  (3.3%)
HCC n=30)  60.77 £9.61 24 6 6 14 7 3
n= . .
(80.0%) (20.0%) (20.0%) (46.7%) (23.3%) (10.0%)
individuals with cirrhosis, and healthy controls. The RS ne = Z2p(1-p) 39
method identified distinct biomolecular variations in serum where: e

across the three groups, revealing specific spectral fingerprints
and marker bands that facilitate disease differentiation. To
enhance the diagnostic classification, the spectral analysis
incorporated a machine learning technique, combining
principal component analysis (PCA) with support vector
machines (SVM). This PCA-SVM approach was employed
for both two-group and simultaneous three-group
classifications. The diagnostic performance of the model was
assessed using various metrics, including sensitivity,
specificity, accuracy, and the area under the receiver operating
characteristic (ROC) curves. This machine learning-enhanced
optical method offers a simple, rapid, and cost-effective means
of screening and diagnosing cirrhosis and HCC,
demonstrating potential for improving clinical diagnosis of
these liver diseases.

2. Materials and methods

2.1 Sample size calculation

The sample size was estimated using Cochran’s sample size
formula to ensure adequate statistical power and precision:

n, is the minimum required sample size.

Z is the Z-score corresponding to the desired confidence level.
p is the prevalence of the condition of interest in the
population.

e is the acceptable margin of error.

A 95% confidence level (Z = 1.96) and 1% margin of error (e
= 0.01) were applied. Prevalence estimates were based on
recent population-level data from Thailand to ensure
contextual relevance. For cirrhosis, a nationwide registry
study reported an age-standardized prevalence of 75.3 per
100,000 population, corresponding to p = 0.00075.4For HCC,
an age-standardized incidence rate of 22.3 per 100,000 per
year, yielded an estimated prevalence of 0.05% (p = 0.0005).141]
Based on Cochran’s formula, the minimum required sample
sizes were approximately 29 for cirrhosis and 20 for HCC. To
standardize group sizes and exceed the minimum requirements,
30 participants were selected for each group. While resource
constraints were considered, this sample allocation supports
robust model training, fair group comparisons, and reliable
evaluation of the classification model’s performance.
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Fig. 1: Comparison of mean Raman spectra among hepatocellular carcinoma (HCC), cirrhosis, and healthy groups (n = 30, each
group). A. The Raman spectra for each group were averaged and offset for clear visualization. Solid lines represent the mean
intensities, while shaded areas indicate the standard deviations. B. The average serum Raman spectra for all groups are superimposed.
Dashed lines denote the positions of the major peaks observed in the serum Raman spectra across the three groups.
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2.2 Collection and preparation of serum specimens
This study utilized leftover serum specimens from cirrhosis
patients (n = 30) and HCC patients (n = 30) who visited
Srinagarind Hospital, Faculty of Medicine, Khon Kaen
University, Khon Kaen, Thailand, for routine investigations
before surgery. Serum samples from the healthy group (n =
30) were randomly selected from a frozen biobank at the
Department of Parasitology, Faculty of Medicine, Khon Kaen
University. A summary of the demographic and clinical data
of cirrhosis and HCC is presented in Table 1. All data were
completely anonymized. The collection and measurement of
the serum samples used in this study were approved by the
Khon Kaen University Ethics Committee for Human Research
(HE641114), in compliance with the Declaration of Helsinki.
Table 1 summarizes the demographic and clinical
characteristics of the cirrhosis and HCC cohorts enrolled in
this study. The average age of the healthy group, cirrhosis
patients, and HCC patients was 64 + 7.25, 60.13 + 9.28, and
60.77 £ 9.61 years, respectively. Given this distribution, the
age range selected for this study primarily aligns well with the
reported peak incidence of liver cirrhosis (50—69 years)“*'and
HCC (65-68 years)*across mixed etiologies. This study also
included both male and female participants, which enhances
the comprehensiveness of the analysis and helps minimize
gender-related bias, thereby improving the general
applicability of the findings. A higher proportion of male
patients was observed in both groups, reflecting known
epidemiological trends in liver diseases. This gender
distribution is consistent with previous reports demonstrating
male predominance in both cirrhosis and HCC due to

was stratified by the Barcelona Clinic Liver Cancer (BCLC)
staging system, with most patients in stage B (46.7%),
followed by C (23.3%), A (20.0%), and D (10.0%). Critically,
the cohort spanned all stages of disease progression, with a
predominance of early-stage cirrhosis and early to
intermediate HCC. This broad representation enables a robust
evaluation of the model’s diagnostic performance in clinically
relevant scenarios, particularly for initial-stage detection. Such
a representative sample distribution supports the development
of generalizable machine learning models for liver disease
diagnosis across varying disease stages.

2.3 Acquisition of Raman spectral data

The tube containing frozen serum was thawed at 4 °C before
undergoing Raman measurement. A serum volume of 2.3 pl
was deposited into the well of a flat washer, which was
mounted on a mirror-grade stainless steel plate. It was then
covered with a quartz coverslip (R52500, Esco Optics, Oak
Ridge, NJ) and placed on the stage of a Horiba XploRA PLUS
confocal Raman microscope (Horiba Jobin Yvon,
Northampton, UK) to obtain the Raman spectra of the sample.
The experiment utilized a grating of 1,200 gr/mm, a slit width
of 200 um, and a hole diameter of 500 um. A 785-nm near-
infrared (NIR) excitation laser was used to prevent sample
burning and minimize fluorescence from organic compounds.
The laser light was focused onto the sample surface using a
50x objective lens (LMPLFL50X, Olympus, St. Joseph, MI).
The stainless-steel plate and quartz coverslip were cleansed
with Virkon solution before each measurement for
disinfection. Raman spectra were acquired independently five

hormonal and lifestyle-related risk factors.“5] Clinically, 90%times for each sample, covering the spectral range of 0 to

of cirrhosis patients were classified as Child-Pugh A,
reflecting well-compensated liver function. The HCC group

2,000 cm’!, with a 60-second acquisition period for each
measurement.
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Fig. 2: Comparison of Raman peak heights of major Raman bands in serum specimens from hepatocellular carcinoma (HCC)
patients, cirrhosis patients, and healthy subjects. The symbol (*) indicates statistically significant differences between groups (p <

0.05).

4| Eng. Sci., 2025, 36, 1667

Engineered Science Publisher


https://www.espublisher.com/

Engineered Science

Research article

Table 2: Tentative assignments of major peaks found in Raman spectra of HCC, cirrhosis (LC) and healthy (H) sera, based on the

literature.[2446-521

Raman shift

Significant differences between

(e Assigned vibrational mode Assigned biomolecule groups

HCC-LC HCC-H LC-H
548 Ring CHz bending Cholesterol v v v
699 Steroid ring stretching Cholesterol v v -
757 Symmetric ring breathing Tryptophan v v v
831 O-P-O stretching Tyrosine v v v
853 Ring breathing, C—C stretching Tyrosine, proline v v v
878 C—C stretching Tryptophan v v v
1004 C—C symmetric ring breathing Phenylalanine v v v
1157 C—C stretching B-carotene v - v
1246 C-N stretching Amide IIT of collagen (proline-rich) v v v
1449 CH3CH2: deformation, C—H vibration Proteins, lipids v N -
1527 C=C stretching B-carotene v v v
1659 C=0 stretching Amide I of protein - v v

2.4 Raman spectral data processing

Raw Raman spectra were exported to MATLAB software
(MathWorks, Natick, MA) for spectral analysis. Each
spectrum was processed by subtracting a fourth-degree
polynomial fit to reduce noise and eliminate the fluorescence
background. The spectra were then normalized based on the
average intensity across all wavenumbers and smoothed using
a Savitzky-Golay filter. The peak heights were analyzed using
the Peak Analyzer tool in OriginLab software (OriginLab
Corporation, Northampton, MA, USA) by fitting each
spectrum with a Gaussian function.

2.5 Data analysis by machine learning

The classification method involved dimensionality reduction
via principal component analysis (PCA), followed by
supervised classification using support vector machines
(SVM). Initially, the processed Raman spectra were analyzed
using PCA, which reduced dimensionality by identifying the
principal axes of variance in a dataset. This technique
summarizes high-dimensional data by generating principal
components (PCs) that capture most of the variability. These
transformed spectral data, represented as PCs, were then used
for machine learning analysis. SVM with a radial basis
function (RBF) kernel was implemented in Python (Jupyter
Notebook 6.1.4, Anaconda Navigator). For visualization
purposes, a 70/30 subject-wise train—test split was used. PCA
was fitted using the training data, and test data were
subsequently projected onto the same PC space for
visualization. To avoid overfitting and ensure fair evaluation,
two subject-level cross-validation strategies were applied.
First, 5-fold subject-wise cross-validation was conducted to
assess model reproducibility and performance consistency,
ensuring exclusive subject-level separation between training
and test sets. Additionally, leave-one-subject-out (LOSO)
cross-validation was employed to rigorously evaluate
generalizability to unseen individuals. In this approach, all

Engineered Science Publisher

samples from a single subject were held out as the test set in
each fold. Model performance was evaluated using accuracy,
sensitivity, specificity, and the area under the receiver
operating characteristic curve (AUC). ROC curves and
corresponding metrics were computed from cross-validated
predictions.

3. Results and discussion

Raman spectroscopy has identified several distinctive serum
peaks associated with hepatocellular carcinoma (HCC) and
cirrhosis that were distinguishable from those seen in health
individuals. This differentiation was evident from comparing
the mean serum Raman spectra and peak intensities among
HCC patients, cirrhosis patients, and healthy individuals, as
shown in Fig. 1 and Fig. 2. Moreover, Table 2 provides
tentative assignments of vibrational modes and corresponding
biomolecules for the major Raman peaks identified. Since the
human liver is responsible for protein synthesis, the
manufacture of vital substances, and the production of
essential biomolecules, changes in the biomolecular
composition due to abnormal liver function could be observed
in the characteristic Raman bands. Specifically, Raman
spectral analysis revealed that serum levels of collagen (1246
cm') and aromatic amino acids—namely, tryptophan (757 and
878 c¢cm), tyrosine (831 and 853 cm'), and phenylalanine
(1004 cm"y—along with cholesterol (548 and 699 cm™') were
significantly elevated in patients with cirrhosis and HCC
compared to healthy controls. Conversely, the B-carotene level
(1157 and 1527 ¢cm™') was significantly lower in the cirrhosis
group compared to the healthy group.

The most notable Raman spectral difference among HCC,
cirrhosis, and healthy sera appeared around 1246 cm™!, within
the amide III band of collagen, which represents a proline-rich
region.[”53 The 1246 cm! peak was present in both cirrhosis
and HCC sera with significantly higher intensity than in the
healthy group, in which the peak was absent. This finding
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Fig. 3: Scatter plots for the diagnostic differentiation by PCA-SVM between cirrhosis, HCC, and healthy groups using 2 principal
components (PCs) A. Cirrhosis vs. Healthy; B. HCC vs. Healthy; C. Cirrhosis vs. HCC.

suggests an elevation in collagen levels in cirrhotic and HCC
patients, aligning well with previous studies,**~*! which noted
significantly higher serum type IV collagen levels in patients
with cirrhosis and liver cancer, including HCC and metastatic
liver cancer, compared to healthy controls. This increase is
linked to the tumor microenvironment and hepatic fibroplasia,
both of which play critical roles in the progression and
prognosis of liver cancer.’™¥ Consequently, the type IV
collagen level in liver disease patients has become a valuable
serological biomarker for the diagnosis and prognosis of early-
stage liver fibrosis, indicating the extent of hepatic fibrosis
and tumor growth. Notably, the clear spectral distinction of the
collagen peak in the amide III band in serum Raman spectra
between HCC and cirrhosis groups compared to the healthy
group suggests that this peak could be a valuable Raman
marker for monitoring and identifying the progression of liver
fibrosis and assessing the severity of liver disease. Therefore,
our findings highlight the potential of Raman spectroscopy as
a rapid and label-free method that could be effectively used to
observe these biomolecular changes in collagen levels through
the analysis of this specific Raman marker band in the amide
IIT region, providing a promising tool for monitoring the
progression of liver disease.

Moreover, compared to healthy subjects, a significant
increase in the levels of aromatic amino acids (AAAs) was
found in patients with HCC and cirrhosis. This increase was
observed in tryptophan (757 and 878 cm™), tyrosine (831 and
853 cm'), and phenylalanine (1004 cm™). The elevated
concentration of AAAs in the serum of patients with advanced
and chronic liver disease is attributed to the impaired
metabolic oxidation involved in protein synthesis.l*?! This
abnormal amino acid metabolism has been linked to liver
disease and the occurrence of HCC in patients. Cancer cells
have a greater need for amino acids for protein synthesis,

6 | Eng. Sci., 2025, 36, 1667

providing the energy necessary for tumor cell development
and malignancy.’”>8 The increase in AAAs in serum was
found to be indicative of progressive liver disease and the
occurrence of cirrhosis-related complications, such as
encephalitis.” Therefore, the increased AAA serum levels
observed in patients with HCC and cirrhosis align well with
existing medical findings and suggest that Raman
spectroscopy could be a valuable tool for detecting these
biomolecular changes.

In addition, a significantly higher serum cholesterol level
(548 and 699 cm™") was found in HCC patients compared to
cirrhosis and healthy individuals. HCC has been associated
with altered cholesterol metabolism. In patients with HCC,
there is a tendency towards hypercholesterolemia, particularly
in advanced stages of the disease. This is often associated with
metabolic syndrome and dyslipidemia, which are risk factors
for HCC.I*I The presence of hypercholesterolemia in HCC has
been linked to the regulation of PCSK9, a protein that
influences LDL cholesterol levels. High glucose levels can
increase PCSK9 expression, contributing to elevated LDL
cholesterol in HCC patients.®"!

In contrast, the serum levels of f-carotene (1157 and 1527
cm!) were significantly lower in cirrhotic and HCC patients
compared to healthy controls. This reduction in serum [-
carotene has been reported in cirrhosis, ®?! non-alcoholic
steatohepatitis (NASH),®! cholangiocarcinoma,?* colorectal
cancer, [ 4] and nasopharyngeal cancer.l®] A significant
downward trend in serum [-carotene concentrations was
observed with increasing hepatic fibrosis stage, with
significantly lower levels in patients with hepatitis C virus
(HCV) and cirrhosis compared to healthy controls.®?] B-
carotene is known for its capacity to inhibit free radicals,
thereby protecting cellular membranes, DNA, and reactive
oxygen species from oxidative damage; thus, a decrease in
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Table 3: Classification performance of the PCA—SVM model across validation strategies for cirrhosis, HCC, and healthy groups.

Cross-validated diagnostic performance (%)

Validation Strategy Group o . AUC of ROC curves
Sensitivity Specificity Accuracy

Cirrhosis-Healthy 84.7 94.0 89.3 0.951
3-fold subject-wise CV' e Healthy 90.0 95.3 92.7 0.980
Cirrhosis-HCC 83.3 90.00 93.5 0.929
Cirrhosis-Healthy 83.3 94.7 89.0 0.952

Leave-One Subject-Out
(LOSO) CV HCC-Healthy 92.0 95.3 93.7 0.977
Cirrhosis-HCC 84.0 89.3 86.7 0.930

serum B-carotene may indicate cellular membrane damage and
a reduction in antioxidant activity, which has potential
implications for cancer prevention.! The liver is integral to
carotenoid metabolism and serves as the primary storage organ
for P-carotene.’®8! High carotenoid intake has been
recognized as providing an essential antioxidant benefit,
associated with a reduction in cancer mortality by boosting the
immune system.®! Thus, as liver disease progresses, [3-
carotene levels typically decline, indicating lower serum [-
carotene concentrations in patients with advanced liver
disease.[®] Therefore, monitoring serum B-carotene levels in
liver disease patients can provide valuable insights into
disease progression, and Raman spectroscopy presents a
simple, label-free, and effective technique for this task.

To further improve the diagnostic capacity of our approach,
Raman spectral analysis was combined with a machine
learning method to classify cirrhosis, HCC, and healthy
groups. The spectral data were first dimensionally reduced by
principal component analysis (PCA), which transformed the
data into principal components (PCs) based on extracted
spectral features. These PCs captured the most variance in the
original dataset, thus representing the key characteristics of the
spectral signatures. The scores of the selected PCs were then
used as input features for a support vector machine (SVM)
algorithm to perform supervised classification, distinguishing
between cirrhosis-healthy, HCC-healthy, and cirrhosis-HCC
groups.

Pairwise classification results are visualized in Fig. 3,
where scatter plots of the two PCs illustrate group separation.
Fig. 3A shows that, despite cirrhosis samples exhibiting
broader variability compared to the tightly clustered healthy
group, the classifier still achieved a meaningful decision
boundary. This is particularly notable given that over 90% of
cirrhosis cases were classified as Child—Pugh A, representing
early-stage disease. The ability to distinguish these early
cirrhotic cases from healthy individuals demonstrates the
sensitivity of Raman-derived spectral features in detecting
incipient liver dysfunction. In Fig. 3B, the separation between
healthy and HCC groups is more clearly defined, reflecting the
pronounced molecular alterations  associated  with
hepatocarcinogenesis. Notably, the separation also captured
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early to intermediate HCC, with 67% of patients staged as
BCLC A-B, highlighting the algorithm’s capacity to detect
malignancy during clinically actionable phases. Meanwhile,
Fig. 3C shows a more subtle distinction between cirrhosis and
HCC, which is expected due to overlapping biochemical
profiles during early disease progression. Nevertheless, the
method still achieved reliable classification, indicating its
potential utility in challenging diagnostic scenarios where
conventional biomarkers may be insufficient.

To rigorously assess generalizability while mitigating
overfitting, the number of PCs was increased from 2 to 30.
Two subject-wise validation strategies were employed: five-
fold subject-wise cross-validation using Group K Fold and
leave-one-subject-out (LOSO) cross-validation. The 5-fold
subject-wise  cross-validation (5-fold CV) balances
computational efficiency with model generalization
assessment. Through subject-level separation across folds, it
prevents data leakage and is well-suited for evaluating models
on medical datasets.”” LOSO-CV is particularly suited for
biomedical spectroscopy studies with repeated measures from
each subject, as it simulates real-world deployment by testing
the system on entirely unseen individual.[’'7 This method
minimizes data leakage and provides a robust estimate of the
discriminative capacity of the approach. Both strategies
ensured that samples from the same subject were never present
in both training and test sets.

As summarized in Table 3, the healthy-HCC
differentiation achieved the highest accuracy (92.7% 5-fold
CV; 93.7% LOSO-CV), reflecting the distinct spectral
differences between non-diseased and cancerous states.
Notably, this predictive strength was maintained despite the
dataset being dominated by initial and intermediate HCC
cases, underscoring the approach’s potential for early cancer
detection. The cirrhosis—HCC  differentiation  also
demonstrated strong outcomes, with accuracies of 93.5% (5-
fold CV) and 86.7% (LOSO-CV), despite the close biological
connection between these conditions. This result highlights
the method’s capacity to detect intricate spectral shifts
associated with malignant transformation in cirrhotic patients.
Lastly, the cirrhosis—healthy comparison showed consistent
diagnostic effectiveness, with accuracies of 89.3%(5-fold CV)
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Fig. 4: Cross-validated ROC curves for the PCA-SVM classification distinguishing among liver cirrhosis, hepatocellular carcinoma,
and healthy groups. The figure compares models using 2 principal components (PCs; dotted lines) versus 30 PCs (solid lines). Blue
lines indicate 5-fold cross-validation, while red lines represent leave-one-subject-out (LOSO) cross-validation. Line thickness
corresponds to group comparisons: thin for cirrhosis vs. healthy, medium for HCC vs. healthy, and thick for cirrhosis vs. HCC.

and 89.0% (LOSO-CV). This pair posed a more complex
group separation task compared to the others, primarily due to
the predominance of early-stage cirrhosis in the dataset. Such
cases often exhibit biomolecular profiles that closely resemble
those of healthy individuals, resulting in a degree of spectral
overlap. Nonetheless, the algorithm still achieved over 83.0%
sensitivity and specificity, emphasizing its potential for
detecting early liver dysfunction with clinically meaningful
accuracy.

Fig. 4 further compares ROC curves of models using 2 PCs
and 30 PCs. Using only 2 PCs resulted in moderate predictive
outcomes (AUC: 0.692—0.884), whereas incorporating 30 PCs
significantly improved differentiation approach accuracy,
with AUCs reaching 0.929-0.980 across all pairs. The ROC
curves of the 30-PC models consistently approached the top-
left corner, indicating higher true positive rates and lower false
positive rates. This improvement can be attributed to the
inclusion of a more comprehensive set of Raman spectral
features, thereby enabling the model to capture and discern
more nuanced data patterns present within the spectra. More
PCs can effectively capture variance in high-dimensional
datasets, such as spectral data, which is critical for optimizing
the performance of machine learning models.[”) However,
including too many PCs may introduce noise and irrelevant
variation, potentially leading to overfitting. To address this,
rigorous subject-wise validation methods were employed to
ensure robust performance assessment and minimize
overfitting. These techniques evaluate discriminative power
across independent data subsets, thereby enhancing the
model’s reliability and generalizability.

Following feature extraction and validation, machine
learning was employed to simultaneously classify serum
samples from healthy individuals, cirrhosis patients, and HCC
patients, as shown in Fig. SA-E. In Fig. 5A, PCA projection
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onto the first two components reveals that cirrhotic samples
partially overlap with both healthy and HCC groups,
highlighting their transitional nature and the shared molecular
signatures observed in early-stage disease. In contrast, HCC
samples form a distinct cluster along the positive PC1 axis,
reflecting pronounced spectral shifts associated with
malignancy. Fig. 5B presents the PCA-SVM decision
boundaries based on the same two components, with separate
visualizations for the train and test sets. In the train set, the
data distribution illustrates a biological continuum between
cirrhosis and HCC. In the test set, healthy and cirrhotic
samples appear partially overlapping; however, no instance
from either group was misclassified as HCC. Nevertheless,
this 2D scatterplot provides a simplified view of how the
model separates the groups but does not fully capture the
complexity of the classification task.

To better distinguish subtle differences-especially between
healthy and cirrhotic profiles—additional features were
needed. While 30 principal components were sufficient for
earlier binary classification tasks, this multiclass diagnostic
setting required a broader feature space. Therefore, the feature
set was expanded to 50 PCs, capturing 99.0% of the
cumulative variance. This allowed the model to leverage both
dominant Raman spectral trends and more nuanced clinical
signatures, ultimately improving its classification accuracy
and robustness. Fig. 5C and 5D present confusion matrices
from the multiclass classification analysis based on
dimensionally reduced data. By utilizing this enriched feature
space, the model delivered consistent and strong performance
across both subject-wise validation approaches. Overall
accuracies reached 85.9% in 5-fold CV and 85.3% in LOSO-
CV, with class-wise accuracies exceeding 80% across all
diagnostic categories. The highest accuracy was achieved in
HCC detection (93.3%, 5-fold CV), underscoring its
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Fig. 5: The PCA-SVM classification among sera of healthy subjects, cirrhosis patients, and HCC patients. A. PCA scatter plot of 2
principal components (PCs) displaying all data for each of the three groups. B. SVM classification analysis for both the training set
(left) and test set (right). C—D. Confusion matrices generated using the top 50 PCs for classification: C from 5-fold subject-wise
cross-validation, and D from leave-one-subject-out (LOSO) cross-validation. E. Receiver operating characteristic (ROC) curves
corresponding to the classification results in C and D, illustrating model performance for each class under both validation strategies.

diagnostic reliability. The ROC curves in Fig. SE further
validate the model's high classification precision, with AUC
values exceeding 0.90 for all comparisons. Importantly, this
approach supports direct three-class prediction within a single
framework. It facilitates rapid and objective decision-making
in clinical contexts where accurate differentiation between
healthy individuals, cirrhotic patients, and those with HCC is
critical for early diagnosis and treatment planning.

To contextualize these findings, the performance of
Raman-ML was compared against widely used diagnostic
tools, as summarized in Table 4. Each technique presents a
trade-off between sensitivity and specificity, influenced by
both methodological limitations and clinical context. Imaging
modalities such as ultrasound, CT, and MRI are commonly
employed. Ultrasound performs well in detecting cirrhosis but
is less effective for identifying HCC, especially in obese
patients.’¥ CT and MRI offer enhanced precision for detecting
HCC, but their use is often limited by high costs and the need
for contrast agents or advanced imaging protocols to achieve
optimal accuracy.”” Liver biopsy remains the reference
standard due to its diagnostic reliability; however, its invasive
nature and risks—such as bleeding and sampling error—
restrict its suitability for routine clinical application.l’®!
Noninvasive scoring systems like FIB-4 and APRI serve as
more accessible alternatives. APRI generally outperformsFIB-
4, though both exhibit limited clinical evaluation capability in
early-stage disease or specific patient subgroups.”” Serum
biomarkers—AFP and PIVKA-II—demonstrate inconsistent
reliability. PIVKA-II provides higher specificity but lower
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sensitivity in distinguishing HCC from cirrhosis. Their
diagnostic predictive power is highly dependent on disease
stage, comorbidities, and the choice of cutoff values.[®! Lower
thresholds improve sensitivity but raise the likelihood of false
positives, whereas higher thresholds enhance specificity at the
cost of missing early-stage disease.’ Critically, no current
blood-based biomarker strategy is capable of simultaneously
distinguishing healthy individuals, cirrhosis patients, and
HCC patients with sufficient reliability. Most existing
approaches are optimized for binary categorization or are
designed to detect a single condition. This underscores the
need for a more comprehensive and noninvasive screening
solution that can differentiate across multiple liver disease
stages within a unified diagnostic platform.

The proposed method in this study—Raman spectroscopy
combined with machine learning (Raman—ML)—offers a
powerful alternative. It demonstrated consistent performance
across all pairwise comparisons: 83.3% sensitivity and 94.7%
specificity for cirrhosis vs. healthy, 92.0% sensitivity and
95.3% specificity for HCC vs. healthy, and 84.0% sensitivity
and 89.3% specificity for HCC vs. cirrhosis. Remarkably, it is
the only tool in this comparison capable of enabling
simultaneous three-way classification in a single step—an
advantage that simplifies clinical interpretation and supports
early detection across the disease spectrum. Its affordability,
minimally-invasive nature, and independence from biomarker
cut-off thresholds make it particularly suitable for point-of-care
use, especially in resource-constrained settings. By leveraging
the full Raman spectral signature rather than relying on
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Table 4: Comparative diagnostic performance of various methods for cirrhosis and HCC groups.

Categories Techniques

Cirrhosis—Healthy HCC-Healthy HCC-Cirrhosis
> o = o = o

= & h=lC) = & s =y g &
a D < ZI 5 < RZENM) 5 <
=} ] = ] = (o]

5] o Q o Q (=9
n n %) %) 15} %)

Cost per Test
(USD)

Limitations

Ultrasound 911801 0480]

CT scan — —
1.
Imaging
Technique
s
MRI — —
Elastography 811891 881891
2. Liver . .
. Liver Biopsy — —
Biopsy

3. Clinical Fibrosis-4
scoring Index (FIB-4)

413071 91,0077

40-81  80-100 43.9-84

[83]
[81] [81] [82,83] 91.5

841851 991851 73.3 861 77 50861

4T 04871 8730881 gl 6l

66-

ogen 10077 85102 10007

100-300

500-1,500

1,000-3,000

-Fibro Scan:
100-300 per
scan,
-Magnetic
Resonance
Elastography
(MRE):
1,000-2,500

1,000-3,000

<20

- Limited ability to detect
small or isoechoic lesions;
accuracy depends on
operator skill.[#4]

- Reduced sensitivity in
obese patients or those with
fatty liver.[$4]

- Expensive

- Potential for misdiagnosis
due to overlapping imaging
features.[”!

- Limited ability to
differentiate lesions with
similar appearances, such as
hemangiomas and focal
nodular hyperplasia
(FNH).I3!

-Challenges remain in
distinguishing lesions with
similar imaging
characteristics.[”!

-Often requires advanced
imaging techniques or
contrast agents to improve
diagnostic accuracy.’3]

-Inaccurate in patients with
inflammation, congestion, or
obesity.[%"]

-Operator skill and patient
cooperation affect results.[*]
-Not specific for fibrosis due
to cirrhosis only.¥

-Invasive with risk of
bleeding and sampling
error.l¢]

-Cannot represent whole
liver.

-Not suitable for routine or
repeated use.[7®]

-Limited specificity and
sensitivity, especially in
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validation.

predefined biomarkers, the method captures molecular
variations that conventional strategies may overlook. These
strengths highlight Raman—ML as a practical and scalable
diagnostic platform with strong potential for integration into
liver disease screening workflows.

To enhance generalizability and long-term clinical
relevance, future investigations should include external
validation across diverse populations and incorporate
longitudinal monitoring. This includes expanding the sample
pool to cover a broader range of racial, gender, and age groups.
Such demographic diversification could enhance the
robustness, fairness, and external validity of the proposed
diagnostic framework. Of interest, age diversity is a critical
consideration, as a recent study showed that 20.2% of cirrhosis
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patients were young adults aged 18—40 years—a proportion
significantly higher than those reported in prior studies from
other tertiary care centers.”! This emerging trend highlights a
shifting age demographic and emphasizes the importance of
investigating younger populations. To address this, future
studies should incorporate a broader age spectrum, with
particular focus on early-stage disease in younger adults.
These insights may inform the development of age-specific
screening and intervention strategies, ultimately promote early
diagnosis and improve patient outcomes.

To enhance generalizability and long-term clinical relevance,
future investigations should include external validation across
diverse populations and incorporate longitudinal monitoring.
This includes expanding the sample pool to cover a broader
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range of racial, gender, and age groups. Such demographic
diversification could enhance the robustness, fairness, and
external validity of the proposed diagnostic framework. Of
interest, age diversity is a critical consideration, as a recent
study showed that 20.2% of cirrhosis patients were young
adults aged 18-40 years—a proportion significantly higher
than those reported in prior studies from other tertiary care
centers.”® This emerging trend highlights a shifting age
demographic and emphasizes the importance of investigating
younger populations. To address this, future studies should
incorporate a broader age spectrum, with particular focus on
early-stage disease in younger adults. These insights may
inform the development of age-specific screening and
intervention strategies, ultimately promote early diagnosis and
improve patient outcomes.

In addition to demographic considerations, maintaining the
long-term stability of diagnostic accuracy is also essential for
real-world deployment. This requires continuous evaluation
using newly acquired samples, as various factors—such as
aging, disease progression, and environmental influences—
can affect system reliability over time. Several studies have
shown that protein expression profiles evolve with age and
correlate with metabolic shifts, thus reflecting both
physiological and pathological transformations.!]
Additional factors such as diet, personalized medicine, and
environmental exposures further shape the human
proteome.!'?11921 This biological variability poses a challenge
to maintaining consistency, as features learned at one time
point may behave differently in future datasets or across
populations. Consequently, algorithms trained exclusively on
cross-sectional data may fail to generalize to real-world
scenarios that evolve over time. Recent reports have
confirmed that performance degradation is a well-recognized
issue in clinical machine learning deployments, particularly
due to data drift and shifting medical practices. A previous
study demonstrated that deployed approaches required
retraining approximately every three months during periods of
significant clinical change.['"® To mitigate this, model updates
should be driven by performance monitoring rather than fixed
time intervals. Retraining is best initiated once a measurable
decline in performance is detected.!'**! Therefore, future work
should include the development of a prospective monitoring
framework and the implementation of incremental retraining
strategies. Together, these measures reinforce the role of this
approach as a reliable component within clinical deployment
strategies.

In conclusion, this study demonstrates a simple, rapid, yet
effective approach by integrating conventional Raman
spectroscopy (RS) with machine learning for simultaneous
serum-based detection and classification of HCC, liver
cirrhosis, and healthy individuals. It addresses the need for a
quick and uncomplicated screening technique to distinguish
these two liver disease types from healthy subjects. Unlike
surface-enhanced Raman spectroscopy (SERS), conventional
RS is simpler and does not require complex Raman-enhancing
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metallic nanoparticles, which can add extra costs and require
intricate fabrication processes. Although there are concerns
regarding the sensitivity of conventional RS compared to
SERS, this study shows that RS, when combined with machine
learning, can enhance diagnostic capabilities, achieving
substantial sensitivity, specificity, and accuracy in detecting
and differentiating the liver disease types and healthy controls.
Moreover, RS alone can provide spectral information and
significant marker bands that are useful for monitoring liver
disease progression without concerns about the interaction of
metallic nanoparticles with biological samples as in the case
of SERS. Therefore, RS coupled with machine learning offers
a promising strategy as an effective diagnostic tool, potentially
useful for cirrhosis and HCC screening, particularly in low-
resource settings. It has the potential to complement existing
imaging techniques, thereby improving clinical diagnosis,
prognosis, and patient outcomes for cirrhosis and HCC,
ultimately helping to reduce the global burden of liver disease.

4. Conclusion

This study developed an optics-based diagnostic method using
Raman spectroscopy coupled with supervised machine
learning analysis for the rapid, serum-based differentiation
between HCC, cirrhosis, and healthy individuals. The study
revealed several Raman characteristic peaks that indicated
significant biomolecular differences between the three groups.
In particular, the amide III band of collagen at approximately
1246 cm™! could be used as a Raman marker band to separate
HCC and cirrhosis from healthy individuals due to the distinct
separation of the Raman feature. The serum levels of collagen,
aromatic amino acids, and cholesterol were found to be
significantly higher in the cirrhosis and HCC patients than in
the healthy controls, whereas B-carotene was significantly
lower in the cirrhosis and HCC groups. The diagnostic
potential of Raman spectroscopy was evidently improved with
the aid of a machine-learning algorithm. The classification
analysis of the Raman spectra using the PCA-SVM model
demonstrated strong diagnostic performance in differentiating
between cirrhosis and HCC. The 5-fold subject-wise cross-
validation achieved 83.3% sensitivity, 90.0% specificity, and
93.5% accuracy. Similarly, leave-one-subject-out (LOSO)
cross-validation produced comparable results with 84.0%
sensitivity, 89.3% specificity, and 86.7% accuracy. The
simultaneous differential diagnosis between the three groups
showed that each group could be correctly identified by PCA-
SVM with the LOSO-CV approach yielded accuracies of
89.3% for healthy individuals, 81.3% for cirrhosis, and 85.3%
for HCC. This approach demonstrated high discriminative
performance in separating early cirrhosis from early to
intermediate HCC, which constituted the majority of clinical
samples. This highlights the potential of Raman-based
classification as a sensitive tool for detecting subtle molecular
alterations prior to advanced disease progression, thereby
supporting its use in early detection and surveillance
strategies. Thus, this rapid serum-based technique could be
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applied to screening healthy individuals who are at risk of
developing cirrhosis or cirrhosis patients who are at risk of
progressing to HCC. It addresses several diagnostic challenges
associated with current methods for diagnosing liver cirrhosis
and HCC, particularly the inadequacies and limited diagnostic
capacity of current blood biomarker tests, such as alpha-
fetoprotein (AFP), as well as the limitations of existing
imaging modalities, especially in resource-constrained
settings. By proposing an optics-based, machine learning-
enhanced diagnostic strategy, this study offers a rapid, simple,
and cost-effective alternative and complement to existing
techniques for the detection and diagnosis of these liver
disease conditions, with the potential to improve patient
outcomes.
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