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Abstract

This study reports the development of a portable multispectral optoelectronic system for
automated thyroid cancer detection in immunohistochemically stained histological
slides. The platform integrates a 14-band AS7343 multispectral sensor, a dual-fiber opti-
cal setup operating in transreflectance geometry, and a two-dimensional scanning sub-
system for spatially resolved acquisition. Data acquisition and management were im-
plemented on a Raspberry Pi using Python, Flask, React, Redis, and SocketIO for control,
visualization, and real-time updates. A standardized Dark-White-Sample protocol was
adopted for baseline correction and the generation of multispectral cubes organized by
spatial position and spectral band. The dataset comprised 29 patients, 84 FFPE bi-
omarker-stained histological sections, and 66,510 original point-by-point multispectral
measurements. Spectral patterns associated with malignant and non-malignant thyroid
samples were analyzed using Linear Discriminant Analysis (LDA), Support Vector Ma-
chine with radial basis function kernel (SVM-RBEF), and Multilayer Perceptron (MLP). All
metrics were evaluated on an independent slide-level test set. LDA achieved 86.8% sen-
sitivity, 95.9% specificity, and 91.0% accuracy. SVM-RBF and MLP achieved accuracies of
90.8% and 90.4%, respectively. Macro-averaged AUC-ROC values were 0.836, 0.865, and
0.761, respectively. These findings support the system as a portable proof-of-concept
platform for computer-aided thyroid pathology.

Keywords: multispectral imaging; transreflectance spectroscopy; immunohistochemistry
(IHC); thyroid cancer; biomarkers; supervised machine learning; computer-aided
pathology; histopathology

1. Introduction

Thyroid carcinoma is one of the most prevalent endocrine neoplasms worldwide,
with incidence increasing markedly over recent decades. This increase can be partially
attributed to advances in imaging modalities that facilitate earlier and more accurate
identification of the disease. Thyroid carcinoma is characterized by significant biological
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heterogeneity, encompassing several histological subtypes, including papillary, follicu-
lar, oncocytic, poorly differentiated, undifferentiated or anaplastic and medullary carci-
nomas [1-4]. Each of these subtypes presents unique clinical characteristics and prog-
nostic implications, thus complicating the understanding and management of the dis-
ease. The process by which normal cells transform into neoplastic cells is a multifactorial
phenomenon driven by the accumulation of genetic mutations and epigenetic modifica-
tions. These alterations have direct repercussions on essential cellular functions, includ-
ing cell proliferation, tissue invasion, and tumor aggressiveness [5-7].

Figure 1 depicts a literature-based decision flow for interpreting the biomarker panel
composed of DDIT3, ARG2, ITM1/STT3A, Clorf24/FAM129A, and PVALB for the strat-
ification of thyroid follicular neoplasm samples [8-11]. This framework supports the bi-
ological rationale adopted in the present study for spectral labeling and subsequent
computational classification.

Thyroid follicular neoplasm samples

v v

Biomarker expression profile
All markers positive Nistker Siatus All markers negative
DDIT3 Positive
C10RF24 Positive
ARG2 Positive
ITM1 Positive
ENACE ftep-fve Benign lesion, possibly

Benign lesion, possibly

: follicular adenoma or
oncocytic adenoma

hyperplasia

Carcinoma of

follicular origin

Figure 1. Proposed literature-based decision flow for thyroid follicular neoplasm samples accord-
ing to the expression patterns of DDIT3, ARG2, ITM1/STT3A, Clorf24/FAM129A, and PVALB [8-
11].

Early diagnosis is imperative, as it allows for the implementation of more effective
therapeutic strategies, thus improving survival outcomes. In clinical settings, the pre-
operative diagnosis of thyroid nodules continues to rely predominantly on established
techniques such as ultrasound and fine-needle aspiration (FNA) [12-15]. These method-
ologies can be further strengthened by incorporating antibody panel-based molecular
markers together with the visual evaluation of immunohistochemical (IHC) slides
[9,16,17]. Despite the widespread use of IHC, interpretation of the findings remains sus-
ceptible to subjective variation, which can impair the reproducibility of diagnostic con-
clusions [15,17]. In addition to the challenges related to the manual interpretation of IHC
samples, particularly in cases of indeterminate cytology, there is a growing demand for
more objective, convenient, and economical diagnostic methodologies. These approaches
are crucial for improving discrimination between benign and malignant thyroid lesions.
The limitations of current diagnostic techniques further complicate the differentiation
between benign and malignant neoplasms, increasing patient anxiety, the risks associ-
ated with necessary surgical interventions, and the overall financial burden of treatment
[16,18].

Despite the use of different biomarkers, as described previously, the IHC diagnostic
process, being a microscopy imaging technique limited to three color channels (RGB),
may provide indeterminate results; for example, it can fail to resolve borderline follicular
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neoplasms. Interpretation of staining remains partly subjective, as different pathologists
may score the same slide differently, reducing reproducibility. On the other hand, thy-
roid tumors often show heterogeneous biomarker expression that can lead to inconsistent
diagnoses. Conventional IHC is often semi-quantitative, such that it does not provide
precise molecular quantification and can vary among observer pathologists [8-11,15-18].
Therefore, the search for innovations aimed at improving diagnostic accuracy and en-
hancing the patient experience is fundamental in the field of thyroid oncology. In this
sense, the multispectral thyroid cancer detection system proposed in this work aims to
overcome this limitation by quantitative analyses of multispectral maps of samples
combined with machine learning tools.

In this context, optical technologies, including multispectral imaging, have emerged
as a viable alternative for signal integration in medical diagnosis, particularly for the
identification of oncological conditions [19-23]. Beyond the biomedical domain, multi-
spectral sensors have demonstrated versatility across multiple application areas, rein-
forcing their potential as compact platforms for analytical and diagnostic tasks. In envi-
ronmental monitoring, for instance, they have been successfully employed in the detec-
tion and classification of metallic ions in water bodies, enabling real-time and in situ
analysis of contaminants with high sensitivity and selectivity, as demonstrated by port-
able optoelectronic systems based on colorimetric and fluorescence responses [24,25].

The integration of this technology with artificial intelligence (AI) has shown prom-
ising performance, particularly in contexts where differentiation between tissues with
similar characteristics is required [23,26,27]. This integration can improve the identifica-
tion of cancerous tissues and enhance discrimination of tissue patterns that might oth-
erwise remain imperceptible to human observation [26]. Recent advances in Al have
further highlighted its importance in refining robust spectral features for the detection of
actionable biomarkers and for clinical decision support. A prominent example is the use
of these technologies in thyroid cancer during intraoperative procedures, where rapid
and reliable decision support is particularly valuable [27]. Neural networks, together
with other machine learning (ML) and deep learning (DL) methods, have addressed the
challenges associated with manual interpretation of large volumes of spectral imaging
data, enabling large-scale intelligent classification with speed and accuracy [26-29].

We propose a portable multispectral optoelectronic system for thyroid cancer anal-
ysis based on a 14-channel sensor, integrated acquisition electronics, spatial traceability,
and artificial-intelligence-based pattern recognition. The main contribution of this study
is to demonstrate that a compact, lower-cost transreflectance platform can achieve diag-
nostic performance relative to more sophisticated spectral imaging approaches reported
in the literature [19,21,30-36]. Recent advances in integrated sensing and portable diag-
nostic platforms further support the feasibility of translating optical and spectroscopic
technologies into clinically deployable point-of-care systems [37].

The proposed system translates optical signatures into diagnostic categories
grounded in validated biomolecular knowledge from the literature, thereby suggesting a
technological basis that can be adapted to other neoplasms that could benefit from spec-
tral differentiation in immunohistochemical slides [19,20].

2. Materials and Methods

The methodology for developing and validating the portable multispectral optoe-
lectronic system for thyroid carcinoma detection was structured to ensure reliable and
reproducible analytical results, from sample selection to computational modeling and
independent test-set evaluation. The dataset comprised 84 formalin-fixed, par-
affin-embedded (FFPE) slides obtained from 29 anonymized patients. Only biomarker
classification information was available for analysis, while detailed clinical variables

https://doi.org/10.3390/s26144448


https://doi.org/10.3390/s26144448

Sensors 2026, 26, 4448

4 of 27

were not accessible, and 66,510 original point-by-point multispectral measurements were
acquired under the standardized Dark-White-Sample protocol.

2.1. Sample Collection

Thyroid tissue samples were collected based on well-established clinical and
pathological criteria, encompassing both benign and malignant nodules. Formalin-fixed,
paraffin-embedded (FFPE) thyroid tissue sections were obtained from the pathology ar-
chives of the Federal University of Sdo Paulo (UNIFESP) from patients who had under-
gone thyroidectomy for histologically confirmed thyroid carcinoma or benign lesions.
Serial FFPE sections from the selected cases were processed using the biomarker panel to
support benign or malignant stratification of the thyroid lesions. The final dataset in-
cluded 84 biomarker-stained histological sections/slides from 29 patients. The biomarkers
used were DDIT3, ITM1 (STT3A), ARG2, Clorf24 (FAM129A), and PVALB. Their ex-
pression produced distinct staining patterns in the samples according to the biological
status of the tissue [8-11]. The diagnostic procedure was performed by visualizing the
sample’s coloration using a conventional microscope, where positive tumor regions were
differentiated by applying the chromogen DAB (brown), while negative or stromal areas
were delineated by a blue hue in hematoxylin [17,32].

2.2. Multispectral Optoelectronic System

Figure 2 depicts the proposed portable multispectral optoelectronic system assem-
bled for thyroid slide characterization by transreflectance spectroscopy, including (a) an
illustrative graphical rendering of the proposed physical setup and (b) a functional
schematic diagram of the acquisition and control architecture. The system architecture
incorporates the AS7343 multispectral sensor from ams-OSRAM AG, Premstaetten,
Austria, which provides 14 spectral channels spanning the visible and near-infrared
range according to the manufacturer’s technical specifications [38], and it was integrated
into the proposed acquisition system for optical characterization and multispectral anal-
ysis [30-35].
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Figure 2. Proposed portable multispectral optoelectronic system for thyroid slide analysis by
transreflectance spectroscopy: (a) illustrative graphical rendering of the proposed physical setup;

(b) functional schematic diagram of the acquisition and control architecture.

Data acquisition and preprocessing were performed by the Raspberry Pi 5 system.
This hardware board served as the main controller for the acquisition protocol (configu-
ration, synchronization, and recording of measurements). However, to avoid volt-
age-level incompatibility with the multispectral sensor, the electrical interface was iso-
lated by means of the AdUM4160 device from Mouser Electronics, Inc., Mansfield, TX,
USA, with the aim of mitigating conducted interference and parasitic couplings that
could impair signal stability. Light excitation was provided by LEDs operating in the
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visible spectrum, specifically employing a Mid-Power LED—3030 Series from Seoul
Semiconductor, Ansan-si, Republic of Korea, characterized as a cool white SMD device
with a correlated color temperature (CCT) of 5000 K. This LED provides a broad emission
spectrum across the visible range, high luminous efficiency, and good spectral stability,
making it suitable for optical sensing applications. Its compact 3.0 x 3.0 mm package and
uniform light distribution further support its integration into fiber-coupled systems. The
LED source was optically coupled to a fiber that directs the excitation beam onto the
sample to be characterized. It is important to note that the luminous intensity of the LED
may fluctuate due to temperature variations and the characteristics of the applied driving
voltage. To mitigate these effects, a dedicated current control circuit was implemented, as
illustrated in Appendix A Figure Al. This circuit was developed using operational am-
plifiers (CA3140) and buffer stages (BUF634), providing an interface in which the LED
intensity exhibits a linear dependence on a reference voltage (VREF), thereby improving
repeatability and measurement reliability [39].

The AS7343 multispectral sensor was configured with a high analog gain setting of
2048, enabling enhanced sensitivity for low-intensity signal detection. The integration
time (tint) was set to 182 ms, resulting in an optimal trade-off between the signal-to-noise
ratio and acquisition time, ensuring stable and reliable spectral measurements under the
adopted experimental conditions.

Thus, the excitation beam traverses the tissue section and the substrate, and the
retroreflected signal is collected by an optical fiber coupled to the AS7343 multispectral
detector. The spatial correlation between the observed morphology and the sampling
points is ensured through the use of a USB digital microscope mounted on an XYZ posi-
tioning stage, which is driven by dedicated motors and stepper drivers, allowing con-
trolled positioning in designated regions of interest and ensuring traceability between x,
y, and z coordinates, pathological point-to-point map, and spectral signatures. It is im-
portant to point out that the proposed system is a point-to-point multispectral mapping
system that generates a spectral map of the sample with a resolution defined by the size
of the excitation light beam (100 pm). Thus, even though it does not characterize a hy-
perspectral image, the proposed system provides a hyperspectral point-to-point map of
the sample. Future developments may incorporate dense spatial sampling and image
reconstruction approaches to provide broader spatial coverage of heterogeneous tissue
regions.

The data acquisition and management pipeline was implemented in Python 3.13.5,
structured as a software service that controls collection, organizes storage, and makes
results available to the operator. In architectural terms, Flask was used for the server
layer (responsible for receiving commands, triggering acquisition routines, and display-
ing the data), React for the graphical interface (through which the user monitors and
controls the process), and Redis/SocketlO components were used to enable real-time
updates between the system and the interface, allowing acquisition progress and meas-
ured values to be displayed in real time. The measurement protocol follows a predeter-
mined sequence composed of three steps, designed to standardize acquisition and reduce
instrumental biases. In the Dark step (LED off), the system’s background signal (elec-
tronic noise and residual sensor contribution) is recorded, which is subsequently used for
baseline correction. Then, in the White step (clean reference area), a reading is taken in a
stable optical reference region, representative of the system’s response under nominal
illumination and the behavior of the substrate/screen in the absence of tissue sample, al-
lowing for the normalization of intensities per channel and compensation for global
variations in illumination and coupling. Finally, in the Sample stage, spectral signatures
are collected at the area of interest in the tissue on the slide sample. The spectral readings
are standardized through channel-by-channel normalization, with the aim of making
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measurements performed on different slides and acquisition conditions comparable such
that the response pattern corresponds to the spectral structure of the transreflectance,
thus avoiding fluctuations due to intensity variations. Let D(A) denote the dark reading
acquired with the emitter off, representing the system background level, including elec-
tronic noise, at wavelength A. Let S(A) denote the raw signal measured in the region of
interest of the sample. Let W(A) denote the white-reference reading used as an internal
illumination and return standard. The spectral normalization, expressed as transreflec-
tance, is given by

S -DA)

W - D W
From these normalized spectra, the data are organized into multispectral cubes, in

R(A) =

which two dimensions represent the spatial scan over the slide (x and y coordinates) and
the third dimension represents the spectral bands (channels). This representation simul-
taneously structures spatial and spectral information, serving as the basis for subsequent
feature extraction steps, in which spectral descriptors and indices are derived to feed the
analytical and classification models.

2.3. Data Acquisition and Processing

Data acquisition and processing were carried out in the following steps.

2.3.1. Acquisition, Integration, and Initial Cleaning of Multispectral Data

In the acquisition phase, experimental procedures were performed based on two
main categories of information retained in the multispectral optoelectronic platform da-
tabase: (i) a compilation of metadata relating to slides and acquisitions (e.g., slide iden-
tification, biomarker designation, acquisition status, and temporal specifications) and (ii)
a dataset encompassing point-by-point spectral measurements, documented as multi-
channel intensities of the transreflectance signal captured in back-collection geometry
(where illumination and collection occur on the same side of the sample) within the visi-
ble spectrum. The metadata and measurements were merged into a unified dataset in
order to correlate, for each measured point, information about the biomarker, the corre-
sponding slide, the acquisition context, and the specific location on the slide, thereby
preserving valid measurements and enriching each record with attributes critical for
subsequent analyses. Finally, intra-slide normalization was employed to mitigate the
absolute scaling effects resulting from variations between slides and acquisition condi-
tions: for each slide, the transreflectance signal intensities within a reference category
(e.g., regions designated as internal standard) were used to normalize other chan-
nel-to-channel measurements, scaling each band relative to a maximum reference value
of the slide itself and producing relative intensity measurements, which reduces the im-
pact of global variations in illumination, tissue thickness, and optical coupling, thereby
facilitating more equitable comparisons within regions and between different slides
[35,36].

2.3.2. Exploratory Analysis and Quality Diagnosis

During the exploratory analysis phase, after normalization, methodical evaluations
were conducted on spectral channels. For each spectral band, descriptive statis-
tics—including minimum, maximum, mean, and standard deviation—were calculated,
and empirical distributions were evaluated with the aim of detecting extreme values that
might indicate saturation or sensor artifacts, observing asymmetries and dispersions that
could suggest spectral heterogeneity between tissue regions, and identifying bands that
were not informative or were predominantly influenced by noise for possible exclusion.
Simultaneously, diagnostic protocols were established with three complementary focal

https://doi.org/10.3390/s26144448


https://doi.org/10.3390/s26144448

Sensors 2026, 26, 4448

7 of 27

points: (1) the physical plausibility of the data, verifying whether the normalized inten-
sities remained within ranges that align with the platform’s operational parameters and
the predicted optical characteristics of biological tissues within the specified spectral
range; (2) the integrity of the fundamental truth table, which involved verifying the in-
tegrity and consistency of the binary (positive/negative) labels associated with each bi-
omarker on individual slides, ensuring conformity with established histopathological
reference knowledge; and (3) an initial examination of the correlation between the model
outputs and the labels, analyzing how continuous scores and predicted probabilities
correlated with the true labels, in order to proactively identify limitations in spectral
separability and highlight biomarkers with inherently more complex patterns. These as-
sessments served as a methodological quality control, ensuring that the data designated
for supervised training were not only physically plausible but also semantically con-
sistent with the detection task associated with the slides labeled with PVALB, ARG2,
ITM1, DDIT3, and C10RF24 [37,38,40-42].

2.3.3. Spectral Preprocessing and Noise Cleaning

In the preprocessing phase, after intra-slide normalization, a systematic procedure
was performed to reduce noise and instrumental artifacts, ensuring that the spectral
signatures of the transreflectance signal used in supervised training primarily reflected
variations attributable to tissue and biomarker expression (PVALB, ARG2, ITM1, DDIT3,
and C1ORF24), with minimal interference from random fluctuations, saturation, and
system instabilities [42—47].

2.3.4. Dataset Partitioning, Synthetic Data Generation, and Independent Test Evaluation

After preprocessing and quality control, the original dataset comprised 66,510
point-by-point multispectral measurements obtained from 84 biomarker-stained FFPE
histological slides/sections, corresponding to 84 regions of interest from 29 patients. To
increase the representation of spectral variability during model development, 336,960
synthetic multispectral measurements were generated from the original measurements,
resulting in a total analytical dataset of 403,470 multispectral measurements when the
original and synthetic data were considered together.

Data partitioning was performed at the slide level, so that all multispectral meas-
urements associated with a given slide remained exclusively within a single subset. This
strategy prevented point-level leakage between training and testing and ensured that
measurements originating from the same histological slide were not shared across mod-
el-development and evaluation stages. Synthetic data generation was conducted after
respecting the slide-level partitioning structure and was restricted to the mod-
el-development workflow, without using test-set information for model fitting, hy-
perparameter adjustment, or threshold selection. Accordingly, the independent test set
remained separated from training and optimization procedures, preserving an unbiased
assessment of out-of-sample classifier performance.

2.4. Machine Learning Classifiers for Biomarker Detection in Multispectral Data

The classification step plays a central role in the processing pipeline of the portable
multispectral optoelectronic system for thyroid cancer detection, as it is in this step that
the spectral signatures measured in each slide region are finally converted into objective
decisions of positivity or negativity for the biomarkers PVALB, ARG2, ITM1, DDIT3 and
C1ORF24. In the context of the present study, the central task consists of analyzing, for
each region of interest in the histological slides, the spectral transreflectance signatures
and deciding whether the spectral pattern associated with each biomarker should be
classified as positive or negative. Each region of the slide is therefore represented by a
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vector of transreflectance intensities at different wavelengths in the visible spectrum,
captured by the portable optoelectronic system. These vectors translate, in quantitative
terms, the optical patterns associated with the local expression of each biomarker in be-
nign or malignant thyroid tissues, constituting the basis on which supervised learning
models operate [48-51]. The implementation of machine learning algorithms, such as
Support Vector Machines and neural networks, can improve the classification of spectral
signatures, supporting more reliable and efficient diagnostic workflows.

Given a scenario characterized by high dimensionality (multiple strongly correlated
wavelengths), interlayer variability, and a limited number of labeled samples, it becomes
essential to employ models capable of complementarily exploring both linear and non-
linear structures present in the data. For this purpose, three consolidated supervised
classification paradigms are considered: Linear Discriminant Analysis (LDA), which
represents a parsimonious linear probabilistic approach; Multilayer Perceptron (MLP),
which introduces the ability to model complex nonlinear relationships through multi-
layer neural networks; and Support Vector Machine (SVM), which relies on margin
maximization and kernel functions to capture potentially nonlinear decision boundaries
in high-dimensional spaces [52-56]. Sections 2.4.1, 2.4.2 and 2.4.3 detail, respectively, the
mathematical formulation, the implicit assumptions, the regularization strategies and the
practical implementation aspects of each of these classifiers in the specific context of
multispectral slide analysis for thyroid cancer detection. Even though hyperspectral im-
age processing and analysis conventionally utilize AI methods related to convolutional
neural networks, in our case, because the data correspond to point-to-point multispectral
maps, the data processing and analysis were better suited to LDA, SVM, and MSP Al

2.4.1. Linear Discriminant Analysis (LDA)

In the context of quantitative analysis of histological images and optical spectros-
copy, Linear Discriminant Analysis (LDA) constitutes a classic and widely used ap-
proach for binary decision problems, especially in scenarios with high dimensionality
and a limited number of labeled samples. In this work, LDA is employed to determine, in
each slide region, whether the spectral pattern associated with each biomarker (PVALB,
ARG2, ITM1, DDIT3, C10RF24) should be interpreted as positive or negative, based on
spectral transreflectance data acquired at different wavelengths of the visible spectrum
for each spatial region of interest [57-61].

From these signatures, LDA produces a linear decision rule capable of separating
positive and negative regions for each biomarker by exploiting systematic differences in
transreflectance curves [59,62].

In the binary formulation, LDA seeks a discriminant direction in the feature space
along which the separation between the distributions of positive and negative signatures
is maximized [59,63-65]. This direction is represented by the discriminant vector, given,
up to proportionality, by

w o 27 (g — po) 2)

where w1 and o are the mean vectors of the spectral signatures of the positive and nega-
tive regions, respectively, and X is the covariance matrix shared between the classes. The
difference vector encodes the average shift in the spectral signatures when moving from
negative to positive regions, while multiplication by I corrects this direction by taking
into account the variability and correlations among the different transreflectance bands.

In interpretative terms, each component of w indicates the relative weight of a given
wavelength range in discriminating between positive and negative regions of a bi-
omarker. The corresponding linear discriminant function is defined as
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gx)=wlx+b 3)

where x is the standardized spectral feature vector and b is the bias term. Estimation of
the covariance matrix plays a central role in the quality of the LDA solution. In visible
spectroscopy data, two characteristics stand out: (i) adjacent spectral bands tend to be
strongly correlated, producing collinearity between features; and (ii) the number of la-
beled samples is small relative to the number of bands. Under these conditions, the em-
pirical covariance matrix may be ill-conditioned or nearly singular, making its inversion
difficult and rendering the classifier extremely sensitive to noise and sample variations
[66,67]. These challenges highlight the importance of implementing robust
cross-validation and feature selection techniques to ensure the effectiveness of machine
learning models in clinical settings.

To circumvent this problem, a regularized estimate of the covariance is adopted in
the form

Lreg = (1 —a)Zepmy, +al 4)

where Xenp is the empirical covariance matrix calculated from the transreflectance inten-
sities, I is the identity matrix, and « is an automatically chosen shrinkage parameter.

This convex combination of Xewy and I shrinks the covariance towards a simpler,
spherically symmetric model, reducing the impact of spurious correlations and improv-
ing the numerical conditioning of the matrix. As a consequence, inversion of the covari-
ance matrix becomes more stable, and the discriminant vector more robustly reflects the
real patterns of spectral variation relevant to the classification task.

Before model fitting, spectral features are standardized so that each transreflectance
band has a mean of zero and a variance of one. This step prevents spectral bands with
higher numerical variance from dominating the estimation of the class means and covari-
ance structure simply because they are on a different scale, rather than because they are
more informative. By working with standardized data, all bands contribute on a compara-
ble scale; thus, LDA can effectively exploit mean differences and correlation patterns be-
tween classes, instead of primarily capturing artificial scale differences [67,68].

Once the discriminant vector and bias term have been estimated, each standardized
sample x, which corresponds to the transreflectance vector of a slide region, is projected
along the discriminant direction. The resulting discriminant score is given by g(x), as
defined in Equation (3).

This score represents the sample’s position along the axis that best separates the
typical spectral signatures of positive and negative regions for the biomarker in question.
High values indicate greater similarity to the positive spectral pattern estimated by the
model, while low values indicate greater similarity to the negative pattern. The decision
displayed to the user (positive or negative classification of the region) is obtained by
comparing this score to a threshold. Under the Gaussian assumptions of LDA, this same
score can be associated with posterior class probabilities, which allows not only categor-
ical decisions but also a measure of confidence [57,68].

Thus, the positivity or negativity decisions for PVALB, ARG2, ITM1, DDIT3 and
C1ORF24 biomarkers are based on a well-established linear statistical model that inte-
grates probabilistic assumptions, high-dimensional regularization and adequate pre-
processing of transreflectance signatures. This framework offers a favorable compromise
between interpretability, numerical robustness and generalization capacity for new slides
and acquisition conditions [69-72]. The implementation of LDA, in conjunction with
other machine learning techniques, can improve not only diagnostic accuracy but also
facilitate the identification of complex patterns in spectral signatures, thus optimizing the
diagnosis of thyroid carcinoma.
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2.4.2. Support Vector Machine with RBF Kernel (SVM-RBF)

Among the reference classifiers in the machine learning literature, Support Vector
Machines (SVMs) stand out in scenarios characterized by moderate/high dimensionality,
a limited number of labeled samples, and possibly nonlinear decision boundaries, typical
conditions for studies with biomarkers in histological slides. In this approach, for each
biomarker, a binary classifier is trained that receives as input the spectral transreflectance
vector of a region of the slide and produces as output a positive or negative label, re-
flecting the presence or absence of the spectral pattern compatible with the expression of
that molecular target [73-75].

SVM is formulated as a maximum margin classifier. In its canonical form, SVM
searches for the hyperplane that separates the classes in order to maximize the margin,
that is, the distance between the hyperplane and the nearest samples of each class (the
support vectors). This maximization of the margin is directly linked to better generaliza-
tion properties in limited datasets, reducing the tendency to overfit, which is particularly
relevant in this study, where the number of annotated slide samples and regions is re-
stricted, but the number of spectral attributes is sufficient to make the problem
non-trivial. In practical terms, this implies that the model’s decision is governed by a
subset of “critical” samples, located on the boundary between spectral patterns of regions
considered positive and negative, providing robustness to noise and variations in regions
further away from this boundary [76-80].

To capture the nonlinearity expected in the separation between transreflectance
profiles associated with different histopathological states, a Gaussian radial basis func-
tion (RBF) kernel was adopted. This choice is also consistent with previous applications of
SVM-based classifiers to spectral and hyperspectral datasets, including near-infrared mi-
croscopy libraries, hyperspectral tissue classification, Raman spectroscopy, and other
high-dimensional spectroscopic classification problems, in which margin-based learning
has been used to improve discrimination in complex biomedical and analytical spectra [81—
85].

During inference, the SVM with RBF kernel produces, for each spectral vector asso-
ciated with a region of the slide, a scalar value corresponding to the decision function.
This value approximately represents the signed distance to the separating hyperplane in
the feature space induced by the kernel: f(x) > 0 indicates that the region is on the side
associated with the positive class for that biomarker, whereas f(x) < 0 indicates the side
associated with the negative class. The magnitude |{(x)| provides a geometric measure of
confidence: regions farther from the boundary between the typical spectral distributions
of positive and negative samples tend to exhibit more stable decisions.

In the dataset studied, this SVM-based approach proved suitable for capturing
spectral patterns associated with biomarker expression in benign and malignant regions,
producing competitive performance in terms of the balance between sensitivity and
specificity, as detailed in the Results section.

2.4.3. Multilayer Perceptron (MLP)

As a third approach in this study, a Multilayer Perceptron (MLP) neural network
was used for binary classification in each slide region of the biomarkers PVALB, ARG2,
ITM1, DDIT3, and C10RF24 as positive or negative. As with the previous classifiers, each
region is represented by a vector of light transreflectance intensities at different wave-
lengths of the visible spectrum, measured by the portable optoelectronic system, so that
the network operates directly on the spectral signatures associated with benign and ma-
lignant regions [86,87].

From a technical standpoint, dense neural networks of the MLP type constitute a
flexible and widely used model in problems with nonlinear relationships between
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attributes and the target variable, including applications in spectroscopy, biomedical
signal analysis, medical hyperspectral and optical imaging, and medium-dimensional
tabular data [88-92]. While LDA and SVM with RBF kernel already offer, respectively, a
regularized linear model and a maximum margin classifier with nonlinear boundaries,
MLP adds the ability to learn highly nonlinear composite mappings through multiple
layers of neurons with nonlinear activation functions. In practical terms, this allows the
model to capture more complex combinations between transreflectance bands that may
be associated with subtle expression patterns of biomarkers in thyroid tissues [87].

The adopted architecture consists of two dense hidden layers with 64 and 32 neu-
rons, respectively, both using the ReLU (Rectified Linear Unit) activation function, fol-
lowed by an output layer with a single neuron and sigmoid activation. The ReLU func-
tions enable the model to efficiently approximate nonlinear functions, while avoiding
some of the saturation and very small gradient problems associated with sigmoid or
Tanh (Hyperbolic Tangent) activation functions in inner layers [93-97]. The choice of two
hidden layers with 64 and 32 neurons reflects a compromise between modeling capability
(sufficient to capture complex spectral patterns) and parsimony, given the limited num-
ber of samples labeled by biomarker. The output neuron with sigmoid activation pro-
duces a continuous value, interpreted as a positive class probability, which is naturally
suitable for the task of binary classification of regions as positive or negative. The use of
compact dense architectures operating directly on spectral feature vectors is also sup-
ported by recent deep learning studies on spectral data modeling and spectral quantifi-
cation, which highlight the influence of input representation, network architecture, op-
timization strategy, and training bias on model performance [98,99].

Network training is performed using the Adam optimizer, which combines ideas of
momentum and adaptive learning rate, and is widely accepted in the literature as a ro-
bust choice for neural networks on tabular and spectral data [100]. The adaptive learning
rate allows the algorithm to automatically adjust the step size in the parameter space,
accelerating convergence in stable directions and reducing oscillations in noisier direc-
tions [100]. Binary cross-entropy is used as the cost function, which is the standard choice
for probabilistic binary classification problems, as it strongly penalizes predictions with
high confidence assigned to the incorrect class and is directly related to maximizing the
likelihood under the model [101,102].

To reduce the risk of overfitting, especially relevant in neural networks with a larger
number of parameters than linear classifiers, two regularization mechanisms are em-
ployed. First, an L2 regularization term is used, which adds a penalty proportional to the
square of the network weights to the cost function. This term discourages very large
weights, favoring smoother solutions and reducing the model’s sensitivity to local varia-
tions in the data, which improves the ability to generalize to new slides and regions.
Second, the early stopping technique is adopted: a fraction (10%) of the training set is
reserved for internal validation, and training is automatically stopped if there is no im-
provement in the validation metric for 20 consecutive epochs, with a maximum limit of
500 epochs. This procedure prevents the network from continuing to adjust to noise or
particularities of the training set after it has already reached its best performance on un-
seen data, acting in practice as an additional form of regularization [103-105].

Once trained, the MLP provides, for each spectral vector corresponding to a region
of the slide, a positive class probability obtained directly from the sigmoid output of the
final neuron. This probability is used both for binary decision-making (applying a
threshold, approximately 0.5, to classify the region as positive or negative) and for con-
structing risk/certainty maps along the slide, allowing visualization of regions with
greater or lesser evidence of expression of the biomarkers PVALB, ARG2, ITM1, DDITS3,
and CIORF24. Unlike SVM, which requires additional calibration to produce
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well-interpretable probabilities, the MLP is already trained directly to approximate
probabilities using binary cross-entropy, which facilitates the clinical/visual interpreta-
tion of the model outputs [103-105].

In this context, this MLP-based approach complements the LDA and SVM classifiers
by offering a model with greater nonlinear flexibility, capable of capturing more complex
interactions between transreflectance bands that may be associated with morphological
and biochemical variation in the slides. In the experiments performed, the MLP showed
competitive performance in terms of accuracy, precision, sensitivity and F1, particularly
in biomarkers whose spectral signatures exhibit more complex patterns, as discussed in the
Results section. Thus, the inclusion of the MLP in the study not only explores a current
trend in the literature to employ neural networks in biomedical problems, but also
demonstrates, empirically, that this family of models is able to effectively leverage the in-
formation contained in multispectral transreflectance signatures to assist in distinguishing
between regions associated with benign and malignant patterns in thyroid cancer
[20,29,54].

3. Results

This section presents the results obtained with the portable multispectral optoelec-
tronic platform developed in this study for the analysis of thyroid histopathological
slides, covering system performance from instrumentation to the generation of
pre-classification analytical outputs. The findings reflect the integrated operation of the
acquisition module (multispectral sensor, controlled illumination, and automated proto-
col), the positioning and region-of-interest traceability subsystem, and the computational
control and storage layer responsible for recording, organizing, and displaying measure-
ments in real time. At the data level, the results derive from the Dark—White-Sample se-
quence used for baseline correction and normalization, followed by the organization of
measurements into multispectral cubes and the derivation of chromogen-oriented spectral
descriptors. From this standardized dataset, the following results report the quantitative
performance of the supervised models used to discriminate between positivity and nega-
tivity for the biomarkers of interest.

This section summarizes the findings obtained from the evaluation of three classifi-
ers: Linear Discriminant Analysis (LDA), Support Vector Machine with a radial basis
function kernel (SVM-RBF), and Multilayer Perceptron (MLP). Each classifier was ap-
plied to multichannel signatures derived from the transreflectance signal collected in
back-collection geometry to perform binary prediction of positivity or negativity for the
biomarkers PVALB, ARG2, ITM1, DDIT3, and C10RF24 in thyroid tissue. It is important
to emphasize that all reported metrics were calculated exclusively on the independent
slide-level test set, kept fully separate from model training, synthetic data generation
used for model development, and hyperparameter optimization, thereby ensuring an
unbiased evaluation of out-of-sample performance.

Figure 3 shows the distribution of LDA discriminant scores by biomarker and class.
For all biomarkers, negative-class medians remained below zero and positive-class me-
dians above zero, confirming stable sign-consistent separation under the linear discri-
minant rule. The largest median gaps were observed for ITM1 and PVALB: ITM1 shifted
from a negative-class median of approximately -5.65 to a positive-class median of 6.74,
while PVALB shifted from about —-3.91 to 6.46. These two biomarkers also showed fully
separated interquartile ranges, indicating the most stable linear discrimination among
the five targets. ARG2 and C10RF24 formed an intermediate group, with preserved class
ordering but smaller class offsets: ARG2, for example, shifted from a median of about
-0.28 in the negative class to 2.07 in the positive class, whereas C10RF24 shifted from
—2.59 to 1.02. DDIT3 showed the smallest effective separation, with a negative-class me-
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dian near -0.26 and a positive-class median near 0.40, together with the narrowest score
dynamic range around zero, indicating the weakest threshold robustness among the five
biomarkers under LDA. Although the central separation was strong for most targets,
isolated opposite-side outliers remained visible, indicating that a limited subset of sam-
ples still departed from the dominant class structure. Overall, the LDA profiles indicate
that biomarker performance is governed jointly by median displacement, interquartile
overlap, and distance from the zero-threshold region.

T T T T T
10 | —— [ Negative class

Bl Positive class

LDA discriminant score
o
. . v

1 1 1 1 1

ARG?2 C10RF24 DDIT3 ITM1 PVALB
Biomarker

Figure 3. Distribution of LDA discriminant scores across biomarkers and classes.

Figure 4 presents the distribution of SVM-RBF decision scores by biomarker and
class. For all biomarkers, negative-class medians remained below zero and positive-class
medians above zero, confirming stable class orientation under the nonlinear decision
function. DDIT3 exhibited the largest median displacement, with the negative class cen-
tered near -3.04 and the positive class near 1.95; however, it also showed by far the
broadest dispersion, with a negative-class span extending from about -6.07 to 0.90 and a
positive-class span from approximately -2.52 to 5.99. This indicates that the strongest
central separation was accompanied by the lowest local stability within that model. In
contrast, ARG2, C10RF24, ITM1, and PVALB showed smaller but substantially more
compact distributions. ARG2 shifted from a median near -0.18 to 1.79, C1O0RF24 from
-1.40 to 1.11, ITM1 from -1.15 to 0.99, and PVALB from —0.76 to 1.29, all with lower in-
terquartile spread than DDIT3. These profiles indicate that, under SVM-RBF, margin
quality cannot be interpreted from median separation alone: DDIT3 maximized central
offset, whereas ARG2, CIORF24, ITM1, and PVALB achieved more regular discrimina-
tion through greater score compactness and reduced tail expansion. The residual oppo-
site-side outliers, especially in DDIT3, reinforce that nonlinear separation improved class
contrast but did not fully eliminate biomarker-specific heterogeneity.
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Figure 4. Distribution of SVM-RBF decision scores across biomarkers and classes.

Figure 5 shows the distribution of MLP-centered scores by biomarker and class.
Negative-class medians remained below zero and positive-class medians above zero for
all five biomarkers, confirming preserved class orientation after nonlinear score center-
ing. ARG2 showed the strongest effective separation, with the negative class centered
near —0.29 and the positive class near 3.11, together with broad but clearly disjoint central
distributions, making it the most distinctly separated biomarker under the MLP. ITM1
and PVALB formed a second tier, with negative-to-positive median shifts from approx-
imately —0.46 to 0.86 and from —0.64 to 1.00, respectively, and with limited interquartile
overlap. C1ORF24 showed a smaller median displacement, from about -0.51 to 0.26,
whereas DDIT3 exhibited the narrowest effective margin, with medians close to -0.53
and 0.07 and substantial concentration of both classes around the zero-centered region.
Quantitatively, these two biomarkers therefore showed the weakest threshold robustness
under the MLP, even though class ordering remained correct. This ranking indicates that
MLP discrimination was strongest for ARG2, intermediate for ITM1 and PVALB, and
weakest for C1IORF24 and especially DDIT3, which helps explain how the model can
remain competitive in global accuracy while still showing biomarker-dependent fragility
in score stability and threshold sensitivity.
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Figure 5. Distribution of MLP-centered scores across biomarkers and classes.

Within this validation framework, the confusion matrix was used as the main for-
malism to characterize classifier decision behavior at the selected operating point, parti-
tioning predictions into true positives (IPs), true negatives (TNs), false positives (FPs),
and false negatives (FNs). This parameterization defines binary classification perfor-
mance in this context, directly supporting the calculation of sensitivity, specificity, posi-
tive predictive value (PPV), negative predictive value (NPV), and F1-score, while also
allowing quantification of error asymmetry between classes. In biomedical research, this
analysis is particularly important because false positives and false negatives have
different practical consequences. Accordingly, the confusion matrix links statistical met-
rics to clinical priorities, such as screening versus confirmation, and also enables stratified
evaluation by biomarker and/or slide to explore variability in separability and error
sources related to tissue heterogeneity and pre-analytical factors.

Figure 6 presents the normalized confusion matrices for the three classifiers on the
independent test set, allowing direct visualization of class-specific prediction behavior
and error distribution. In all models, most samples were correctly assigned, although
distinct error patterns were observed between positive and negative classes, reinforcing
the idea that classifier behavior should not be interpreted solely on the basis of global

accuracy.
60%
(A) LDA (B) SVM (C) MLP
negative [CE Y 1.9% 37.8% 5.6% 40% 2
: 5
© 9
bt o
v 3
= 20% %
positive | 7.1% 46.6% 3.6% 53.0%
negative  positive negative  positive negative  positive 0%
Predicted Class Predicted Class Predicted Class

Figure 6. Normalized confusion matrices for the (A) LDA, (B) SVM-RBF, and (C) MLP classifiers on
the independent test set.
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Figure 7 compares four key performance metrics across the three classifiers: sensi-
tivity, specificity, overall accuracy, and balanced accuracy. LDA achieved the highest
specificity (95.9%) and the highest overall accuracy (91.0%), indicating stronger discrim-
ination of negative cases. SVM-RBF yielded the highest sensitivity (93.6%), favoring pos-
itive-case detection at the expense of lower specificity (87.1%). MLP showed a more in-
termediate profile, with 87.9% sensitivity, 92.8% specificity, 90.4% accuracy, and 90.3%
balanced accuracy. Overall, the three classifiers exhibited similar global performance,
differing mainly in the sensitivity—specificity trade-off, which may guide model selection
according to screening-oriented or confirmatory diagnostic priorities.

® Sensitivity (POS) M Specificity (NEG) 4 Accuracy A Balanced Acc.
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Figure 7. Comparison of sensitivity, specificity, accuracy, and balanced accuracy among LDA,
SVM-RBF, and MLP on the independent test set.

Considering all regions of interest and biomarkers jointly, the three models showed
competitive overall performance for the supervised analysis of biomedical spectral data.
On the independent test set, overall accuracy reached 91.0% for LDA, 90.8% for SVM-RBF,
and 90.4% for MLP, while the corresponding F1-scores were approximately 0.906, 0.904,
and 0.899. These results reinforce LDA as a strong linear baseline, identify SVM-RBF as the
most sensitivity-oriented model among the three, and suggest that the MLP may offer ad-
vantages in scenarios involving more complex and potentially nonlinear spectral patterns.

Figure 8 summarizes the final prediction accuracy achieved for each biomarker across
the three classifiers. PVALB and ARG2 showed consistently high accuracy across models,
whereas DDIT3 yielded the lowest accuracy values overall. The most notable mod-
el-dependent difference was observed for ITM1, for which MLP underperformed relative
to LDA and SVM-RBF. In combination with the score distributions shown in Figures 4-6,
these results indicate that final accuracy is shaped not only by the separation between class
centers, but also by score dispersion, outlier behavior, and biomarker-specific heterogene-

ity.
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Figure 8. Biomarker-wise classification accuracy across LDA, SVM-RBF, and MLP.

The biomarker-specific comparison further indicates that model choice influences
performance unevenly across targets. In particular, the relatively lower ITM1 accuracy
obtained with MLP suggests greater sensitivity of this classifier to local variability,
whereas PVALB and ARG2 remained consistently well discriminated across all three
models. Taken together with the score distributions in Figures 3-5, the confusion matri-
ces in Figure 6, and the global metrics in Figure 7, these findings indicate that the purpose
of the present comparative analysis is not merely to identify a single universally superior
classifier, but to determine which modeling strategy is most appropriate for a given di-
agnostic priority. In this context, LDA favors more specific and globally accurate deci-
sions, SVM-RBF provides the strongest threshold-independent discrimination and the
most sensitivity-oriented profile, and MLP serves as a flexible nonlinear alternative with
biomarker-dependent advantages and limitations. Accordingly, classifier selection for
future computer-aided thyroid pathology should be guided by intended clinical use,
tolerated error profile, and biomarker-specific robustness rather than by overall accuracy
alone. The observed differences among biomarkers may be attributed to variations in
spectral separability, staining heterogeneity, and biomarker-specific dataset composition.
Biomarkers exhibiting more distinctive spectral signatures tended to achieve higher
classification performance.

Considering that the receiver operating characteristic (ROC) curve and the area
under the ROC curve (AUC) are widely recognized tools for evaluating binary classifi-
cation performance, we present below the performance of the Al models employed in
this study in terms of their respective ROC curves and AUC values.

Figure 9 shows the macro-averaged ROC curves obtained for the three classifiers on
the independent test set. Although LDA, SVM-RBF, and MLP achieved similar overall
accuracies, the AUC-ROC analysis revealed clearer differences in threshold-independent
discrimination. SVM-RBF achieved the highest AUC-ROC (0.865), outperforming LDA
(0.836) and MLP (0.761), indicating a stronger ability to rank positive regions above neg-
ative regions across operating thresholds. LDA also maintained competitive discrimina-
tion, supporting the presence of linearly exploitable spectral information in the multi-
spectral bands. In contrast, the lower AUC-ROC of MLP suggests reduced robustness in
probability ranking under the present experimental conditions. These findings reinforce
that classifier selection should consider not only accuracy but also threshold behavior,
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interpretability, and intended diagnostic use. Although MLP achieved classification accu-
racy comparable to LDA and SVM, its lower ROC-AUC suggests a reduced ranking capa-
bility across the full probability spectrum. This behavior may be associated with probabil-
ity calibration rather than reduced classification effectiveness at the selected decision
threshold.
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Figure 9. Macro-averaged ROC curves comparing the threshold-independent discriminative per-
formance of LDA, SVM-RBF, and MLP on the independent test set.

Appendix A Table Al presents the training, validation, and test performances of the
LDA, SVM-RBF, and MLP classifiers. The close agreement in performance across the
three datasets demonstrates satisfactory generalization and provides evidence that sub-
stantial overfitting did not occur during model development.

4. Discussion

Taken together, the biomarker-level analyses indicate that multispectral
transreflectance combined with supervised classifiers of different complexity levels
(LDA, SVM-RBF, and MLP) can effectively discriminate positive and negative regions for
PVALB, ARG2, ITM1, DDIT3, and C10RF24 in thyroid cancer classification. Although
performance varied across biomarkers and models, convergent evidence from score dis-
tributions, confusion matrices, global metrics, and AUC-ROC supports the robustness of
the proposed approach and justifies further validation in larger, more heterogeneous
cohorts.

Nevertheless, although synthetic multispectral measurements were used to expand
spectral variability during model development, the numbers of original patients, slides,
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and independently validated biological cases remained limited. The limited size of the
original labeled cohort, the inter-slide and intra-slide heterogeneity, and the absence of
an external validation cohort constrain the statistical generalizability of the reported
performance, particularly under biomarker-dependent spectral variability. Accordingly,
the current results should be interpreted as a strong proof of concept rather than as de-
finitive evidence supporting immediate clinical deployment.

Table 1 presents a comparative summary of representative studies and their re-
ported performance metrics. The comparison demonstrates that the proposed portable
multispectral system achieves performance levels comparable to those reported by more
complex spectral imaging platforms. For example, Ref. [106] reported an accuracy of
88.1%, sensitivity of 87.8%, specificity of 88.4%, and AUC of 0.953 using surface-enhanced
Raman spectroscopy (SERS) combined with a convolutional neural network for thyroid
cancer diagnosis from fine-needle aspiration samples. Reference [104] achieved an AUC
of 0.966 and an F1-score of 0.867 using hyperspectral imaging and deep learning on thy-
roid histological slides. More recently, Refs. [107,108] reported an accuracy of 90.9%,
sensitivity of 91.5%, F1-score of 0.898, and AUC of 0.970 using microscopic hyperspectral
imaging and a TimeSformer architecture. In comparison, the proposed portable multi-
spectral platform achieved accuracies of 91.0%, 90.8%, and 90.4% for the LDA, SVM-RBF,
and MLP classifiers, respectively. The corresponding sensitivities ranged from 86.8% to
93.6%, while specificities ranged from 87.1% to 95.9%. Although some hyperspectral and
Raman-based systems reported slightly higher AUC values, these studies generally re-
lied on substantially more complex instrumentation, including hyperspectral cameras
with dozens or hundreds of spectral bands, advanced optical setups, and high computa-
tional requirements. In contrast, the system proposed in this work employs a compact
14-channel multispectral sensor integrated into a portable low-cost platform while
maintaining competitive diagnostic performance.

Table 1. Comparison of performance metrics between actual work and the reported literature.

Study Patients Samples Optical Techn. AIModel Acc. (%) S(e:;)s ) S(lz/e)c " F1 AUC
(1) (¢]
This work (LDA) 29 84 FFPE-THC slides | Orta0le MSI LDA 91.0 868 959 0.9060.836
(14 channels)
This work Portable MSI
29 84 FFPE-IHC slid VM-RBF . . 71 0.9040.
(SVMLRBE) 9 8 Cslides (' rnery S 9.8 936 871 0.9040.865
This work (MLP) 29 84 FFPE-THC slides | Ortacle MSI MLP 904 879 928 0.8990.761
(14 channels)
[106] 18 36 FNA samples SERS CNN 881 878 884 NR 0953
histological
[104] 3 B lsshzeosgma HSI VGG-I9CNN NR NR  NR 0.867 0.966
[107] NR 65 H&E slides MICESS‘;OPIC TimeSformer 909 915  NR 0.898 0.970
200 thyroid speci-
[21] 76 200 thyroid speci HSI CNN 790 800 790 NR 0.900
mens
HSI + Radi- hine Learn-
[108] 44 72 specimens SI+Radi- Machine Learn- o0 \p NR NR 0850

omics ing

Acc.: accuracy, Sens.: sensitivity, Spec.: specificity, AUC: area under curve, NR: Not reported.

5. Conclusions

This study presented a portable multispectral optoelectronic system for the analysis
of thyroid histopathology slides, operating under a transreflectance (back-collection)
geometry with spatial traceability through scanning. The architecture integrates the

https://doi.org/10.3390/s26144448


https://doi.org/10.3390/s26144448

Sensors 2026, 26, 4448

20 of 27

AS7343 multispectral sensor (14 channels, 380-1000 nm), acquisition control on a Rasp-
berry Pi 5, and an XYZ stage coupled to a USB microscope, enabling the connection of
morphology, sampling coordinates, and region-of-interest-level spectral signatures.

The measurement protocol was standardized using a Dark-White-Sample sequence,
enabling baseline correction and channel-wise normalization. Outputs were organized as
multispectral data cubes, and descriptors were aligned with common chromogens
(DAB/hematoxylin).

In supervised testing, LDA, SVM-RBF, and MLP achieved overall accuracies of ap-
proximately 91.0%, 90.8%, and 90.4%, respectively, with corresponding F1-scores of ap-
proximately 0.906, 0.904, and 0.899. In terms of aggregate discriminative performance,
AUC-ROC values of approximately 0.836 for LDA, 0.865 for SVM-RBF, and 0.761 for
MLP indicated a general advantage of SVM-RBF when performance was assessed across
decision thresholds.

Despite relying on a limited number of spectral channels, the proposed Al-assisted
multispectral system achieved results comparable to those reported in studies on spectral
imaging and artificial intelligence for thyroid cancer detection and histopathological tis-
sue discrimination [20-23,29], supporting its potential as a portable proof-of-concept
platform for computer-aided thyroid pathology. This positioning aligns with the broader
transition of thyroid pathology and computational pathology toward image analysis,
explainable artificial intelligence, synthetic histology, stain unmixing, and supervised
machine-learning-based tissue classification across multimodal histopathological and
spectroscopic datasets [107,109-113]. Overall, the findings indicate that compact multi-
spectral transreflectance systems, when combined with appropriate supervised learning
strategies, can provide clinically relevant discrimination of biomarker-associated patterns
in thyroid tissue. Future studies should expand the dataset, include external validation
cohorts, refine calibration and operating-threshold selection, and investigate the integra-
tion of spectral and morphological descriptors in order to strengthen translational and
clinical potential.
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Abbreviations

The following abbreviations are used in this manuscript.

Al Artificial intelligence

AUC Area under the curve

DAB 3,3'-diaminobenzidine

FFPE Formalin-fixed, paraffin-embedded
FNA Fine-needle aspiration

GUI Graphical user interface

IHC Immunohistochemistry

LDA Linear discriminant analysis

ML Machine learning

MLP Multilayer perceptron

NPV Negative predictive value

PPV Positive predictive value

ROC Receiver operating characteristic
ROI Region of interest

SVM-RBF Support vector machine with radial basis function kernel
Appendix A

Voltage/Current converter

W White LED
1
N

+Vece

+Vce

Figure A1l. Schematic diagram of the voltage-to-current converter circuit [39].

Table A1. Metric values for training, test, and validation corresponding to each model.

Model Set Accuracy Sensitivity Specificity F1-Score AUC
training 92.4% 88.5% 86.8% 0.918 0.858

LDA test 91.5% 87.3% 96.1% 0.910 0.842
validation 91.0% 86.8% 95.9% 0.906 0.836

training 94.6% 95.9% 90.2% 0.930 0.905

SVM-RBF test 91.6% 94.1% 87.8% 0.911 0.873
validation 90.8% 93.6% 87.1% 0.904 0.865

training 93.5% 90.7% 94.6% 0.927 0.812

MLP test 91.0% 88.5% 93.2% 0.905 0.772
validation 90.4% 87.9% 92.8% 0.899 0.761
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