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Abstract

Excitation–emission matrix (EEM) fluorescence spectroscopy, when combined with machine
learning algorithms, has emerged as a highly promising tool for non-invasive biomedical
diagnosis, demonstrating significant potential across various applications. This system-
atic review offers a comprehensive analysis of recent advancements in integrating EEM
with chemometric techniques and machine learning models for the detection of infec-
tious diseases, cancer, neurological, and metabolic disorders, as well as for monitoring
bioactive compounds and hormonal contaminants. The review examines multivariate
approaches alongside spectral preprocessing strategies, highlighting their ability to resolve
overlapping signals and extract relevant information from complex biological matrices. The
reviewed studies report promising high sensitivity, specificity, and accuracy values across
diverse biological matrices and disease targets, supporting the scalability and versatility of
this diagnostic platform. A critical evaluation of methodological approaches is also pro-
vided, identifying common pipeline-level challenges and drawing a constructive distinction
between proof-of-concept studies, which establish the discriminative potential of EEM
spectral data and studies aimed at clinical validation, a distinction that helps contextualize
reported performance and guides future research design. Future perspectives focus on the
development of open-access spectral databases, portable devices, standardized preprocess-
ing protocols, and the integration of deep learning and explainable artificial intelligence,
all of which represent concrete pathways toward the clinical translation of EEM-based
diagnostics. This review confirms the value of EEM spectroscopy coupled with machine
learning as a versatile, scalable, and high-impact platform for biomedical diagnostics, with
significant potential for applications in public health and personalized medicine.

Keywords: EEM fluorescence spectroscopy; machine learning; chemometrics; biomedical
diagnostics; spectral preprocessing; multivariate analysis
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1. Introduction
The early and accurate diagnosis of diseases is a persistent challenge in the biomedical

field. Delays in clinical results increase the social and economic burden associated with
illnesses. Therefore, the search for sensitive and non-invasive diagnostic techniques has
become increasingly relevant in recent years. Fluorescence spectroscopy has been used
to characterize biomolecules and tissues in various biomedical fields owing to its high
sensitivity, speed, and compatibility with physiological conditions [1]. Excitation–emission
matrix (EEM) fluorescence spectroscopy is a promising technique that provides a complete
molecular fluorescence profile of an analyzed sample. Key endogenous fluorophores, such
as aromatic amino acids (tryptophan and tyrosine), metabolic coenzymes (NADH and FAD),
vitamins (riboflavin), structural proteins (collagen and elastin), and advanced glycation end
products (AGEs), act as molecular fingerprints [2,3]. Fluorescence spectroscopy captures
the excitation and emission characteristics of these fluorophores simultaneously, and the
resulting EEM contains valuable information about biological composition and interactions.
However, analyzing EEM data can be complex because of its high dimensionality and the
presence of signal interference [4].

The integration of chemometric and machine learning techniques has aided pattern
extraction, classification, and prediction from complex datasets [5]. Machine learning
algorithms are capable of handling probabilities by analyzing diverse datasets quickly
and effectively, offering solutions to various aspects of precision medicine, including
diagnostics, patient phenotyping, and personalized treatment strategies [6]. The integration
of precision medicine with approaches such as machine learning can reduce healthcare
costs and improve the effectiveness of personalized treatments [7]. The combination of EEM
spectroscopy with machine learning algorithms has demonstrated significant potential
in various biomedical applications [8,9], including the detection of biomarkers, disease
diagnosis, treatment monitoring, and tissue analysis [10–13].

The purpose of this review article is to provide a state-of-the-art overview of the
use of EEM fluorescence spectroscopy coupled with chemometrics and machine learning
for biomedical applications. The review will first cover the basic principles of the spec-
troscopic technique and the foundations of machine learning, with a focus on the most
commonly used algorithms. This will be followed by an analysis of technological advances,
methodologies, and results from the included research, as well as a discussion of the main
challenges and future perspectives in this field.

2. Materials and Methods
This systematic review was conducted in accordance with the Preferred Reporting

Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines to ensure a trans-
parent and reproducible process for literature selection [14]. A comprehensive search was
performed in three major scientific databases: Scopus, Web of Science, and PubMed, which
were selected because of their broad coverage in the chemical, biological, and biomedical
sciences. The search strategy focused on studies related to EEM spectroscopy applied to the
diagnosis, detection, and monitoring of chronic, oncological, metabolic, and infectious dis-
eases. Eligible studies incorporated multivariate analysis, chemometric methods, and/or
machine learning algorithms. The following Boolean search string was used to query all
three databases: (“fluorescence spectroscopy” OR “ excitation–emission matrix” OR “EEM
spectroscopy”) AND (“machine learning” OR “chemometric” OR “multivariate analysis”)
AND (“diagnosis” OR “detection” OR “diagnostic” OR “biomedical”).
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2.1. Inclusion and Exclusion Criteria

Studies were included if they were published in English or Spanish up to May 2025
and reported potential applications in clinical or diagnostic contexts. Eligible publications
explicitly applied chemometric multivariate analysis and/or machine learning algorithms
for data classification or quantification. This review considered original research articles,
systematic reviews, and methodological studies.

Studies were excluded if they were unrelated to biomedical applications, including
purely theoretical work, techniques without clinical implications, or research conducted in
non-biomedical domains. Publications without full-text availability were also excluded,
as this prevented an adequate evaluation of methodological quality, statistical analyses,
and reported results. In addition, conference proceedings were excluded because they
were often not subjected to full peer review and lacked sufficient methodological rigor and
scientific validation.

2.2. Study Selection Process

The review process followed the three phases outlined in the PRISMA 2020 flow
diagram for new systematic reviews, including database and register searches (Figure 1).

 

Figure 1. PRISMA flow diagram illustrates the process of study identification, screening, eligibility
assessment, and inclusion in the systematic review.

Identification: A comprehensive search of the three major scientific databases (Scopus,
Web of Science, and PubMed) retrieved 696 records. After removing 388 duplicates using
Mendeley Reference Manager and manual screening, 308 unique articles remained.

Screening: Titles were screened, and 156 studies clearly irrelevant to the scope of
this review (e.g., environmental applications, methodological studies without biomedical
applications) were excluded. A total of 152 articles were retained for further evaluation.

Eligibility: Full-text articles were sought for the 152 studies retained in the review.
However, 56 reports could not be retrieved. The remaining 96 articles were assessed for eligi-
bility, resulting in the exclusion of 73 studies in which the spectroscopic technique employed
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was not specifically EEM or lacked machine learning applications. Twenty-three articles
were retained for qualitative analysis.

Inclusion: After a comprehensive full-text assessment, 23 studies fully satisfied all
inclusion criteria and were incorporated into the qualitative analysis. The main reasons
for exclusion at this stage included insufficiently described methodologies, lack of model
validation, and research objectives misaligned with the aims of this review.

3. Fundamentals of Excitation–Emission Matrix Fluorescence
Spectroscopy and Machine Learning
3.1. Basic Principles of EEM Fluorescence Spectroscopy

Fluorescence spectroscopy is a structural analysis technique based on the ability of
certain compounds to absorb light at a specific wavelength (excitation) and emit it at a
longer wavelength (emission). Figure 2 illustrates this process through a Jablonski diagram,
which represents the electronic energy levels and transitions involved in fluorescence. When
a molecule absorbs a photon, it is excited from the ground state (S0) to a higher electronic
state (S1 or S2). Following excitation, the molecule rapidly relaxes within the excited state,
losing energy through non-radiative processes, such as internal conversion and vibrational
cascading, until it reaches the lowest vibrational level of S1. From this relaxed excited
state, the molecule returns to the ground state by emitting a photon, a process known as
fluorescence. Because energy is lost during vibrational relaxation, the emitted photon has
lower energy (longer wavelength) than the absorbed photon, a phenomenon known as the
Stokes shift. The fluorescence lifetime provides valuable information about the molecular
environment and interactions of the fluorophore [15].

Figure 2. Illustration of Jablonski diagram. Electronic transition and vibrational relaxation in fluorescence.

Excitation–emission spectroscopy involves the recording of multiple emission spectra
that result from variable excitation wavelengths, thereby producing a three-dimensional
data matrix. This matrix relates the excitation wavelengths, emission wavelengths, and the
intensity of each measurement and is known as the fluorescent profile of a compound. This
technique is highly advantageous, as it allows the detection of multiple fluorophores in a
single assay. This is useful not only in complex biological samples, such as plasma, serum,
saliva, or tissues, but also in other samples, such as water [16], soil [17], petroleum [18],
food [19], and repellents [20].
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Signal overlap can occur in EEM fluorescence spectra. To counteract this, methods for
signal preprocessing based on mathematical algorithms have been developed to reliably
and reproducibly extract information of scientific interest. In recent years, the use of
EEM fluorescence spectroscopy in biomedical applications has expanded because the
technique offers high sensitivity, can detect subtle changes in a sample’s composition, and is
compatible with physiological conditions without the need for specialized markers [21–24].

3.2. Data Characteristics and Challenges

Biomedical studies often involve many samples. The data are typically collected in
the form of cubic matrices, where one dimension corresponds to the number of samples.
The high dimensionality of this data necessitates the use of methodologies that facilitate
analysis, which has driven the combination of spectroscopic techniques with multivariate
methods [25]. Although EEM fluorescence spectroscopy has not yet been widely adopted
in clinical contexts, previous studies have shown that chemometric approaches can provide
valuable information from complex spectroscopic signals. For example, multivariate
models, such as Parallel Factor (PARAFAC) Analysis, a multilinear decomposition method
for higher-order data matrices, and Alternating Penalty Trilinear Decomposition (APTLD),
a chemometric algorithm for decomposing three-way data, have been used on UV-Vis
spectroscopy and voltammetry data to study the inhibition of AGEs in bovine serum
albumin. While this study did not use EEM, it highlights the potential of chemometrics to
resolve overlapping signals and monitor molecular processes in biofluids [26].

In chemometrics, research has focused on developing mathematical adjustments for
the pretreatment of signals acquired via spectroscopic techniques. For instance, Corcoran
used a simulation experiment to generate synthetic EEM data from known dye spectra
by adding a Rayleigh scattering matrix and applying optimized binary filters to simulate
compressive detection. This type of modeling presents a potential solution for spectral
overlaps often observed in biological samples with multiple fluorophores. Furthermore,
simulated Rayleigh scattering allows the evaluation of optical interference in detection [27].
This evidence supports the growing interest in applying EEM fluorescence spectroscopy,
which generates rich three-dimensional data, in combination with machine learning tools
to advance more sensitive, interpretable, and automated diagnostic systems.

3.3. Basic Principles of Machine Learning

The three-dimensional nature of EEM data, where each sample is represented by a
matrix of fluorescence intensities across combinations of excitation and emission wave-
lengths, defines both the analytical richness and the methodological complexity of this
approach. The high dimensionality of EEM matrices, the presence of spectral overlaps,
and the multilinear structure that relates each measured intensity to the contributions of
individual fluorophores are features that directly condition the choice of preprocessing
strategies, dimensionality reduction methods, and classification or regression algorithms.
Machine learning and chemometric methods are therefore not merely complementary
tools for EEM analysis; their selection and implementation must be guided by the specific
structural properties of three-way spectral data. Machine learning involves algorithms and
statistical models that enable computers to identify patterns and make predictions from
data without explicit programming. By processing large volumes of data, models can be
built to identify underlying patterns with optimized parameters using training data or
experience. Models can be predictive, descriptive, or both [28]. Machine learning is the
scientific study of algorithms and statistical models used by computers to perform specific
tasks, such as data mining, image processing, and predictive analysis [29].
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Machine learning algorithms applicable to biomedical diagnostics are classified into
three main categories: unsupervised learning, supervised learning, and reinforcement
learning (Figure 3). Unsupervised learning does not require prior knowledge of the correct
categorization, making it valuable for exploration analysis and pattern discovery [30].
Supervised learning uses labeled data to build functions that map input features to output
variables, thereby enabling predictions for new data [31]. In reinforcement learning, an
agent learns to make sequential decisions by interacting with an environment and receiving
rewards or penalties to optimize a long-term objective without requiring labeled training
data [32]. Although reinforcement learning is important conceptually, its applications to
static diagnostic tasks are limited; therefore, this review focuses primarily on unsupervised
and supervised approaches applicable to EEM spectroscopy-based diagnostics.

Figure 3. Classification of main machine learning approaches.

3.3.1. Data Preprocessing

Data preprocessing is a critical initial step that directly influences the quality and
reliability of machine learning results. Raw spectroscopic data often contains measurement
noise, systematic artifacts, baseline shifts, and variations in signal intensity that can obscure
true patterns or introduce spurious correlations. Preprocessing transforms raw data into
a clean, standardized format suitable for analysis, improving model training efficiency
and reducing the risk of misleading conclusions. Common preprocessing methods for
spectroscopic data include:

- Normalization is a fundamental preprocessing step that rescales input features with
different units and magnitudes to a standard range, typically between zero and one.
This transformation prevents variables with larger scales from disproportionately
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influencing machine learning model outcomes and is particularly beneficial for linear
models operating on small datasets, where empirical evidence shows it can improve
classification accuracy from 61% to over 91% and increase the Matthews correlation co-
efficient (MCC) from 23% to 83% [33]. In the context of EEM fluorescence spectroscopy,
normalization constitutes a critical stage of the data preprocessing workflow, along-
side baseline correction and noise filtering, that enables the effective integration of
high-dimensional spectral matrices with machine learning algorithms for biomedical
diagnostic applications [34].

- Baseline correction addresses systematic low-frequency spectral distortions caused by
scattering, fluorescence background, and detector drift, which obscure true analyte
signals and compromise quantitative analysis. Effective correction must disentangle
analyte signals from background interference without distorting peak morphology,
a challenge addressed through physical and statistical models, such as polynomial
fitting and asymmetric least squares, as well as adaptive algorithms, including pe-
nalized splines and iterative optimization methods. Parametric approaches, such as
piecewise polynomial fitting (PPF) and B-spline fitting (BSF), offer computational
simplicity and localized control to avoid overfitting but require careful parameter
tuning; high-order polynomials risk introducing oscillations, whereas low-order fits
may underperform with complex baselines. Adaptive methods, such as asymmetri-
cally reweighted penalized least squares (arPLS), improve robustness by dynamically
adjusting weights based on the distribution of residuals, thereby suppressing baseline
drift while preserving spectral peaks. However, arPLS remains prone to overfitting
faint peaks near the baseline and may misclassify low-intensity signals as baseline
variations under high-noise conditions. The choice between parametric and adaptive
approaches depends on spectral complexity: simple baselines are well-handled by
parametric models, whereas complex fluorescence backgrounds and overlapping
interferences demand adaptive or data-driven algorithms. Regardless of the strategy
chosen, effective baseline correction is essential for preserving spectroscopic feature fi-
delity and ensuring that downstream machine learning models operate on chemically
meaningful data rather than distortion-dominated signals [35].

- Noise filtering constitutes a critical preprocessing strategy in machine learning
pipelines, particularly in medical domains, where training datasets frequently contain
mislabeled or anomalous instances. The multi-class saturation filter, grounded in the
saturation property of the training data, operates iteratively to identify and remove
examples whose elimination reduces the hypothesis complexity, as measured by the
complexity of the least complex hypothesis value. An empirical evaluation across
eight UCI medical datasets (University of California, Irvine, USA) demonstrated that
classifiers trained on noise-filtered data consistently achieved higher mean prediction
accuracy than those trained on unfiltered datasets, with statistically significant im-
provements observed in seven of eight domains for both inductive learning by logic
minimization (ILLM) and C4.5 algorithms. Notably, the application of noise elimi-
nation prior to model training yielded relative information score improvements of
approximately 3% in the diagnosis of rheumatic diseases, surpassing the performance
of built-in noise-handling mechanisms, such as the CN2 significance test. These results
underscore the value of preprocessing-based noise elimination as a complementary
strategy to algorithmic noise tolerance, while also highlighting that excessive filtering
may reduce predictive performance, necessitating careful calibration of the noise
sensitivity parameter according to the training set size [36].

- Centering is a fundamental preprocessing transformation that adjusts the data so that
the meaning of each feature becomes zero, thereby eliminating bias related to the
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location of the data in feature space and allowing machine learning models to focus
on the relationships and patterns within the data. This step is particularly critical for
algorithms sensitive to the scale and location of the data, such as principal component
analysis (PCA) and various regression techniques, as it ensures that the first principal
component aligns with the direction of maximum variance. Importantly, centering
only shifts the location of the data without affecting its variance or the shape of its
distribution; therefore, the total variance, expressed as the trace of the covariance
matrix, remains unchanged after the transformation. In iterative optimization al-
gorithms, such as gradient descent, centering accelerates convergence by removing
bias from the optimization landscape while reducing numerical instability during
high-dimensional computations. For multi-class datasets, centering each class around
its own centroid, rather than applying a global centering strategy, maximizes between-
class variance while minimizing within-class variance, thereby directly influencing the
Fisher discriminant ratio as a measure of class separability. As a standard practice in
data preprocessing pipelines, centering is commonly applied as a preliminary step in
standardization, where the data are subsequently scaled by dividing by the standard
deviation to form Z-score normalization, making features comparable regardless of
their original units or scales [37].

These preprocessing steps are not independent; their order and combination signifi-
cantly influence the downstream results. For instance, applying baseline correction before
normalization may yield different results than reversing the order. Careful validation
and documentation of preprocessing choices are essential to ensure reproducibility and
appropriate interpretation of findings.

3.3.2. Unsupervised Learning

Unsupervised learning techniques enable models to identify patterns, structures,
or groupings within datasets without relying on predefined labels or prior constraints.
These models explore intrinsic data characteristics to extract meaningful information,
supporting decision-making without expert knowledge. This ability to learn directly
from data allows the discovery of hidden subgroups, non-linear relationships, and latent
dimensions that are often missed by supervised approaches. Unsupervised learning is
particularly valuable when working with noisy, heterogeneous datasets or when labels
are subjective and potentially biased. By uncovering unexpected structures, these models
generate new scientific hypotheses and insights [38]. Unsupervised learning models are
grouped into clustering and dimensionality reduction categories:

Clustering algorithms: These algorithms classify items into groups based on similarity,
identifying hidden structures and natural subgroups.

- k-Means clustering is a fundamental unsupervised learning algorithm that partitions
multidimensional data into k distinct clusters by minimizing the total within-cluster
variance, thereby identifying natural groupings and latent structures in complex
datasets without requiring prior class labels. Formally, the algorithm minimizes the
sum of squares error (SSE) through an iterative procedure that assigns each observation
to the nearest centroid and recalculates cluster centroids based on updated member-
ship until no further reassignment is possible, making it computationally tractable
for large, high-dimensional datasets. A well-recognized limitation of k-means is its
susceptibility to convergence at local rather than global optima, a consequence of
sensitivity to initial seed selection; this can be mitigated through multiple random
restarts or rational initialization strategies, such as hierarchical pre-clustering via
Ward’s method, which has shown superior recovery performance in comparative
studies. The determination of the optimal number of clusters, k, remains a critical
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methodological decision, addressable through algorithmic approaches that test for
Gaussian distribution assumptions, graphical inspection of the SSE curve across values
of k, or quantitative indices, including the Calinski–Harabasz criterion, the Davies–
Bouldin index, and the gap statistic. Preprocessing decisions also critically influence
cluster quality: standardization by range rather than z-score has been recommended
as the most effective normalization strategy, and variable weighting or selection pro-
cedures, such as variable selection for k-means (VS-KM), can substantially reduce
noise and improve the discriminative structure of the resulting partition. Additional
methodological safeguards include outlier detection through jackknife-based influ-
ence measures and trimmed k-means variants, as well as extensions to alternative
metric spaces, including k-medians and k-harmonic means, that offer improved ro-
bustness in the presence of outliers or complex data geometries [39]. When applied
to spectroscopic data, k-means serves as an exploratory tool for hypothesis gener-
ation, identifying sample subgroups that may reflect distinct biochemical states or
disease phenotypes, although the results should be validated through complementary
supervised methods and clinical correlation before drawing biological conclusions.

- Hierarchical clustering is an unsupervised grouping procedure that systematically
reduces n mutually exclusive subsets to a single group by iteratively merging pairs of
subsets whose union produces the smallest increase in the chosen objective function.
This approach is particularly suited for large-scale studies (n > 100), in which obtaining
a globally optimal solution for a fixed number of groups is computationally prohibitive.
At each step, all possible k(k − 1)/2 pairs of active subsets are evaluated, and the
merger associated with the optimal objective function value is accepted without
modifying the previously formed groups. The objective function, which may reflect
any criterion selected by the investigator, such as the SSE, quantifies the information
loss associated with each merger, providing a principled basis for evaluating grouping
quality. Critically, this procedure does not require the number of groups to be specified
in advance; instead, the objective function values computed across all stages from n
to one group provide quantitative clues for selecting the operationally appropriate
number of clusters. The complete hierarchical structure, together with the incremental
loss estimates at each merging stage, enables a multi-resolution inspection of data
organization and the identification of meaningful subgroup boundaries [40].

Dimensionality Reduction Algorithms: These transform data into lower-dimensional
spaces while preserving the relevant structure, thereby enabling visualization, compression,
and noise reduction.

- PCA is a dimensionality reduction technique that transforms high-dimensional
datasets into a reduced set of uncorrelated variables, termed principal components
(PCs), which are defined directly from the data rather than established a priori, mak-
ing PCA an inherently adaptive method for exploratory analysis. Mathematically,
each PC is obtained as a linear combination of the original variables by solving an
eigenvalue problem on the covariance or correlation matrix, where the coefficients of
these linear combinations are known as loadings and the projected values for each
observation as scores. Because PCA operates without distributional assumptions, it is
broadly applicable to numerical data of diverse types. When the original variables
differ in units of measurement, correlation matrix PCA, which standardizes variables
prior to analysis, is the preferred approach, as it prevents variables with larger scales
from disproportionately influencing the components. The proportion of total variance
explained by the retained PCs serves as the standard criterion for evaluating the qual-
ity of any low-dimensional representation, enabling a principled trade-off between
dimensionality reduction and information retention. Complementary visualization
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tools, such as biplots, further enhance interpretability by simultaneously represent-
ing observations and variables in the reduced space, facilitating the identification of
structure and relationships within complex datasets [41].

- t-Distributed Stochastic Neighbor Embedding (t-SNE) is a non-linear, non-parametric
dimensionality reduction technique that maps high-dimensional data into a two- or
three-dimensional representation by converting pairwise Euclidean distances into
conditional probabilities that reflect the similarity between data points. Unlike linear
approaches, t-SNE employs a Student’s-t distribution with one degree of freedom in
the low-dimensional space, rather than a Gaussian, to model these similarities, which
provides two critical advantages: it strongly repels dissimilar data points that are
incorrectly placed in close proximity and avoids infinite repulsive forces that would
otherwise destabilize the optimization. This design directly addresses the crowding
problem inherent to earlier SNE formulations, in which the insufficient area of the
low-dimensional map caused moderately dissimilar points to collapse toward the
center, obscuring natural cluster boundaries. The optimization of the cost function is
further supported by early exaggeration, a technique that temporarily amplifies the
joint probabilities in the high-dimensional space during initial iterations, encouraging
the formation of tight, well-separated clusters that can subsequently reorganize into a
globally coherent structure. As a result, t-SNE is capable of simultaneously preserving
local neighborhood relationships and revealing global structure at multiple scales, a
property that distinguishes it from techniques such as Sammon mapping, isomap, and
locally linear embedding. However, its computational and memory complexity of O(n2)
makes direct application impractical for datasets substantially exceeding 10,000 data
points; this limitation is addressed by a random walk variant that computes pairwise
affinities for a subset of landmark points by integrating over all paths through a
neighborhood graph constructed from the full dataset, thereby incorporating structural
information from undisplayed data points into the final visualization [42].

- PARAFAC is a trilinear decomposition method that simultaneously fits multiple two-
way arrays, or slices of a three-way array, in terms of a common set of factors with
differing relative weights in each slice, representing a generalization of the bilinear
factor analysis model to three-way data. Applied to excitation–emission matrix spec-
troscopy, this trilinear structure naturally accommodates the three-way array formed
by samples, excitation wavelengths, and emission wavelengths, decomposing it into
a set of latent factors each associated with a distinct spectral component. A defin-
ing advantage of PARAFAC over conventional two-way methods, such as PCA, is
its intrinsic axis property: when each factor exhibits sufficiently distinct patterns of
variation across the three modes of the data, the orientation of factor axes is uniquely
determined by minimizing residual error alone, eliminating the rotational indetermi-
nacy that requires an arbitrary separate rotation phase in traditional factor analysis.
This uniqueness is guaranteed when each factor displays distinct proportional patterns
of variation across the levels of each mode, such that no two factors can be exchanged
or recombined without reducing the overall fit of the model. Solution reliability was
assessed through fit diagnostics, including R-squared, stress, and mean squared error,
and confirmed via split-half validation, in which replication of essentially the same
factor structure across independent subsamples demonstrated that the recovered axes
reflected genuine systematic patterns in the data rather than artifacts. When the
proportional structure of the data is violated or factors exhibit insufficient variation,
degenerate solutions characterized by two or more highly negatively correlated factors
may arise; these can be addressed by constraining factors to orthogonality in one mode
or by employing indirect fitting through PARAFAC, which is generally immune to
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such degeneracies. Extensions of the basic model include PARAFAC2, which permits
oblique factors while maintaining consistency constraints on interfactor angles across
covariance matrices, and the PARATUCK family of models, which combines the in-
trinsic axis capabilities of PARAFAC with the greater structural generality of Tucker
three-mode factor analysis [43].

These unsupervised methods are particularly valuable for EEM spectroscopy because
they handle the three-dimensional structure of EEM matrices directly, resolve spectral over-
laps, extract interpretable components, reduce dimensionality while preserving chemical
meaning, enable both exploratory analysis and quantitative prediction, and facilitate the
integration of spectroscopic data with machine learning.

3.3.3. Supervised Learning

Supervised learning uses labeled training data to build models that predict outcomes
for new, unlabeled data. In biomedical diagnostics, this approach is crucial for developing
classification models that distinguish between disease states. Supervised learning differs
fundamentally from unsupervised learning in that it requires explicit labels indicating
the correct categorization. The typical workflow involves splitting data into training and
test sets, training the model on labeled training data, and evaluating performance on
independent test data to assess generalization.

A training dataset is then defined to teach the model to recognize patterns. The most
suitable algorithm is selected according to the data type and analytical objective, and the
model is trained. Once trained, its performance is evaluated using an independent test
dataset. If the results are unsatisfactory, the process iterates by adjusting the parameters,
improving the data, or selecting another algorithm. Once the model meets the prede-
fined quality criteria, it is approved as the final classifier and is ready for implementation.
This iterative approach ensures that the model is robust, accurate, and useful for classi-
fication tasks in real-world scenarios [44]. The classification algorithms for supervised
learning include

- Logistic regression (LR) is a statistical method introduced for the analysis of binary
sequences, where the outcome of each observation takes one of two forms, such as
success or failure, or presence or absence of a condition. The model is formulated
through the logistic law, which expresses the probability of a binary outcome as a
function of one or more predictor variables via the logit transformation: the log-odds
of the outcome are modeled as a linear combination of the predictors, ensuring that
estimated probabilities remain bounded within the interval [0, 1]—a fundamental
constraint that linear regression cannot guarantee. The parameter β associated with
each predictor has a well-defined interpretation: when the probability of the outcome
is small, β approximates the fractional change in that probability per unit increase
in the predictor; when the probability of the complementary outcome is small, β
approximates the corresponding fractional change in that quantity. The regression
coefficients can be estimated through maximum likelihood or minimum logit χ2, two
asymptotically equivalent approaches that extend naturally to multiple predictor vari-
ables through standard iterative or non-iterative multiple regression calculations [45].
Owing to these properties, LR has become widely used in biomedical research for
predicting whether a set of conditions will or will not result in disease or a clinically
relevant outcome, with the probability of class membership derived directly from a
linear combination of the available features. However, its intrinsic linear nature im-
plies a reduced predictive capacity when the relationship between predictors and the
outcome is non-linear, which represents a fundamental limitation in datasets where
complex interactions among variables are present [46].
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- Support vector machines (SVMs) are supervised machine learning algorithms
grounded in statistical learning theory, originally developed for binary classification
and subsequently extended to multi-class problems. Their core operating principle
consists of identifying an optimal decision boundary that maximizes the separation be-
tween classes, a property that confers notable generalization capacity even in complex
classification scenarios. When data are not linearly separable, SVMs employ kernel
functions to project the input features into higher-dimensional spaces, where class
discrimination becomes feasible, thereby allowing the model to capture non-linear
relationships between variables. These characteristics have made SVMs particularly
well-suited for biomedical applications, where they have been applied for over two
decades to tasks such as clinical diagnosis, disease prognosis, biomarker identification,
and prediction of treatment outcomes, owing to their high precision and robustness in
handling high-dimensional data. Moreover, SVMs have been integrated into personal-
ized medicine frameworks, where their capacity to simultaneously process genomic,
demographic, and clinical information supports the identification of patient subgroups
and the prediction of individualized therapeutic responses. Although SVMs have
limitations related to computational cost and sensitivity to hyperparameter selection,
the development of improved variants has substantially broadened their applica-
bility to complex, often imbalanced datasets encountered in real-world biomedical
research [47,48].

- Decision trees are supervised machine learning classifiers that assign class labels to
data items by recursively partitioning the feature space through a hierarchical series
of questions. Each internal node evaluates a feature-based condition and directs
items along branches toward terminal leaf nodes, where class assignments are made.
The quality of each partition is measured using impurity criteria, such as entropy or
the Gini index, and the algorithm selects the question that minimizes the weighted
average impurity of the resulting subsets, thereby maximizing information gain at
each split. To prevent overfitting, tree complexity is controlled either by early stopping
or by post-construction pruning, in which internal nodes collapse into leaves when
doing so reduces the classification error on held-out examples. Decision trees are
flexible enough to handle both real-valued and categorical features simultaneously,
as well as datasets with missing values. Furthermore, ensemble strategies which
aggregate predictions from multiple trees trained on bootstrapped subsets of the data
using random feature subsets, can reduce the chance that a new example will be
misclassified by avoiding commitment to a single tree [49].

- Random Forest (RF) is an ensemble machine learning method that generates a col-
lection of decision trees, each trained on a random subset of available data and a
random selection of input features and combines their individual outputs to produce
a final prediction. The use of bootstrap aggregation ensures that each tree is built on
a different portion of the trained data, which introduces diversity among the trees
and reduces the correlation between them. The generalization of an RF converges
to a stable limit as the number of trees increases, a property derived from the law of
large numbers, which explains why the algorithm does not overfit as the ensemble
grows larger. The accuracy of the model depends on two fundamental parameters:
the strength of the individual trees and the degree of correlation between them, such
that forests composed of stronger and less correlated trees consistently yield lower
generalization error. A particularly valuable property of RF is its resistance to noise
in the output labels, as the algorithm does not concentrate weight on misclassified
instances in the same manner as the boosting method, making it more robust under
real-world data conditions. The algorithm is applicable to both classification and
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regression tasks, offers a built-in estimation of variable importance through measures
that quantify how much each feature contributes to reducing prediction error across
the trees, and can effectively handle datasets with missing values and class imbalance
without requiring extensive preprocessing. Furthermore, out-of-bag samples, which
are the observations not used in constructing each individual tree, serve as an internal
validation set that provides unbiased estimates of the generalization error without
the need for a separate test dataset. These characteristics collectively make RF one
of the most efficient and widely adopted algorithms in machine learning, without
demonstrated utility across diverse domains, including health applications such as
disease diagnosis and patient outcome prediction [50,51].

- Naïve Bayes is one of the most efficient and widely validated probabilistic classifiers
for disease prediction, occupying a prominent place among the supervised learning
algorithms applied to biomedical diagnosis. Based on Bayes’ theorem, this algorithm
estimates the posterior probability of a given condition from the independent contri-
bution of multiple predictor variables, assuming conditional independence among
features, an assumption that, despite its simplicity, yields remarkably competitive
predictive performance. Its structure can be represented as a directed acyclic graph, in
which a single parent node is connected to all predictive variables, and within each
node, a variable can take multiple values associated with a specific probability. A sys-
tematic review encompassing 23 studies and 53,725 patients demonstrated that Naïve
Bayesian networks achieved superior predictive performance in most disease cate-
gories evaluated, with 80% of the studies reporting accuracy values above 75%, and
more than half exceeding an area under the receiver operating characteristic (ROC)
curve of 0.80, a threshold classified as having good discriminative ability. Across
diverse clinical scenarios, including brain disease, cancer, diabetic kidney disease,
and cardiovascular conditions, the classifier consistently outperformed or performed
comparably to other algorithms, such as LR, SVMs, and neural networks. Beyond
its predictive accuracy, Naïve Bayes supports clinical decision-making by merging
multiple patient characteristics into a unified probability estimate, aiding physicians
in both diagnosis and prognosis. This performance across heterogeneous disease
domains aligns with the broader recognition that machine learning methods enhance
diagnostic precision and facilitate the integration of complex multivariate data into
actionable clinical insights [12,52].

- k-Nearest Neighbor (KNN) is a supervised, non-parametric machine learning method,
meaning that it does not impose any assumptions on the underlying distribution of
the data. Its operating principle is grounded in the premise that observations located
close to one another tend to belong to the same category; thus, the class of a new
data point is determined by a majority vote among its KNN in the feature space. A
recognized advantage of this algorithm is its simplicity and suitability for multi-class
classification problems, particularly when the dataset is not large. In the large-sample
limit, the probability of error of the single nearest-neighbor classifier is bounded above
by twice the Bayes probability of error, implying that at least half of the classification
information available in an infinite sample set is contained in the nearest neighbor. In
practice, the selection of the number k of neighbors represents the most critical step in
the training process, as small values yield unstable models, whereas k = 5 has been
shown to perform reliably across a wide variety of datasets. Unlike other machine
learning algorithms, KNN does not construct an explicit function during training;
instead, it retains observations in memory and draws upon them when classifying new
data points. Neighborhood computation can be performed using distance metrics,
such as Euclidean or Manhattan distance, and search algorithms, including the k-d
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tree and ball tree, allowing the computational complexity to be reduced as a function
of the number of training samples and the dimensionality of the feature space [53,54].

- Artificial Neural Networks (ANN) are computational systems that attempt to simulate,
in a simplified manner, the organization of biological neural networks, borrowing
from neurophysiological knowledge of neurons and their interconnections. The basic
computational unit of an ANN is an artificial neuron, which receives weighted inputs
xi scaled by adjustable parameters wi, computes their sum z = ∑ wixi, and passes
the result through a non-linear activation function to produce an output y = fN(z).
Multiple such units are organized into an architecture comprising an input layer, one
or more hidden layers, and an output layer; the number of hidden layers and nodes in
each layer are critical factors that directly influence modeling accuracy and the con-
vergence of learning. Training an ANN consists of iteratively adjusting the connection
weights to minimize a defined error function between the actual and desired outputs.
The back-propagation algorithm, proposed by Rumelhart, Hinton, and Williams in
1986, provided an effective solution for setting weights in multilayer networks, ex-
tending the representational capacity of ANN to problems of essentially no bound
in complexity. By virtue of this architecture, ANN can solve complex, mathemati-
cally ill-defined, non-linear, and stochastic problems through simple computational
operations, with a self-organizing feature that allows them to generalize across a
wide range of problems without reprogramming. In supervised learning, the network
learns the correlation between input data and desired outcomes and, after training,
can generate appropriate outputs in response to new inputs, a property known as
generalization. Deep learning extends this principle through architectures composed
of multiple processing layers that learn hierarchical representations of data, with each
layer transforming its input into progressively more abstract representations; this
approach has demonstrated breakthroughs in image recognition, speech recognition,
drug discovery, and genomics [55–57].

Together, these supervised learning algorithms provide flexible solutions for diverse
classification and regression tasks, with algorithm selection depending on the data charac-
teristics and problem requirements [58]. In the specific context of EEM-based diagnostics,
this selection is additionally conditioned by the structural properties of spectral data: the
high dimensionality of unfolded EEM matrices favors methods robust to the curse of
dimensionality, such as SVMs and regularized discriminant approaches, while the avail-
ability of physically meaningful dimensionality reduction through PARAFAC or Tucker3
decomposition allows the use of simpler classifiers operating on a reduced set of chemically
interpretable scores. The interplay between these data-driven and model-driven dimen-
sionality reduction strategies is a defining feature of the EEM–machine learning pipeline
and is discussed in detail in the workflow Section 3.3.5.

3.3.4. Model Evaluation Metrics

Evaluating the performance of a machine learning model requires the selection of
metrics that are appropriate for the type of analytical problem being addressed. In clas-
sification tasks, the most reported metrics are derived from the confusion matrix, which
summarizes the number of true positives (TP), true negatives (TN), false positives (FP), and
false negatives (FN) produced by the model on a test set. Sensitivity (SENS), also referred
to as the true positive rate or recall, measures the proportion of positive cases correctly
identified by the model and is defined according to Equation (1).

SENS (%) =
TP

TP + FN
× 100 (1)
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Specificity (SPEC), or true negative rate, reflects the model’s ability to correctly identify
negative cases (Equation (2)).

SPEC (%) =
TN

TN + FP
× 100 (2)

These two metrics are primary measures of diagnostic test performance and have
been widely used to characterize the operating characteristics of both clinical and spectro-
scopic classification systems [59]. The overall classification accuracy (ACC) expresses the
proportion of all samples that were correctly classified (Equation (3)).

ACC (%) =
TP + TN

TP + TN + FP + FN
× 100 (3)

However, accuracy alone can be misleading when class sizes are unbalanced, as a
model that consistently predicts the majority class may still achieve high accuracy without
any true discriminative ability. In such cases, the MCC provides a more reliable and
informative summary of classification quality (Equation (4)), as it accounts for all four
entries of the confusion matrix and has been shown to be superior to both accuracy and the
F1 score for binary classification evaluation [60]. MCC is defined as:

MCC =
(TP × TN)− (FP × FN )√

(TP + FP)(TP + FN)(TN + FP)(TN + FN )
(4)

The MCC values range from −1 to +1, where +1 indicates perfect classification,
0 corresponds to random prediction, and −1 reflects complete misclassification. The area
under the ROC curve (AUC) is also widely used in biomedical applications, as it evaluates
model discriminative ability across all possible classification thresholds by plotting the true
positive rate against the false positive rate, with values approaching 1.0, indicating superior
performance [60]. Beyond these individual metrics, no single measure fully captures model
quality in isolation, and reporting a complementary set of figures of merit is considered
best practice for robust performance evaluation in biomedical classification problems [61].

For regression and quantification tasks, model performance is assessed using error-
based metrics. The root mean square error of cross-validation (RMSECV) (Equation (5))
and root mean square error of prediction (RMSEP) (Equation (6)) quantify the average
deviation between the predicted and reference values during cross-validation and external
prediction, respectively [62]:

RMSECV =

√
1
n

n

∑
i=1

(yi − ŷi)2 (5)

RMSEP =

√√√√ 1
npred

npred

∑
i=1

(yi − ŷi)2 (6)

where yi are the reference values, ŷi are the model predictions, and n is the number of
samples. The coefficient of determination (R2) expresses the proportion of variance in the
response variable explained by the model (Equation (7)) [63]:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi −

_
y)2 (7)

These metrics have been applied in spectroscopy-based diagnostic studies to evaluate
multivariate classification models built on biological fluid samples, wherein reporting
a complementary set of figures of merit, including sensitivity, specificity, accuracy, F-
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score, and AUC, is considered essential for assessing discriminant ability on unknown
test samples [64]. Together, this set of metrics provides a comprehensive framework for
assessing model performance across diverse analytical objectives encountered in EEM
fluorescence spectroscopy applications.

3.3.5. Machine Learning Workflow

The machine learning workflow consists of a series of systematically ordered stages
that guide the design, training, evaluation, and deployment of predictive or descriptive
models (Figure 4). Although the specific structure may vary depending on the nature of
the dataset and analytical objective, certain fundamental stages are common to all machine
learning pipelines. The first stage involves defining the analytical objective, which deter-
mines whether the problem requires the classification of samples into discrete categories,
regression for the quantification of continuous responses, or unsupervised exploration of
latent data structure. This distinction directly conditions the choice of algorithm, design
of the training and test sets, and performance metrics selected for model evaluation. The
subsequent stage encompasses data acquisition and characterization, in which the sample
set must be designed to ensure sufficient size, class balance, and representativeness of the
target population. In the context of EEM fluorescence spectroscopy, this stage also involves
verifying that the spectral variables carry chemically informative content relevant to the
analytical objective, typically assessed through preliminary exploratory analysis prior to
model construction.

Figure 4. Machine learning workflow for EEM fluorescence spectroscopy data analysis.
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Once the data are acquired, preprocessing transforms raw spectral measurements into
a clean, standardized format suitable for analysis, as described in Section 3.3.1. Common
operations include baseline correction, normalization, noise filtering, and mean centering,
each of which addresses specific sources of systematic distortion that could otherwise
propagate into the model and compromise its interpretability. It is worth noting that the
order in which these steps are applied is not arbitrary; different sequences can yield sub-
stantially different results, and careful documentation of preprocessing choices is essential
for reproducibility and meaningful comparisons across studies.

Following preprocessing, an appropriate algorithm is selected according to the nature
of the data and the analytical objective, drawing from the unsupervised and supervised
methods described in Sections 3.3.2 and 3.3.3. For exploratory tasks, such as identifying
latent groupings or reducing the dimensionality of EEM matrices prior to classification,
unsupervised methods, including PCA, PARAFAC, and hierarchical clustering, are com-
monly applied as the first step. When the objective is the classification or quantification of
labeled data, supervised algorithms, such as LR, SVMs, RF, and ANN, are employed. In
both cases, the model is trained on a defined subset of the available data, and its parameters
are iteratively optimized to minimize a defined error or loss function. The partitioning of
data into training, validation, and test sets is a critical methodological decision because it
directly affects the estimates of generalization performance and the risk of overfitting.

Model evaluation is performed using independent data that were not involved in
the training, applying the metrics described in Section 3.3.4 according to the problem
type. For classification tasks, sensitivity, specificity, accuracy, MCC, and AUC provide
complementary perspectives on model performance, particularly when class sizes are
unbalanced. For regression and quantification tasks, RMSECV, RMSEP, R2, and predictive
squared correlation coefficient (Q2) are standard figures of merit. Validation strategies,
such as k-fold cross-validation, leave-one-out cross-validation, and split-half validation,
the latter being particularly common in PARAFAC modeling of EEM data, help assess
how well the model generalizes new samples. The use of the Kennard–Stone algorithm for
sample selection ensures that the training and test sets are representative of the full data
distribution, thereby reducing the risk that model performance reflects peculiarities of a
particular subset rather than the true discriminative capacity. When the performance is
unsatisfactory, the workflow returns iteratively to earlier stages to adjust the preprocessing
parameters, select alternative algorithms, or expand the dataset before proceeding to the
final evaluation.

The final stage of the workflow involves interpretation of the model outputs in relation
to the underlying chemical and biological information. In EEM spectroscopy applications,
this involves linking the spectral regions identified as the most informative by the model
to specific fluorophores and their associated biological processes. Tools such as PCA
biplots, PARAFAC spectral profiles, SVMs recursive feature elimination, and RF variable
importance scores allow the analyst to identify which excitation–emission combinations
contribute the most to class discrimination or quantitative prediction. Fluorophores such as
NADH, tryptophan, collagen, and advanced glycation end products occupy characteristic
regions of the EEM landscape, and their differential expression across sample classes
provides a biochemically grounded basis for model interpretation. This interpretive step is
not merely descriptive; it serves as an internal consistency check that connects statistical
performance to chemically meaningful patterns, strengthening confidence in the model,
and supporting its potential translation to clinical or analytical applications.
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4. Biomedical Applications of EEM Fluorescence Spectroscopy Coupled
with Machine Learning

The integration of EEM fluorescence spectroscopy with machine learning and chemo-
metric algorithms has been explored across a broad range of biomedical contexts, from
oncological and neurological disorders to infectious disease diagnosis and therapeutic
drug monitoring, reflecting the growing application of multivariate analysis models to
spectroscopic data in recent years [65–69] (Figure 5).

Figure 5. Integrated analytical framework of EEM spectroscopy and machine learning for biomedi-
cal applications.

Table 1 summarizes the studies included in this review, organized by disease cat-
egory and reporting the biological matrix, preprocessing strategies, classification or
regression models applied, and key validation metrics. The following subsections dis-
cuss the methodological approaches and diagnostic performance reported for each
application area, with attention to the analytical strategies that have demonstrated the
strongest clinical potential.

Table 1. Potential applications of EEM spectroscopy and machine learning for non-invasive biomedi-
cal diagnostics.

Disease Detection Sample Machine Learning
Models Results Reference

Prostate cancer screening
Urine (69 samples;
46 cancer, 23 healthy);
95 EEMs

PARAFAC (4 factors) →
LDA, PLS-DA; 70/30 split
(Kennard–Stone)

- Sensitivity 94.5%, specificity 89.7%
(cancer class, LDA and PLS-DA)

- AUC 0.92 (PLS-DA)
[70]

Cervical precancer and
cancer (SIL)

Cervical tissue (58 women,
92 measurement sites)

PCA → logistic
discrimination; LDA
(forward stepwise, F = 20)

- Squamous normal: 99% correct;
concordance colposcopy vs.
fluorescence: 69%

- Sensitivity 86%, specificity 74%
(diagnostic)

- Sensitivity 75%, specificity 80%
(screening)

[71]
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Table 1. Cont.

Disease Detection Sample Machine Learning
Models Results Reference

Skin SCC early
detection/staging

In vivo mouse skin (n = 40
experimental + 6 control +
6 blank); weekly EEMs
over 15 weeks

Stepwise Fisher LDA;
leave-one-out
cross-validation

- DA-2 (280 nm): accuracy 74.3%,
specificity 95.6%

- DA-3 (280 + 320 + 340 + 410 nm):
accuracy 82.9%, specificity 97.8%,
sensitivity 77.5–87.5%

- 11.6% accuracy improvement with
multiple excitation wavelengths

[72]

Colorectal cancer (CRC)
screening

Human blood plasma
(299 individuals; 74 CRC,
75 healthy, 75 adenomas,
75 other)

Hierarchical SVM: Level 1
binary SVM (CRC vs.
non-CRC); Level 2
one-class SVM

- CRC detection: sensitivity 0.8636,
specificity 0.9516, AUC 0.933

- Non-malignant: sensitivity 0.6000,
specificity 0.7955

[73]

Colorectal cancer (CRC)
discrimination

Human blood plasma
(74 CRC, 74 adenomas,
77 non-malignant, 4
outliers removed)

TM-PLS-DA (Venetian
blinds 10-fold CV, 8 LVs)

- Accuracy 84% (test set);
error rate 0.16

- Sensitivity: CRC 0.88, adenomas 0.85,
non-malignant 0.80

- AUC: 0.94 (CRC), 0.90 (adenomas),
0.90 (non-malignant)

[74]

Colorectal cancer (CRC)
early detection
(metabonomic)

Human blood plasma
(n = 308; 77 CRC,
77 adenomas, 77 other
non-malignant, 77 no
findings); diluted and
undiluted

PARAFAC (3 EEM sets,
10 + 3 + 6 components) →
pooled score matrix
(19 vars) → PLS-DA
(forward selection); also
iPLS on raw unfolded;
10-fold CV

- CRC vs. all controls: sensitivity 0.74,
specificity 0.71, AUC 0.69

- CRC vs. other non-malignant:
sensitivity 0.79, specificity 0.73,
AUC 0.76

- CRC vs. no findings: sensitivity 0.73,
specificity 0.77, AUC 0.75

[8]

Endometrial cancer (EC)
detection

Blood serum (n = 118;
73 EC, 45 healthy
controls); diluted 10× in
phosphate buffer pH 7.4;
3D synchronous
fluorescence spectra
(CWM, ∆λ = 10–200 nm)

PCA + k-means clustering;
PLS-DA; RF, SVM, LR,
SGD classifiers; 10-fold CV
× 100 repeats; grid search
optimization

- Best (LR, optimized, ∆λ = 120 nm):
sensitivity 0.94, specificity 0.89,
AUC 0.94

- RF: sensitivity 0.87, specificity 0.74,
AUC 0.92

- Fluorescence ratios R300/330 and
R360/490: AUC 0.88 and 0.91

[75]

Alzheimer’s disease (AD)
detection

Human blood plasma
(230 individuals: 83 AD,
147 controls); dried
plasma on microscope
slides; EEM (excitation
230–450 nm);
Kennard–Stone split
162/34/34

PARAFAC-QDA
(6 factors) and
Tucker3-QDA;
Kennard–Stone
train/validation/test split

- PARAFAC-QDA: sensitivity 83.33%,
specificity 100%, F2-score 86.21%

- Tucker3-QDA: sensitivity 91.67%,
specificity 95.45%, F2-score 91.67%

- Global accuracy 94.12%, MCC 0.87

[24]

Estrogen quantification
(EE and NOR) in serum
albumin

BSA and HSA spiked with
EE/NOR in MOPS buffer,
pH 7.4

PLS regression
(multivariate); univariate
regression (comparison)

- PLS: R2 ≥ 0.9949; RMS%RE for EE in
BSA: 5.84% (310 K)

- LOD: 1.6 × 10−8 M (EE), 2.4 × 10−7

M (NOR)

[76]

Lipase activity detection in
chromatographic fractions

Gel filtration fractions
(13 EEMs) from S.
marcescens extracellular
lipase

N-PLS (with region
selection) →
GA-RBF-ANN; PARAFAC
(3 components)

- GA-RBF-ANN: Q2 = 0.919,
R2 = 0.919

- PARAFAC: 83.52% variance
explained, core consistency 84.08%

[77]

Therapeutic drug
monitoring (CBZ and
CBZ-EP)

Human serum (spiked
and real patient samples);
pharmaceutical
preparations

PARAFAC, SWATLD,
N-PLS (three-way EEM);
PLS-1 (two-way emission)

- PARAFAC: RMSEP = 0.61 µg/mL
(CBZ), 0.83 µg/mL (CBZ-EP),
R2 = 0.976 (CBZ)

- Recoveries 104 ± 5% (CBZ),
comparable to FPIA/HPLC
references

[78]

OH-PAH metabolites in
urine (PAH exposure
biomarkers)

Synthetic urine spiked
with four OH-PAH
metabolites; C18
membrane SPE

N-PLS/RBL and
MCR-ALS; calibration
factors A = 4
(leave-one-out CV)

- N-PLS/RBL recoveries: 96.2–105.6%
- MCR-ALS recoveries: 98.3–105.6%
- LOD: 0.018–0.047 ng/mL

[79]

Fluoroquinolone
quantification (CIP, OFLO,
NOR) in urine

Spiked human urine
(diluted 1/200) with
interferents (salicylate,
naproxen)

PARAFAC
(four-way/third-order
calibration); no constraints
applied

- REP% = 3.3–7.4% across analytes
and matrices

- LOD: 0.028–0.035 mg/L
- EJCR test passed at 95% confidence

[80]
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Table 1. Cont.

Disease Detection Sample Machine Learning
Models Results Reference

Doxorubicin (DXR)
monitoring in plasma

Human blood plasma
(10 healthy volunteers,
spiked 0.75–11.25 µg/mL)

PARAFAC (2 factors) →
linear regression; N-PLS
(2 factors, leave-one-out
CV)

- PARAFAC: RMSECV = 0.060 µg/mL,
mean error 4.4%

- N-PLS: RMSECV = 0.045 µg/mL,
mean error 2.0%

- LD = 0.032 µg/mL (both methods)

[81]

Dabigatran
etexilate/dabigatran
quantification

Spiked human plasma and
urine (7 calibration,
3 blank, 5 spiked
prediction samples per
matrix)

SWANRF (trilinear),
MCR-ALS (bilinear),
U-PLS/RBL (latent
variables)

- SWANRF: recovery 100.4 ± 1.4%
(DABE), 99.2 ± 2.2% (DAB)
in plasma

- LOD: 0.7–2.5 ng/mL
- SWANRF and MCR-ALS pass EJCR

at 95% in both matrices; U-PLS/RBL
fails EJCR in urine

[82]

Proteinaceous biotoxin
classification

14 protein samples in solid
powder form (4 biotoxins
+ 10 harmless proteins);
measured at 45◦; λex
260–315 nm, λem
270–420 nm; 75/25 split

Four schemes:
EEM→MLP,
EEM→PCA→MLP,
EEM→RF→MLP,
EEM→RF→PCA→MLP

- Noise-free: ~100% classification
across all schemes

- PSNR = 20: EEM-WT retains 100%;
EEM-RF-MLP: 100% with only 15%
of features

- EEM-FT drops to ~60% under noise

[83]

trans-Resveratrol (RVT)
quantification in plasma

Human plasma (5 healthy
volunteers, diluted 10×,
buffered pH 5.0); spiked
0.10–5.00 µg/mL

PARAFAC + SOSAM
(Second-Order Standard
Addition Method);
univariate linear
regression

- Recovery: 94.0–110.0%
(mean 102.6%)

- LOD: 0.002–0.013 µg/mL
- t-tests showed no significant

differences (4/5 samples)

[84]

Cell viability assessment
(UV-induced cytotoxicity)

A375 melanoma cells
exposed to UV
(λ = 365 nm); 72 EEMs
(6 exposures × 12
replicates)

UPLS regression; 75/25
train/test split; Venetian
blinds CV

- Train: R2 = 0.950; Test: R2 = 0.877
- MTT vs. EEM correlation: R2 = 0.986
- t-test and F-test: all p > 0.05

[85]

Cell viability prediction
(oxaliplatin cytotoxicity)

A375 (melanoma) and
HaCaT (keratinocytes)
treated with oxaliplatin
(5–1000 µM); 144 EEMs
(2 lines × 6 concentrations
× 12 replicates)

PARAFAC (5 components)
→ MLR on PARAFAC
scores; cross-validation;
Tukey post hoc tests

- MLR on PARAFAC scores:
R2 = 0.997 (A375), R2 = 0.979
(HaCaT)

- PARAFAC resolved 5 fluorophores
(tryptophan, NADH/NADPH, FAD,
riboflavin, pyridoxine)

- Significant group differentiation at
p ≤ 0.05 for most dose pairs

[23]

Antimicrobial resistance
(E. coli, K. pneumoniae)

Bacterial suspensions in
phosphate buffer
(75 samples; 5 replicates
per species)

PCA → 2D-LDA, 2D-PCA-
LDA/QDA/SVM;
Unfolded:
UPCA-QDA/SVM,
USPA-QDA/SVM,
UGA-QDA/SVM

- Best models (K. pneumoniae):
UPCA-QDA, UGA-SVM, 2D-LDA
→ 100% sensitivity, specificity,
accuracy, F-score

[86]

Pathogenic bacteria
identification (species and
Gram classification)

Bacterial suspensions
(8 species: 4 G+/4 G−);
DMAFa fluorescent dye;
595 EEMs
(cross-validation dataset)

Convolutional Neural
Network (CNN,
MATLAB); K-fold
cross-validation;
independent test set

- CV species: 98.2%; CV Gram: 99.8%
- Independent test: 85.8% (species),

98.3% (Gram)
- LOD ~107 CFU/mL

[87]

COVID-19 (SARS-CoV-2)
detection

Blood serum (n = 106;
80 RT-PCR positive,
26 negative); diluted
1:1000 in PBS pH 7.4;
40/66 split
(Kennard–Stone)

PARAFAC →
SIMCA/DD-
SIMCA/PCA-DA/PLS-
DA; Unfolded EEM →
same classifiers; Single λex
280 nm →
SIMCA/PLS-DA

- Best: PARAFAC → DD-SIMCA
(autoscaled, 3 PCs): Sens = 0.98,
Spec = 0.96, ER = 0.05

- PARAFAC → PLS-DA (2 LVs):
Sens = 0.94, Spec = 0.94, ER = 0.06

- Best unfolded: Unfolded →
PCA-DA (8 PCs): Sens = 0.94,
Spec = 0.94, ER = 0.06

[88]

Respiratory virus
classification (8 virus
types)

Inactivated virus solutions
(8 types, 5 samples each,
n = 40); 1.0 × 107

PFU/mL; 28/12 train/test
split

PCA → RF and SVM;
mid-level data fusion
(SNV-FFT, SNV-WT,
FFT-WT, SNV-FFT-WT);
K-fold CV

- Best individual (SVM + FFT or WT):
ACC = 65%, F1 = 69%

- Best fusion (SVM + FFT-WT):
ACC = 75%, improvement 15.38%
over individual transforms

[89]
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4.1. Cancer Detection

The early detection of cancer is an increasing area of interest for alternative biomedical
diagnostics. In this context, EEM fluorescence spectroscopy combined with chemometric
analysis has shown considerable promise. Researchers have applied EEM fluorescence
spectroscopy to detect prostate cancer through spectral analysis of urine samples, aiming
to develop a preliminary screening model that is non-invasive, rapid, and reliable. A total
of 69 urine samples were analyzed, including 46 patients with histologically confirmed
prostate cancer and 23 healthy donors. The data were processed using PARAFAC, which
resolved the complex overlap of the spectral bands and extracted chemically interpretable
components. Four major fluorophores were identified, pteridines, pyridoxic acid, NADH
(both free and protein-bound), and flavins. Significant differences were observed between
the healthy and cancerous groups. Higher concentrations of pteridines and pyridoxic acid
were found in subgroups of cancer patients, whereas free NADH and flavins were reduced
in cancer-positive samples. These findings align with previous studies linking altered
pteridine biosynthesis to neoplastic processes and associating pyridoxic acid, a catabolite
of vitamin B6, with reduced vitamin B6 levels in patients with cancer. The PARAFAC-
extracted scores were then used as input variables in linear discriminant analysis (LDA)
and partial least squares (PLS)—discriminant analysis (DA) classification models. During
calibration, all cancer cases were correctly classified, with misclassifications observed in
only four healthy samples, which displayed atypical spectral landscapes and warrants
further investigation. In the prediction phase, the models achieved a sensitivity of 94.5%
and specificity of 89.7%, reinforcing the potential of this methodology as a non-invasive
diagnostic tool. Despite these highly promising results, the authors emphasized that the
limited sample size and lack of representativeness precluded broad generalization [70].

In another study, researchers conducted a pilot investigation to assess the feasibility
of EEM fluorescence spectroscopy for the detection of precancerous cervical lesions as
a preliminary step toward a multicenter phase II trial. The study enrolled 58 women
aged > 18 years, who underwent questionnaires, medical history evaluation, physical ex-
amination, and pan-colposcopy. Spectral measurements were collected from one to three
cervical sites using a fiber-optic probe, producing excitation–emission fluorescence ma-
trices. Spectral data were analyzed using multivariate algorithms, including LDA, LR,
and composite-spectrum-based classification models. These models correctly identified
normal squamous tissue in 99% of cases but showed poor accuracy (7%) in the classifica-
tion of columnar tissue, a limitation attributed to factors such as inflammation, human
papillomavirus (HPV) infection, tissue structural variability, and instrumental artifacts.
Incorporating additional excitation wavelengths (380 and 460 nm) improved diagnostic
sensitivity and specificity and a composite algorithm based on measurements at 337, 380,
and 460 nm was proposed to enhance tissue discrimination, achieving a sensitivity of 86%
and specificity of 74% in the diagnostic mode [71].

The limitations observed in the spectral discrimination of columnar epithelium, largely
attributable to morphological and biochemical factors, underscore the need for more robust
approaches that integrate multiple excitation wavelengths with multivariate analysis. In
this regard, it has been demonstrated that the combination of targeted excitation strate-
gies with statistical modeling can identify early neoplastic changes in skin tissue, even
before morphological alterations become apparent. Researchers applied EEM fluores-
cence spectroscopy combined with multivariate statistical analysis to a murine model
of skin carcinogenesis induced by DMBA/TPA. Autofluorescence signals were recorded
weekly for 15 weeks from treated animals, acetone controls, and blank groups using a fiber-
optic-coupled spectrofluorometer. Excitations ranged from 280 to 460 nm, with emissions
between 300 and 750 nm. Spectral changes were detected as early as the first week of
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tumor induction, preceding visible morphological alterations. Three discriminant analysis
levels (DA-1, DA-2, DA-3) were employed, enabling the classification of progressive tissue
transformation stages ranging from inflammation and dysplasia to invasive squamous cell
carcinoma. The integration of spectral variables from multiple wavelengths (280, 320, 340,
and 410 nm) improved classification accuracy by 11.6% compared to univariate analysis. In-
tensity ratios between fluorophores, such as tryptophan, collagen, NADH, and porphyrins,
were found to be particularly discriminative [72].

These findings highlight the sensitivity of EEM fluorescence spectroscopy for detecting
biochemical alterations linked to neoplastic processes. A similar rationale has been applied
to the non-invasive detection of colorectal cancer (CRC) based on plasma fluorescence. A
hierarchical framework integrating fluorescence spectroscopy with SVMs was proposed
to classify samples into three categories: CRC, adenomas, and non-malignant findings.
Given the high dimensionality of the spectral data (>12,000 variables), feature selection was
performed using an SVM–Recursive Feature Elimination (RFE) algorithm. The hierarchical
classifier consisted of two stages: a binary SVM trained to detect CRC samples and a one-
class SVM trained exclusively on healthy samples to detect spectral deviations associated
with non-malignant conditions. The results demonstrated a sensitivity of 86.4% and
specificity of 95.2% for CRC detection, with an AUC of 0.933, while the use of a reduced
number of wavelengths selected through SVM-RFE optimized the spectral acquisition time,
enhancing clinical feasibility [73].

The search for efficient and clinically viable spectral methods has driven the devel-
opment of alternative approaches. In one study, three-dimensional fluorescence spectra
(3D-FS) of human blood plasma were combined with Tchebichef moments (TM) and PLS-
DA. This hybrid model extracted robust features resistant to noise and spectral overlap,
allowing the accurate classification of CRC, adenomas, and non-malignant findings from
225 plasma samples. Model performance was validated using ROC curve analysis and
cross-validation, achieving accuracy of 84% and an AUC of 0.94 for CRC detection, with
sensitivity of 88% and specificity of 85%. Compared with other chemometric approaches,
TM-PLS-DA demonstrated a strong balance between diagnostic accuracy and computa-
tional efficiency [74].

A complementary perspective on CRC screening was provided by a metabonomic
study that analyzed EEM spectra from 308 blood plasma samples (including 77 patients
with CRC, 77 with adenomas, 77 with other non-malignant diagnoses, and 77 with no
findings) using PARAFAC, followed by PLS-DA. This approach extracted scores from three
parallel PARAFAC models built under different dilution conditions, pooling 19 spectral
variables as classifier inputs. Ten-fold cross-validation yielded a sensitivity of 0.74, speci-
ficity of 0.71, and AUC of 0.69 for CRC versus all controls. Performance improved when
comparing CRC with specific subgroups: the AUC reached 0.76 when compared with other
non-malignant findings and 0.75 against no-finding controls. Although these metrics are
moderate, they are comparable to those of established biomarkers, such as carcinoembry-
onic antigen (CEA), and the study’s strength lies in demonstrating that autofluorescence in
plasma carries metabolic information that is discriminative for early-stage CRC [8].

Research has also expanded toward gynecological malignancies. A study explored
the potential of autofluorescence for the early detection of endometrial cancer (EC), the
most prevalent gynecological malignancy in developed countries. The autofluorescence
of biological fluids enables the detection of endogenous fluorescent metabolites, such
as vitamins, coenzymes, structural proteins, and tryptophan-derived catabolites. Three-
dimensional synchronous fluorescence spectroscopy, measured in a constant wavelength
mode (CWM) across 118 blood serum samples (73 EC, 45 healthy controls), was combined
with machine learning classifiers, including RF, SVMs, LR, and stochastic gradient descent
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(SGD). Following class balancing via Synthetic Minority Oversampling Technique (SMOTE)
and spectral region selection, the best-performing model (LR at ∆λ = 120 nm) achieved a
sensitivity of 0.94, specificity of 0.89, and AUC of 0.94. The fluorescence intensity ratios
associated with NADH, FAD, and tryptophan metabolism were identified as the most
discriminative features, providing a biochemically interpretable basis for classification [75].

4.2. Neurological and Metabolic Diseases

Neurodegenerative disorders represent a major clinical challenge, and EEM fluores-
cence spectroscopy has recently emerged as a promising non-invasive diagnostic tool,
particularly for Alzheimer’s disease. The applicability of this technique was evaluated
using dried plasma from 230 individuals, including 83 patients with Alzheimer’s disease
and 147 healthy controls. The excitation and emission ranges were set at 250–350 nm
and 300–850 nm, respectively, and the spectral data were processed using second-order
algorithms, PARAFAC–Quadratic Discriminant Analysis (QDA) and Tucker3-QDA, im-
plemented in MATLAB 2022 environment (MathWorks Inc., Natick, MA, USA), with a
Kennard–Stone split of 162/34/34 samples for training, validation, and test sets. Both
classifiers demonstrated remarkable performance: PARAFAC-QDA achieved a sensitivity
of 83.33%, specificity of 100%, and an F2-score of 86.21%, whereas Tucker3-QDA yielded a
sensitivity of 91.67%, specificity of 95.45%, and an F2-score of 91.67%. The overall accuracy
was 94.12%, with an MCC of 0.87. The most relevant wavelengths for classification, ten-
tatively associated with NADH, mitochondrial dysfunction, and β-amyloid aggregation,
reinforced the study’s biological plausibility. These findings indicate that EEM spectroscopy,
when combined with second-order multivariate algorithms, has the potential to become an
accessible and cost-effective tool for the early diagnosis of Alzheimer’s disease [24].

4.3. Analysis of Bioactive Compounds and Hormonal Contaminants

A multivariate spectrofluorometric methodology was proposed for the simultaneous
determination of two synthetic estrogens, ethinylestradiol (EE) and norgestimate (NOR),
which are widely used in contraceptive formulations and are recognized for their endocrine-
disrupting potential. The strategy relied on steady-state fluorescence spectra obtained from
the interaction of the analytes with human serum albumin (HSA) and bovine serum
albumin (BSA). These spectral variations were modeled using partial PLS regression,
which effectively overcame the limitations of univariate methods in terms of spectral shifts
and overlapping signals. The developed PLS models demonstrated excellent analytical
performance, with detection limits of 1.6 × 10−8 M for EE and 2.4 × 10−7 M for NOR,
correlation coefficients above 0.9949, and prediction errors below 6%. In comparison,
univariate regression methods yielded errors exceeding 40%, underscoring their poor
capacity to manage spectral interferences [76].

In addition to its applications in oncology and neurodiagnostics, fluorescence spec-
troscopy has also proven valuable in the analysis of functionally relevant biomolecules,
such as enzymes. A chemometric approach was presented for the detection and quantifica-
tion of extracellular lipase isolated from Serratia marcescens. EEM spectra were acquired
over excitation and emission ranges of 200–350 and 200–800 nm, respectively, generating a
three-dimensional data cube that was subsequently analyzed using multivariate regression.
A radial-base function neural network (RBF-ANN) optimized by a genetic algorithm (GA)
was implemented, enabling spectral region selection and improving the predictive capacity.
The GA-RBF-ANN model achieved a Q2 of 0.919, markedly outperforming N-PLS. Addi-
tionally, PARAFAC analysis decomposed the spectra into trilinear components, identifying
three major fluorophores in the protein fractions. One component showed a strong correla-
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tion with lipase activity, suggesting that fluorescence could serve as an indirect indicator of
enzymatic functionality without external markers or destructive procedures [77].

The versatility of EEM-based methods extends to therapeutic drug monitoring, where
fluorescence and multivariate analysis support the detection of bioactive compounds in
complex biological matrices. An innovative method was developed for the simultaneous
detection and quantification of carbamazepine (CBZ) and its epoxide metabolite (CBZ-EP)
in blood serum and pharmaceutical formulations. Given the widespread clinical use of CBZ
for epilepsy and psychiatric disorders, accurate monitoring of its plasma concentration
is crucial to ensure therapeutic efficacy and safety. The method combines solid-support
fluorescence on nylon membranes with chemometric models, including PARAFAC, Self-
Weighted Alternating Trilinear Decomposition (SWATLD), and N-PLS, achieving precise
signal discrimination in the presence of spectral interferences. After methanol evaporation
and hexane dilution, CBZ signals, which are otherwise weak in solutions, were recovered by
the nylon support, thereby enabling simultaneous quantification of both analytes. Trilinear
models (PARAFAC and SWATLD) outperformed bidimensional PLS-1, demonstrating
good precision and concordance with reference methods within the clinically relevant CBZ
range of 4–12 µg mL−1 [78].

The capacity of solid membranes to preserve fluorescence signals has also been applied
to the detection of environmental contaminants in biological matrices. Researchers have
developed a direct method for the determination of monohydroxylated metabolites of
polycyclic aromatic hydrocarbons (OH-PAHs) in urine using room-temperature EEM
fluorescence spectroscopy on octadecyl (C18) membranes N-PLS coupled with Residual
Bilinearization (RBL) and Multivariate Curve Resolution–Alternating Least-Squares (MCR-
ALS) algorithms. The results demonstrated that both algorithms yielded comparable
performance, with recoveries of 96.2–105.6% (N-PLS/RBL) and 98.3–105.6% (MCR-ALS),
and limits of detection of 0.018–0.047 ng/mL. These approaches highlight how solid-
support EEM combined with trilinear models enables both therapeutic drug monitoring
and environmental biomarker detection in a single analytical framework [79].

The versatility of trilinear models, such as PARAFAC, has also been demonstrated in
the direct analysis of antibiotics in complex biological matrices. A methodology has been
proposed for the simultaneous quantification of fluoroquinolones (ciprofloxacin, ofloxacin,
and norfloxacin) in unprocessed urine samples using EEM fluorescence spectroscopy
modulated by a dual pH gradient. This approach introduced controlled spectral variability,
enabling the resolution of overlapping signals through four-way multivariate calibration.
The methodology yielded relative prediction errors below 10% and limits of detection of
0.028–0.035 mg/L, without requiring chemical pretreatment or chromatographic separation.
The Elliptical Joint Confidence Region (EJCR) test passed at 95% confidence for all analytes,
confirming accurate and unbiased quantification [80].

In line with this approach, a method employing EEM fluorescence spectroscopy cou-
pled with PARAFAC and N-PLS has been reported for the determination of doxorubicin
in human plasma. Doxorubicin, a widely used chemotherapeutic agent, exhibits a com-
plex spectral profile due to its interactions with plasma components. Both algorithms
demonstrated satisfactory performance: PARAFAC achieved an RMSECV of 0.060 µg/mL
with a mean relative error of 4.4%, while N-PLS yielded an RMSECV of 0.045 µg/mL
with a mean error of 2.0%, and both achieved a limit of detection of 0.032 µg/mL. The
spectral profiles extracted by PARAFAC enabled the specific identification of doxorubicin,
even under conditions of severe spectral overlap, reinforcing EEM spectroscopy combined
with multi-way analysis as a powerful tool for direct plasma analysis without extensive
pretreatment [81].
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Following this rationale, a method was developed for the simultaneous quantification
of dabigatran etexilate and its active metabolite dabigatran in urine, comparing three
chemometric models: Self-Weighted Alternating Normalized Residue Fitting (SWANRF),
MCR-ALS and Unfolded Partial Least-Square (U-PLS) coupled with RBL. All models
achieved accurate quantification with limits of detection of 0.7–2.5 ng/mL. SWANRF and
MCR-ALS both passed the EJCR test at 95% confidence in both matrices, demonstrating
unbiased recovery. U-PLS/RBL, however, showed deviation from the ideal EJCR point in
urine, reflecting its lower robustness against the complex interferences and background
variability of that matrix. These findings underscore that model selection must account for
predictive accuracy and matrix-specific analytical reliability [82].

The adaptability of EEM fluorescence spectroscopy also extends to biosecurity ap-
plications. Using laboratory-acquired EEM spectra from four protein biotoxins and ten
innocuous proteins in solid powder form, the impact of noise contamination was as-
sessed through the peak signal-to-noise ratio (PSNR). The study employed PCA, RF, and
multilayer perceptron (MLP) classifiers in combination with spectral descriptors derived
from differential transform (DT), Fourier transform (FT), and wavelet transform (WT). All
classification schemes achieved 100% accuracy for noise-free spectra. Under noise condi-
tions (PSNR = 20), EEM–WT retained perfect classification using only 15% of the spectral
variables, whereas EEM–FT dropped to approximately 60%. These results position EEM
spectroscopy as a robust platform for the non-invasive identification of protein biotoxins
under real-world noise conditions [83].

This versatility is further exemplified by a method for the direct determination of
trans-resveratrol (RVT) in human plasma, without the need for prior extraction or sep-
aration. The method combines EEM fluorescence spectroscopy (excitation 280–360 nm;
emission 380–550 nm) with PARAFAC and the standard addition method, thereby over-
coming matrix effects arising from RVT–protein interactions. Models with four factors
explained more than 99.90% of the total variance, and recoveries between 94.0% and
110.0% were achieved within the range of 0.10–5.00 µg mL−1, with limits of detection of
0.002–0.013 µg mL−1. Despite the strong influence of individual matrix effects, which made
performance metrics sample-specific, this approach represents a rapid and cost-effective
alternative to conventional HPLC for direct RVT analysis in biofluids [84].

This potential was further explored through the development of a non-invasive, label-
free spectrofluorimetric methodology for evaluating cell viability, with applications in
biomedical contexts, such as drug screening, biocompatibility testing, tissue engineering,
and pharmacodynamic studies. Using EEM spectra and U-PLS regression, A375 melanoma
cells exposed to UV radiation were characterized, and an approximately 20% reduction in
viability was observed, which was independently confirmed using the MTT assay. The cor-
relation between viability values obtained by EEM and MTT was nearly perfect (R2 = 0.986),
and statistical tests (t-test and F-test) indicated no significant differences between the two
methods. This strategy offers substantial advantages over traditional destructive methods,
enabling real-time cellular monitoring in both clinical and experimental settings [85].

The applicability of EEM-based cell monitoring was further demonstrated in a study
quantifying the cytotoxic effect of oxaliplatin on two skin cell lines, A375 melanoma and
HaCaT keratinocytes, treated at concentrations ranging from 5 to 1000 µM. PARAFAC
decomposed the spectral data into five interpretable components corresponding to tryp-
tophan, NADH/NADPH, FAD, riboflavin, and pyridoxine. Multilinear regression (MLR)
on PARAFAC scores achieved R2 = 0.997 (A375) and R2 = 0.979 (HaCaT) relative to MTT
reference values, with Tukey post hoc tests confirming statistically significant group sep-
aration at p ≤ 0.05 for most dose pairs. This study extends the cell viability monitoring
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approach to chemotherapy dose–response characterization, illustrating the potential of
EEM + PARAFAC as a label-free alternative to traditional cytotoxicity assays [23].

4.4. Diagnosis of Infectious Diseases

EEM spectroscopy has emerged as a powerful tool in biomedical diagnostics, particu-
larly for the rapid and accurate detection of infectious diseases. This approach captures the
unique spectral signatures of pathogenic agents and, when integrated with multivariate
classification and dimensionality reduction techniques, enables the discrimination between
resistant and susceptible bacterial strains.

An innovative methodology has been proposed that integrates EEM spectroscopy with
chemometric techniques and supervised classification algorithms LDA, QDA and SVM in
combination with dimensionality reduction approaches such as PCA, GA, and the Succes-
sive Projections Algorithm (SPA). When applied to spectral data from Escherichia coli and
Klebsiella pneumoniae samples, the developed models achieved 100% sensitivity, specificity,
and accuracy in classifying antimicrobial resistance versus susceptibility. This level of preci-
sion highlights the potential of integrating EEM with machine learning to be implemented
in clinical laboratories as a significantly faster alternative to conventional antimicrobial
susceptibility testing, which typically requires 1–3 days to generate results [87].

A novel strategy for the rapid identification of pathogenic bacteria was reported,
employing EEM spectroscopy in combination with a convolutional neural network (CNN)
classifier and the environmentally sensitive fluorescent dye 2-(4′-dimethylaminophenyl)-
3-hydroxyflavone (DMAF). The interaction of DMAF with the bacterial cell envelope
generates unique spectral signatures for each species without the requirement of spe-
cific antibodies or molecular markers. This work characterized spectral dynamics from
595 EEMs across eight bacterial species and reported identification accuracy of 85.8% at
the species level and 98.3% for Gram classification, with a limit of detection of approxi-
mately 107 CFU/mL. Spectral analysis revealed that structural differences in bacterial cell
envelopes significantly influenced fluorescence responses, accounting for misclassifications
within the same Gram group [88].

The application of EEM spectroscopy has also been extended to viruses. A study
reported the use of EEM fluorescence combined with chemometric analysis for the clas-
sification of blood serum samples as positive or negative for coronavirus disease 2019
(COVID-19) infection, confirmed by Reverse Transcription Polymerase Chain Reaction
(RT-PCR). EEM spectra were analyzed using PARAFAC to extract the underlying fluores-
cent components, which were attributed to tryptophan, tyrosine, NADPH, and advanced
glycation AGEs. Several classification models were tested, including Soft Independent
Modeling of Class Analogy (SIMCA), Data-Driven SIMCA (DD-SIMCA), PCA-DA, and
PLS-DA, to discriminate between positive and negative samples. The best-performing
model was PARAFAC-DD-SIMCA with autoscaling (3 PCs), achieving a sensitivity of
0.98, specificity of 0.96, and an error rate of 5%. The best-performing unfolded model was
PCA-DA (8 PCs), achieving sensitivity and specificity of 0.94 each. These findings suggest
that combining fluorescence spectral data with multivariate analysis enables effective dis-
crimination of serological samples, offering promise as a rapid screening tool, particularly
in resource-limited settings [89].

A recent study proposed a strategy for the classification of respiratory viruses using
EEM fluorescence integrated with machine learning algorithms. Spectral datasets were
acquired from eight inactivated viruses, including severe acute respiratory syndrome coro-
navirus 2 (SARS-CoV-2), influenza A virus, parainfluenza virus, rhinovirus, adenovirus
7, rotavirus, and inactivated poliovirus vaccine. A key contribution was the introduc-
tion of a novel fast Fourier transform–wavelet transform (FFT–WT) data fusion strategy,
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which improved the classification accuracy from 45% (no transformation) to 75%. SVM
consistently outperformed RF across datasets, and confusion matrix analyses confirmed
the successful differentiation of SARS-CoV-2, coronaviruses, rhinoviruses, poliovirus (PIV),
and adenovirus 7 (AdV-7) using the best fusion [89].

Collectively, these studies underscore that EEM spectroscopy, when integrated with
multivariate analysis and machine learning algorithms, constitutes a robust platform for the
differential diagnosis of infectious diseases. Spanning both bacterial and viral pathogens
has significant potential for clinical applications, epidemiological surveillance, and public
health monitoring.

5. Discussion
5.1. Performance and Validity of Current Approaches

The reviewed studies show that EEM fluorescence spectroscopy, combined with
chemometric methods and machine learning, can achieve competitive diagnostic perfor-
mance, with reported sensitivities between 74% and 100%, specificities between 71% and
100%, and AUC values between 0.69 and 0.94. These figures are promising; however, they
must be interpreted with careful attention to the methodological context, given that they
are highly dependent on sample size, class balance, and the validation strategy employed.
A fundamental distinction that conditions this interpretation is the difference between
studies aimed at demonstrating proof of concept and those aspiring to clinical validation.
The former seeks to establish that EEM spectral data contain discriminative information
relevant to a diagnostic question; the latter require evidence that this discriminability
generalizes to independent populations under realistic conditions. Several of the reviewed
studies occupy the first category explicitly, Mustorgi et al. [70] define their work as “a proof-
of-concept research” providing “preliminary evidence”, while others present results with
clinical language that their sample sizes and validation designs cannot yet fully support.
Recognizing this distinction is essential for an accurate reading of the field’s current state.

The best results were obtained when the spectral signals were clear, and the samples
were well controlled. Costa et al. [86] achieved 100% accuracy in the classification of bacte-
rial resistance using simple bacterial suspensions in phosphate buffer, a result attributable
in part to the favorable signal-to-noise ratio of the experimental conditions rather than to
the inherent difficulty of the clinical problem. Similarly, Henry et al. [87] achieved 99.8%
classification accuracy in cross-validation for Gram status in monocultures; however, this
figure dropped to 85.8% when evaluated on a genuinely independent test set collected
in separate measurement sessions. This gap between cross-validation and independent
test performance is not an anomaly but an expected consequence of datasets in which
within-session variability is lower than between-session variability, and it illustrates why
cross-validation alone can yield systematically optimistic estimates, particularly when
sample sizes are small.

In contrast, studies using plasma face more challenging conditions because biolog-
ical variability arising from diet, hydration, medication, and comorbidities can produce
dispersed signals within each diagnostic group. Nevertheless, some models have yielded
promising results under these conditions: the Tucker3-QDA model for Alzheimer’s disease
achieved 94.12% accuracy and a Matthews Correlation Coefficient (MCC) of 0.87 [24],
and the DD-SIMCA model for COVID-19 achieved a sensitivity of 0.98 and specificity
of 0.96 [88]. Both studies employed Kennard–Stone sampling to ensure representative
training and test sets and reported complementary metrics alongside sensitivity and speci-
ficity, including MCC or error rate, a practice that remains uncommon across the reviewed
literature but is essential for an honest assessment of model quality.
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The validation strategy is a critical determinant of reported performance. Of the
23 studies reviewed, the approaches ranged from leave-one-out cross-validation [77,81]
to k-fold cross-validation [83,85,86], stratified train/test splits [8,74,88], and external test
sets [70,87,89]. Only a minority of studies employed a genuinely independent external
validation group. When external test sets were reported, performance consistently declined
relative to cross-validation estimates, confirming that cross-validation alone tends to pro-
duce optimistic results, particularly in small datasets. The adoption of prospective external
validation as the primary benchmark for clinical translation would substantially benefit
the field.

Sample size was the most widespread limitation: 17 of 23 studies worked with fewer
than 300 samples, and several with fewer than 100, reducing statistical power and popula-
tion representativeness. Machine learning models trained on small, controlled clinical sets
tend to overfit specific spectral features and may not generalize to more heterogeneous pop-
ulations; this is especially critical in plasma and serum, where interindividual variability
amplifies the within-class dispersion that few datasets adequately capture.

Preprocessing decisions add another significant source of heterogeneity: Rayleigh and
Raman scatter removal, normalization, spectral region selection, and background subtrac-
tion alter the informational content of the final matrix, but their reporting is inconsistent.
Some studies only excluded scatter regions [71], while others applied iterative algorithms
for missing values [81] or asymmetric background subtraction [79]. The lack of standard-
ized protocols makes it difficult to directly compare studies and limits the transferability of
models between different instrumental setups.

5.2. Methodological Challenges in Machine Learning Applied to EEM Data

Beyond the general limitations discussed above, a more thorough examination of
the reviewed studies reveals a set of recurrent pipeline-level challenges whose impact on
reported performance has not been explicitly addressed in most of the included publications.
These challenges are particularly consequential in EEM-based diagnostics because the
combination of high-dimensional spectral data and small clinical datasets creates conditions
in which even modest methodological inconsistencies can produce substantially inflated
performance estimates.

A first and frequently overlooked source of bias is data leakage in the preprocessing
stage. In the context of EEM spectroscopy, preprocessing operations fall into two fundamen-
tally different categories with respect to leakage risk. Operations applied independently
to each spectrum, such as Rayleigh and Raman scatter removal by interpolation, or back-
ground subtraction using a reference spectrum, do not introduce leakage because they
do not depend on the composition of the full dataset. In contrast, operations that require
statistics computed across the entire sample set, including mean centering, autoscaling,
multiplicative scatter correction, and standardization, introduce leakage when applied
before the train/test split, because information from the test set influences the transfor-
mation applied to the training data. Among the reviewed studies, this distinction was
rarely acknowledged. Dos Santos et al. [24] applied scatter removal and multiplicative
signal correction to all 230 samples prior to Kennard–Stone partitioning; Yin et al. [74]
computed Tchebichef moments and performed outlier detection on the full dataset before
division; and Zhang et al. [89] applied Z-score standardization globally before splitting their
40-sample dataset. The practical consequence is that the test set, which should represent
genuinely unseen data, is contaminated by information from its own samples during the
preprocessing step. A notable exception is Araujo et al. [88], who fitted the PARAFAC
model exclusively on the training set and obtained test set scores by projection, the most
explicit anti-leakage measure among the classification studies reviewed. A second, subtler
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form of leakage affects the estimation of the number of components in multilinear models:
when PARAFAC or Tucker3 decompositions are performed on the full dataset prior to
division, the resulting component structure, and therefore the scores used as classifier
inputs, encodes information from the test samples even when the subsequent classification
is performed correctly [8,24].

A second challenge is feature selection bias, which arises when the process of identi-
fying discriminative spectral variables is performed using all available data rather than
exclusively within the training partition. In Diagaradjane et al. [72], fluorescence intensity
ratios were selected through a t-test applied to the complete dataset, including samples
subsequently used for leave-one-out cross-validation, generating a set of input variables
optimized for that specific sample collection rather than for the underlying population. This
type of bias systematically inflates performance estimates because the classifier receives
variables that have already been screened against the very samples it is being evaluated on.
In Zhang et al. [89], the selection of the optimal transformation strategy among multiple
combinations, including individual and fused applications of SNV, FFT, and wavelet trans-
form, was evaluated by comparing performance on the test set, introducing an implicit
selection bias that is especially problematic when the total sample size is 40. Among the re-
viewed studies, Soares et al. [73] implemented the most rigorous feature selection, applying
SVM-RFE exclusively within the training partition using repeated 10-fold cross-validation,
with the test set held out until the final evaluation.

A third challenge concerns class imbalance and its effect on both model training
and performance interpretation. When the ratio of positive to negative cases is markedly
unequal, classifiers trained without corrective measures tend to favor the majority class,
producing high overall accuracy that conceals poor performance on the clinically rele-
vant minority class. The clearest illustration among the reviewed studies is provided
by Nath et al. [71], where a ratio of 88 squamous to 14 columnar tissue sites produced a
model with 99% correct classification in the majority class but only 7% in the minority,
demonstrating that a high global accuracy can coexist with a diagnostically uninformative
model. Araujo et al. [88] presented the most pronounced imbalance among the clinical
classification studies (80 COVID-19 positive vs. 26 negatives, approximately 3:1), and
addressed it indirectly through the choice of DD-SIMCA, which models a single target
class and is therefore less sensitive to imbalance than discriminant classifiers by design.
Among the reviewed studies, Svecová et al. [75] is the only work that applied a dedicated
oversampling strategy, Synthetic Minority Oversampling Technique (SMOTE), within the
cross-validation loop, evaluating different neighborhood configurations and documenting
its effect on sensitivity and specificity. The use of class-weighted loss functions, as imple-
mented by Soares et al. [73] through assignment of higher penalty to false negatives in the
cancer class, constitutes an alternative approach that is both simple and methodologically
sound. The remaining studies with imbalanced designs did not report corrective measures,
which limits the interpretability of their reported metrics.

A fourth challenge, closely related to the previous ones, is the selection and reporting
of evaluation metrics. The diversity of metrics reported across the 23 reviewed studies is
substantial and complicates cross-study comparisons. Most studies reported sensitivity and
specificity as primary figures of merit, but fewer than half complemented these with metrics
robust to class imbalance such as MCC, F-score, or AUC. Accuracy alone, reported as the
primary outcome in several studies, is a misleading measure when classes are unbalanced,
as it can be dominated by the majority class. Dos Santos et al. [24] provided one of the most
complete and explicitly justified metric sets among the classification studies, reporting
MCC, F2-score, Youden’s index, likelihood ratios, and test effectiveness (δ), with explicit
argumentation for weighting recall more heavily than precision given the clinical cost of
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false negatives in Alzheimer’s disease screening. This type of metric-to-context alignment,
where the choice of figures of merit is driven by the clinical implications of each error type,
represents a standard that the field would benefit from adopting more broadly. At the
opposite end of the spectrum, studies reporting only global accuracy without per-class
breakdown, such as Zhang et al. [89], where the modest absolute accuracy of 75% in an
eight-class problem with five samples per class carries high uncertainty, provide limited
information for assessing real diagnostic utility.

Taken together, these pipeline-level challenges suggest that a meaningful fraction of
the high sensitivity and specificity values reported in the literature reflects methodological
artifacts rather than genuine discriminative capacity of the EEM signal. This does not
imply that the underlying approach lacks promise; on the contrary, studies that implement
rigorous pipelines, including Soares et al. [73] and Svecová et al. [75] for classification,
and Goicoechea et al. [79] and Pagani et al. [80] for quantification, report competitive
performance under conditions that can withstand critical scrutiny. The implication is rather
that future work in this field should distinguish clearly between studies that demonstrate
spectral discriminability as a proof of concept and studies that provide evidence of clini-
cal generalizability, and should adopt pipeline practices, strict preprocessing separation,
within-training feature selection, explicit handling of class imbalance, and comprehensive
metric reporting, commensurate with the claim being made.

5.3. Future Perspectives and Research Opportunities

To advance the clinical implementation of EEM with machine learning approaches,
several priorities emerge from the current review. The creation of public standardized
databases containing well-characterized EEM spectra with associated clinical and demo-
graphic metadata is essential. This would enable training of more generalizable models,
facilitate cross-center validation, and support the reproducibility assessment that single-site
studies cannot provide.

The application of deep learning architectures, particularly convolutional neural net-
works, which treat EEM matrices as spectral images and learn discriminative features
hierarchically without requiring manual feature extraction, represents a direction of sig-
nificant potential that remains largely underexplored in the biomedical EEM literature.
Henry et al. [87] demonstrated the feasibility of a convolutional neural network applied
directly to EEM data for bacterial identification, achieving competitive accuracy at the
Gram status level; however, the full potential of deep learning for EEM-based diagnostics,
including architectures designed for three-way tensor input such as those based on Tucker
decomposition layers or attention mechanisms over excitation–emission surfaces, has not
yet been systematically evaluated in clinical contexts. Alongside predictive performance,
the interpretability of model decisions is an increasingly recognized requirement for clinical
acceptance. Explainable artificial intelligence (XAI) methods, including gradient-weighted
class activation mapping, SHAP values, and integrated gradients, can identify which
excitation–emission regions drive individual classifications, providing a link between sta-
tistical output and biochemical mechanism that is essential for regulatory approval and
clinical trust. The integration of XAI tools with EEM-based classifiers would also strengthen
the biological plausibility of reported results by connecting discriminative spectral regions
to known fluorophores and their associated pathophysiological processes.

The development of portable EEM spectroscopy devices integrated with real-time clas-
sification algorithms presents an opportunity for point-of-care diagnostics. Miniaturized
spectrometers capable of acquiring EEM data at reduced spectral resolution are already
commercially available and represent a plausible emerging research direction, particularly
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for resource-limited settings where the cost and complexity of reference methods remain a
barrier to early diagnosis.

Beyond instrumentation, methodological standardization is a critical priority. The
development of community consensus guidelines for EEM data preprocessing, covering
the order and scope of scatter removal, normalization, baseline correction, and spectral
region selection, would substantially reduce the between-study variability that currently
prevents meaningful meta-analytic comparisons of diagnostic performance. Ultimately,
the potential of EEM with machine learning for real-time applications and personalized
medicine is significant. The ability to dynamically monitor fluorescent biomarkers in
biological fluids opens new possibilities for therapeutic monitoring, patient stratification,
and clinical decision-making based on spectral data.

6. Conclusions
This systematic review demonstrates that EEM fluorescence spectroscopy, when cou-

pled with machine learning algorithms, is a non-invasive, sensitive, and scalable diagnostic
platform with applications in oncology, virology, neurodiagnostic, and therapeutic monitor-
ing. The reviewed studies reveal that EEM with a machine learning approach constitutes a
methodology capable of extracting relevant biochemical information from complex matri-
ces without the need for markers or prior separation, which is a significant advantage over
conventional techniques. The integration of multivariate models offers a clear advantage
because they resolve spectral overlaps and provide interpretable component profiles that
link diagnostic performance to specific endogenous fluorophores, such as NADH, trypto-
phan, flavins, and advanced glycation end products. These features represent an excellent
platform for biofluids analysis.

However, the promising performance metrics reported across the reviewed studies
must be contextualized within their methodological constraints. The majority of included
studies operated with limited sample sizes, heterogeneous preprocessing protocols, and
validation strategies that do not always guarantee independence between training and
evaluation data. These conditions increase the risk that reported sensitivities and speci-
ficities reflect, at least in part, dataset-specific artifacts rather than genuine generalizable
discriminability. A critical distinction that the field would benefit from adopting more
explicitly is that between studies demonstrating proof of concept—establishing that EEM
spectral data carry diagnostically relevant information—and studies providing evidence
of clinical validity through prospective external validation in independent, representative
populations. Both types of contribution are valuable, but they support different conclusions
and should be communicated accordingly.

Future directions point toward automated, personalized, and accessible diagnostic
systems with direct impact on clinical efficiency and health equity. The development of
open-access spectral databases, portable acquisition devices, standardized preprocessing
protocols, and the integration of deep learning and explainable artificial intelligence tools
represent the most promising avenues for translating the demonstrated proof-of-concept
potential of EEM spectroscopy into clinically validated diagnostic applications. Achieving
this translation will depend not only on algorithmic advances but on the community’s
commitment to larger and well-characterized datasets, rigorous and transparent pipelines,
and prospective validation designs commensurate with the clinical claims being made.
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ACC Accuracy
AdV-7 Adenovirus 7
AGE/AGEs Advanced Glycation End products
ANN Artificial Neural Network
APTLD Alternating Penalty Trilinear Decomposition
arPLS Asymmetrically Reweighted Penalized Least Squares
AUC Area Under the Receiver Operating Characteristic Curve
BSA Bovine Serum Albumin
BSF B-Spline Fitting
CBZ Carbamazepine
CBZ-EP Carbamazepine Epoxide
CEA Carcinoembryonic Antigen
CFU Colony Forming Units
CNN Convolutional Neural Network
COVID-19 Coronavirus Disease 2019
CRC Colorectal Cancer
CWM Constant Wavelength Mode
DMAF 2-(4′-dimethylaminophenyl)-3-hydroxyflavone
DMBA 7,12-dimethylbenz[α]anthracene
DT Differential Transform
EC Endometrial Cancer
EE Ethinylestradiol
EEM Excitation–Emission Matrix
EJCR Elliptical Joint Confidence Region
FAD Flavin Adenine Dinucleotide
FFT Fast Fourier transform
FN False Negative
FP False Positive
FT/FFT Fourier Transform/Fast Fourier Transform
GA Genetic Algorithm
HSA Human Serum Albumin
HPV Human Papillomavirus
ILLM Inductive Learning by Logic Minimization
KNN k-Nearest Neighbor
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MCC Matthews Correlation Coefficient
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MCR-ALS Multivariate Curve Resolution–Alternating Least-Squares
MLP Multilayer Perceptron
MLR Multiple Linear Regression
MOPS 3-(N-morpholino)propanesulfonic acid (buffer)
MTT 3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide
NADH Nicotinamide Adenine Dinucleotide (reduced form)
NADPH Nicotinamide Adenine Dinucleotide Phosphate
N-PLS N-way Partial Least Squares
NOR Norgestimate
PAH/OH-PAH Polycyclic Aromatic Hydrocarbons/Hydroxylated PAH
PARAFAC Parallel Factor Analysis
PBS Phosphate-Buffered Saline
PC/PCA Principal Component/Principal Component Analysis
PLS/PLS-DA Partial Least Squares/Partial Least Squares Discriminant Analysis
PIV Poliovirus
PPF Polynomial Fitting
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
PSNR Peak Signal-to-Noise Ratio
Q2 Predictive Squared Correlation Coefficient
QDA Quadratic Discriminant Analysis
R2 Coefficient of Determination
RBF Radial-Base Function
REP% Relative Prediction Error Percentage
RF Random Forest
RMSECV Root Mean Square Error of Cross-Validation
RMSEP Root Mean Square Error of Prediction
RMS%RE Relative Mean Square % Error
ROC Receiver Operating Characteristic Curve
RT-PCR Reverse Transcription Polymerase Chain Reaction
RVT trans-Resveratrol
SARS-CoV-2 Respiratory Syndrome Coronavirus 2
SCC Squamous Cell Carcinoma
SENS Sensitivity
SGD Stochastic Gradient Descent
SIL Squamous Intraepithelial Lesion
SIMCA/DD-SIMCA Soft Independent Modeling of Class Analogy/Data-Driven SIMCA
SMOTE Synthetic Minority Oversampling Technique
SNE/t-SNE Stochastic Neighbor Embedding/t-distributed SNE
SPEC Specificity
SPA Successive Projections Algorithm
SVMs/SVM-RFE Support Vector Machines/SVM Recursive Feature Elimination
SSE Sum of Squares Error
SWANRF Self-Weighted Alternating Normalized Residue Fitting
SWATLD Self-Weighted Alternating Trilinear Decomposition
TN True Negative
TM-PLS-DA Tchebichef Moments Partial Least Squares Discriminant Analysis
3D-FS Three-Dimensional Fluorescence Spectra
TP True Positive
TPA 12-0-tetradecanoylphorbol-13-acetate
U-PLS/RBL Unfolded Partial Least Squares/Residual Bilinearization
UV-Vis Ultraviolet–Visible Spectroscopy
VS-KM Variable Selection for K-Means
WT Wavelet Transform
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