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Introduction

Abstract. This paper presents a method for intelligent analysis of Raman
spectra of blood serum for chronic heart failure (CHF) diagnosis using machine
learning approaches. Raman spectra obtained from blood serum samples of
229 subjects (189 patients with CHF and 40 healthy volunteers) were
analyzed using the multivariate curve resolution-alternating least squares
(MCR-ALS) method. Eight spectral components were extracted and used as
features for classification. Logistic regression, support vector machine,
random forest, gradient boosting, and ensemble stacking methods were
evaluated. Using only spectral features, the stacking model achieved an area
under the receiver operating characteristic curve (ROC AUC) of 0.72 + 0.04
with a validation accuracy of 0.83 * 0.03. The inclusion of clinical parameters
(systolic and diastolic blood pressure, final systolic size, total bilirubin, and
hematocrit) significantly improved classification performance, increasing the
ROC AUC to 1.00 £+ 0.00 with a validation accuracy of 0.95 + 0.01. Statistical
analysis showed no significant differences between the stacking ensemble and
individual classifiers (p > 0.05), indicating that classification performance was
primarily determined by the informativeness of the extracted spectral and
clinical features. The obtained results demonstrate the potential of combining
Raman spectroscopy with machine learning methods for CHF screening and
early diagnosis, particularly in settings where access to advanced imaging
techniques is limited.
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Raman spectroscopy; blood serum; chronic heart failure; machine learning;
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diagnostic approaches, including echocardiography and

Cardiovascular diseases occupy a leading place among
the causes of death and disability worldwide, which
underlines the importance of their diagnosis for
healthcare systems [1]. Chronic heart failure (CHF) is
one of the most widespread cardiovascular syndromes
associated with progressive impairment of cardiac
function, reduced quality of life, and increased mortality
risk [2]. Early diagnosis of CHF remains a challenging
task, especially at the initial stages of disease
development, when structural and functional changes
may not yet be sufficiently pronounced. Conventional
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biochemical blood analysis, often require expensive
equipment, specialized personnel, and considerable
examination time, which limits their widespread use in
screening  programs and  preventive  medical
examinations [3].

Biochemical blood analysis methods are used to
quantify the concentration of blood components,
enzymes, and hormones, as well as to identify deviations
from normal values [4]. However, the prognostic
significance of blood analysis can be increased when
considering a complex of changes in the biochemical
composition of blood rather than isolated biomarkers [5].
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In this regard, optical spectroscopic methods capable of
providing information about the molecular composition
of biological samples attract significant interest [6].

Raman spectroscopy makes it possible to analyze the
features of biological objects at the molecular level [7].
In recent years, Raman spectroscopy has opened new
perspectives for blood analysis [8]. This method allows
obtaining spectral information about the molecular
composition of complex biological samples, including
blood serum, making it a powerful tool for detecting
biochemical changes associated with cardiovascular
diseases [9]. Due to its high sensitivity, noninvasiveness,
and minimal sample preparation requirements, Raman
spectroscopy is becoming an attractive method for
clinical diagnostics and biomedical screening
applications.

However, Raman spectra of biological samples are
characterized by high dimensionality, overlapping
spectral bands, noise sensitivity, and substantial inter-
patient variability [10]. These factors complicate the
interpretation of spectral data and require the use of
advanced computational approaches for efficient
analysis. In this context, machine learning and intelligent
decision-support systems have become increasingly
important tools for Raman spectra processing [11].

Various machine learning algorithms have been
applied to the analysis of Raman spectra in biomedical
research. Classical statistical and machine learning
methods, including Principal Component Analysis
(PCA), Linear Discriminant Analysis (LDA), Logistic
Regression, Support Vector Machines (SVM) have
demonstrated effectiveness in classification tasks
involving biological samples [12-14]. The development
of information technology has also led to attempts to use
artificial neural networks and deep learning methods for
spectral data analysis [15]. In particular, convolutional
neural networks have shown promising results in
automated Raman spectrum recognition and feature
extraction [16]. These approaches enable identification
of complex nonlinear relationships within spectral data
and improve diagnostic accuracy for various pathological
conditions [17].

Despite significant progress, the problem of
extracting informative and interpretable features from
Raman spectra remains unresolved. In many studies,
dimensionality reduction is performed using PCA or
related statistical methods [18-19]. Although such
approaches effectively reduce computational complexity,
the resulting components are often difficult to interpret
from a biochemical perspective [20]. Therefore, methods
capable of extracting physically interpretable spectral
components are of particular interest for biomedical
applications [21].

One promising approach is multivariate curve
resolution using alternating least squares (MCR-ALS),
which allows decomposition of spectral data into
concentration profiles and spectra of underlying
biochemical components [22]. Unlike conventional
statistical ~ decomposition  techniques, MCR-ALS
provides improved interpretability of extracted features
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and may facilitate identification of molecular changes
associated with disease development [23].

Another important trend is the development of
ensemble machine learning methods that combine
predictions of several individual classifiers [24].
Ensemble approaches can improve the robustness and
generalization ability of classification models, especially
when analyzing complex biomedical datasets. In
particular, stacking methods combine the advantages of
multiple algorithms by constructing a meta-model based
on predictions of basic classifiers [25].

The novelty of the proposed approach lies in the
combined use of MCR-ALS decomposition, ensemble
machine learning methods, and integration of Raman
spectral data with clinical patient parameters for chronic
heart failure diagnosis. Unlike conventional approaches
based solely on spectral preprocessing and standard
dimensionality reduction techniques, the proposed
framework  extracts interpretable biochemical
components from Raman spectra and combines them
with clinically significant features. In addition, several
machine learning algorithms, including logistic
regression, support vector machines, random forest,
gradient boosting, and stacking ensembles, are
comparatively evaluated for CHF classification.

The use of Raman spectroscopy in combination with
intelligent data analysis systems is a promising area of
research and can increase the effectiveness of population
screening and preventive medical examinations. Such
approaches can improve the accessibility of diagnostics,
contribute to the early detection of cardiovascular
diseases, and potentially prevent disease progression [26].

The aim of this study was to develop an intelligent
method for the analysis of blood serum Raman spectra
using the MCR-ALS method and machine learning
algorithms, taking into account additional clinical data of
patients with chronic heart failure.

2 Methods and Materials

In this work, the in vitro Raman spectra of the blood
serum of 229 patients are analyzed, among which 189 are
patients with chronic heart failure, 40 are control group
(volunteers without heart failure). Blood serum samples
were taken from the patient in the morning on an empty
stomach and placed in sterile tubes, followed by freezing
at a temperature of —16 °C. Immediately before spectral
analysis, the samples were thawed at room temperature.

The recording of Raman spectra was carried out
using surface-enhanced Raman spectroscopy (SERS)
technology, described in detail in Ref. [27]. Each 1.5 ml
serum sample was applied to an aluminum foil with a
layer of silver structures and dried for 30 min. The
spectral characteristics of blood serum were analyzed
using an experimental stand consisting of a
spectrometric system (EnSpectr R785, Spektr-M,
Chernogolovka, Russia) and a microscope (ADF U300,
ADF, China). The spectra were excited in the near-
infrared range using a laser module with a central
wavelength of 785 nm. An LMPlan lens with a 50x
magnification was used to focus the radiation on the
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sample and collect the scattered radiation. The diameter
of the laser spot in focus was 5 pm. Human serum was
analyzed at a laser power of 10 mW. The spectra were
recorded four times for each sample with an exposure
time of 4 s. Further, the spectra were subjected to the
preprocessing described in Ref. [28].

In this work, the method of resolving
multidimensional curves using the alternating least
squares (MCR-ALS) method is used to analyze the
spectra, which has already shown its effectiveness in
isolating the biochemical components of the skin [29].
The main idea of MCR is to decompose the matrix of
Raman spectra into two matrices, one of which represents
the concentration profiles for each component, and the
second represents the matrix of the spectra of these
components [30].

In the framework of the MCR-ALS analysis, the term
“components” refers to latent spectral profiles extracted
from the original Raman spectra during matrix
decomposition [31].

In this approach, the concentrations of each
individual component isolated in the studied samples
serve as features for subsequent classification. The
following machine learning algorithms were applied to
the profiles of the obtained component concentrations:
Logistic Regression, SVM, Random Forest, and Gradient
Boosting.

Logistic Regression is a form of multiple regression
that aims to analyze the relationship between several
independent variables and a single binary dependent
variable [32-34]. Random forest is based on the
construction of an ensemble of decision trees and is one
of the most robust machine learning algorithms [35-37].
The principle of the support vector machine method is
to find the optimal hyperplane that maximally separates
classes in a multidimensional feature space [38-40].
Gradient boosting is a powerful ensemble learning
method in which the sequential construction of decision
trees aims to minimize the errors of previous models
[41-43].

To improve the quality of the final model and
combine the advantages of various methods, the stacking
method was applied, in which the basic models formed
meta-features, which were then fed to the input of the
final model, the logistic regression model. This approach
makes it possible to exploit the strengths of individual
algorithms, improving classification generalization
performance.

In addition to concentration profiles, the clinical data
of patients were used as additional features for
classification: systolic blood pressure, diastolic blood
pressure, final systolic size, total bilirubin, hematocrit.

A 5-fold cross-validation was performed to verify the
stability of the classification models. All machine
learning algorithms and ROC curve analyses were
implemented in Python.

3 Results and Discussions

Using MCR-ALS, eight components have been
identified. This amount was determined during
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preliminary studies, which examined the range from 3 to
12 components in order to optimally identify substances.
Several datasets with different numbers of components
were analyzed using various machine learning methods.
The ROC curves obtained for logistic regression based
on five data sets are shown in Fig. 1. Based on the
analysis, it is concluded that the choice of eight
components is optimal for achieving the objectives of the
study. The primary objective was to retain as much
information as possible, which would improve the
accuracy of the analysis of the Raman spectra of blood
serum without losing key data.
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Fig. 1 ROC-curves for logistic regression for different
numbers of components.

The main peaks for each component are shown in
Table 1. The spectra of the components are shown in
Fig. 2. For example, Component 1 was mainly associated
with proteins and lipids due to the presence of peaks near
723 cm™, 1097 cm™, and 1329 cm™?, corresponding to
amide groups, C-O vibrations, and hydrocarbon chain
deformations. Component 2 was related predominantly
to protein structures and aromatic amino acids because of
the characteristic Amide 1 band near 1652 cm™ and
aromatic ring vibrations at 1576 cm™. Component 3 was
associated with metabolites and carbohydrate-related
vibrations, while Components 4 and 5 reflected
contributions from aromatic compounds, proteins, and
lipid-associated molecular structures. Components 6-8
mainly corresponded to carbohydrates, amino acid
residues, and low-frequency molecular vibrations
observed in biological serum samples [44—45].

Therefore, the obtained concentration profiles reflect
variations in the biochemical composition of blood serum
associated with chronic heart failure.

As a result, the area under the ROC curve for the case
of taking into account only spectral features (component
concentrations) and using the basic logistic regression
model was 0.72+0.04 (validation accuracy:
0.83 +£0.03), the support vector machine achieved an
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ROC AUC of 0.66+0.08 (validation accuracy: (validation accuracy: 0.83 +£0.03). The addition of
0.83+0.03), random forest 0.70+0.07 (validation clinical patient data to the feature space has significantly
accuracy: 0.85+0.01), gradient boosting 0.62 +0.05 improved the learning performance of the model. The
(validation accuracy: 0.81+0.02). For the stacking ROC AUC increased to 1.00 + 0.00, while the validation
model, the area under the ROC curve was 0.72 + 0.04 accuracy was 0.95 + 0.01.

Table 1 Characteristic peaks and assumed molecular bonds of the components.

Component Peak (cm™) Possible Assignment
Component 1 723.12 Amide group or methylene groups in lipids
1329.03 C-H deformation in hydrocarbon chains (possibly Amide I11)
1096.99 C-0 or S-0O stretching in carbohydrates or carboxylic acids
Component 2 1652.38 C=0 stretching in amide groups or carbohydrates (Amide 1)
1576.09 Aromatic ring stretching (e.g., phenyl groups)
639.33 Amino acids associated with aromatic ring vibrations
Component 3 1393.58 Vibrations typical for creatinine or other metabolites
1021.23 Carbohydrate or amino acid vibrations
631.35 Amino acid residues (e.g., phenylalanine)
Component 4 1577.62 Aromatic vibrations related to phenyl groups
1212.39 Vibrations in carbohydrates or amide groups
1313.32 C—H deformation or aromatic ring vibrations
Component 5 624.35 Amino acids or carbohydrates
1364.32 C—H or C-C deformations in hydrocarbon chains
1604.25 Aromatic ring vibrations
Component 6 1053.51 C-O stretching in carbohydrates or metabolites
677.01 Aromatic ring vibrations or possible methylene groups
492.15 Low-frequency vibrations in organic molecules
Component 7 645.30 Aromatic rings or carbohydrates
500.41 Methylene groups or low-frequency vibrations
1142.56 C-0 or methyl group stretching
Component 8 634.34 Amino acids or carbohydrates
491.12 Vibrations in carbohydrates or amino acids
1132.10 Presence of amide groups (Amide I11 region)
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Fig. 2 Raman spectra obtained by in vitro MCR analysis of Raman scattering spectra of blood serum.

In the framework of this work, an ensemble
classification model was implemented using the stacking
method. The aim was to combine several basic models to
improve the accuracy of the prediction of CHF based on
spectral and clinical features. The ROC curves obtained as
a result of the analysis are shown in Fig. 3.

To further validate the obtained results, a statistical
significance analysis was conducted comparing the
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baseline models with the stacked ensemble. The
comparison was performed using the area under the ROC
curve (AUC) obtained from 5-fold cross-validation. Since
the performance values were calculated on the same data
splits, paired statistical tests were applied, including the
paired Student’s t-test [46] and the nonparametric
Wilcoxon signed-rank test [47].
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Fig. 3 ROC-curves for classification of healthy people
and patients with chronic heart failure: (a) only
component concentrations are taken as features;
(b) component concentrations and clinical data are taken
as features.

The results show that the differences between the
stacked model and individual baseline classifiers are
statistically insignificant (p>0.05 in all cases).
Specifically, the p-values for logistic regression were
0.3408 (t-test) and 0.3125 (Wilcoxon test), 0.2463 and
0.3125 for support vector machines, 0.8445 and 0.8125
for random forest, and 0.0722 and 0.1250 for gradient
boosting, respectively. Although gradient boosting
approached statistical significance (p ~ 0.07), it does not
reach the generally accepted significance level of 0.05.

These results are consistent with the similar
performance metrics reported above. The lack of
statistically significant differences can be explained by
several factors. First, the relatively small sample size
(229 samples, of which only 40 were healthy controls)
leads to increased variability in AUC estimates across
different cross-validation folds, reducing the statistical
power of the tests. Second, the baseline models
demonstrate comparable performance levels and likely

J of Biomedical Photonics & Eng 11(3) 2025

030306-6

doi: 10.18287/JBPE26.12.030306

capture similar patterns in the feature space formed by
the eight MCR-ALS components. Under these
conditions, the advantage of stacking is diminished
because the metamodel does not receive sufficiently
diverse or additional information.

Thus, the statistical analysis confirms that the
stacking approach does not provide a statistically
significant improvement over the individual classifiers in
this study. This suggests that, within the considered
framework, the overall classification performance is
primarily determined by the informativeness of the
extracted features rather than by the choice of a specific
classification algorithm.

We conducted an additional experiment using only
five clinical parameters (systolic and diastolic blood
pressure, final systolic size, total bilirubin, and
hematocrit). The obtained results demonstrated near-
perfect classification performance (Fig.4; Mean
Accuracy: 0.96 + 0.03; Mean AUC: 0.98 + 0.03).

Such high performance can be explained by the
strong association between these clinical variables and
the diagnosis of chronic heart failure.

Among the clinical parameters used in this study,
final systolic size represents a key echocardiographic
indicator associated with structural cardiac remodeling
and is directly related to the diagnosis of chronic heart
failure. Other variables, such as blood pressure, bilirubin,
and hematocrit, are not diagnostic criteria per se but
reflect systemic and metabolic alterations accompanying
the disease.

The combination of these features provides a strong
discriminative signal, which may explain the high
classification performance observed in this dataset.

Mean ROC Curve for Meta-Model
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Fig. 4 ROC-curves for classification of healthy people
and patients with chronic heart failure; clinical data are
taken as features.

However, this result is likely to reflect dataset-specific
characteristics and may lead to an overestimation of model
performance, especially in the absence of external
validation. In real-world clinical settings, variability of
patient populations and overlapping clinical features
typically result in lower separability. Despite the high
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discriminative power of clinical parameters, it should be
emphasized that these features are typically obtained using
established diagnostic procedures, such  as
echocardiography, which may not always be available in
all clinical settings.

In this context, Raman spectroscopy may provide
important practical advantages. In particular, it can be
considered as a potential tool for screening in settings
where access to advanced imaging techniques is limited,
or as a preliminary diagnostic approach prior to
comprehensive clinical evaluation.

Furthermore,  Raman  spectroscopy  reflects
molecular-level changes in blood serum and therefore
may be sensitive to early metabolic alterations that
precede pronounced structural cardiac remodeling. This
suggests its potential application for early-stage
detection, where conventional clinical parameters may
not yet exhibit strong diagnostic signals.

Thus, the value of Raman spectroscopy lies not in
replacing established clinical diagnostics, but in
complementing them, particularly in screening scenarios
and early disease detection.

Machine learning methods have been applied to the
analysis of biological fluids for the diagnosis and
stratification of CHF in a number of recent studies. Thus,
Sorokina et al. [48] conducted a systematic comparison
of methods for intelligent analysis of Raman spectra of
blood serum from patients with CHF and healthy
volunteers using combinations of MCR and PLS with
different classifiers (Logistic Regression, SVM). They
showed that PLS-based approaches provide higher AUC
values (up to 0.99), while MCR in combination with
single classifiers demonstrated moderate performance
(AUC 0.59-0.70), while leaving the possibility of
biochemical interpretation of serum components. Other
studies, such as De Bakker et al. [49] and Gao et al. [50]
used proteomic and biomarker panels, applying ML
algorithms to predict outcomes and classify patients with
CHF, achieving a c index of 0.80-0.85 or an accuracy of
approximately 85%. The approach by Woolley et al. [51]
demonstrated the potential of clustering biomarker profiles
to distinguish pathophysiological subtypes of HFpEF, but
without direct application to automated diagnostics.

In contrast to these studies, this work uses SERS to
directly assess the molecular composition of blood
serum. The use of the MCR-ALS method allowed us to
identify eight informative components with biochemical
interpretation (amino acids, carbohydrates, lipids, amide
groups). The resulting concentration profiles, combined
with patient clinical data, were used to build ensemble
machine learning models, including stacking base
classifiers (Logistic Regression, SVM, Random Forest,
and Gradient Boosting). This approach achieved an AUC
of 1.0 = 0.0, which exceeds the MCR results reported by
Sorokina et al. [48] and is comparable to the best results
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from PLS methods, while maintaining the interpretability
of features.

4 Conclusion

In this study, a method for intelligent analysis of Raman
spectra of blood serum for chronic heart failure diagnosis
was developed using MCR-ALS decomposition and
machine learning approaches. Raman spectra obtained
from 229 serum samples were decomposed into eight
latent spectral components corresponding to major
biochemical groups, including proteins, lipids,
carbohydrates, amino acids, and metabolites. The
concentration profiles of these components were used as
features for classification.

Several machine learning algorithms, including
logistic regression, support vector machine, random
forest, gradient boosting, and stacking ensemble
methods, were evaluated. Using only spectral features,
the best classification performance corresponded to the
stacking model and logistic regression model with an
ROC AUC of 0.72 + 0.04 and validation accuracy of
0.83+0.03. The integration of clinical parameters
significantly improved classification results, increasing
the ROC AUC to 1.00 £ 0.00.

Statistical analysis demonstrated that differences
between the stacking ensemble and individual classifiers
were not statistically significant (p > 0.05), indicating
that classification performance was primarily determined
by the informativeness of the extracted spectral and
clinical features rather than by the choice of a particular
classification algorithm.

The obtained results demonstrate that Raman
spectroscopy combined with machine learning methods
can be considered a promising tool for blood serum
analysis and chronic heart failure screening. In particular,
the proposed approach may be useful in situations where
rapid, minimally invasive, and cost-effective preliminary
diagnostics are required. Furthermore, Raman
spectroscopy may provide additional information about
molecular-level biochemical changes associated with
disease development.

Future work will focus on expanding the dataset,
performing external validation on independent patient
cohorts, and investigating additional biochemical and
clinical markers to improve the robustness and clinical
applicability of the proposed diagnostic approach.
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