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ABSTRACT: Background: Early detection of oncological diseases such ¢

as pancreatic ductal adenocarcinoma (PDAC) and ovarian cancer (OV) @ “ : o 170N g

is pivotal for successful treatment but remains a significant challenge due \—> — 3 4
—— ™

to the lack of sensitive and specific diagnostic tests. Fluorescence — — WL (nm
spectroscopy, enhanced by the interaction of serum proteins with / /
nanoparticles (NPs) based on linear—dendritic block copolymers, has

emerged as a promising technique for the noninvasive detection of these
malignancies. This study introduces a novel array-based assay method-
ology to evaluate the diagnostic capabilities of various NPs within serum
samples using fluorescence. Methods: We synthesized three types of NPs
(1-SH, 2-OH, 3-NH;") and analyzed their fluorescence spectra in serum
samples from patients with PDAC, OV, and control subjects. The
samples were excited at 330 and 350 nm wavelengths to obtain their
fluorescence emission spectra. An array of machine learning algorithms was applied, including boosting and tree-based methods, to
assess the ability of the spectral data to discriminate between pathological and nonpathological states. The algorithms’ performance
was measured by the area under the receiver operating characteristic curves (AUC). Results: The fluorescence spectra revealed
distinct patterns for PDAC and OV pathologies. 3-NH;" NPs exhibited the highest differential capacity with AUCs exceeding 80%
for PDAC across all algorithms, except one. 2-OH NPs showed a strong discriminatory ability for OV with AUCs over 70%, utilizing
all but one of the algorithms. 1-SH NPs, however, did not significantly increase differentiability. Boosting algorithms generally
outperformed other methods, indicating their suitability for this diagnostic approach. Conclusions: The proposed assay array
methodology enables the systematic evaluation of NPs’ diagnostic potential using fluorescence spectroscopy. The differential
interactions between NPs and serum proteins specific to PDAC and OV highlight the method’s capability to discern pathological
states. These findings suggest a path forward for developing NP-assisted fluorescence spectroscopy as a viable tool for cancer
diagnostics, potentially leading to earlier detection and improved patient outcomes.

Algorithm ROC AUC

Healthy Disease

H INTRODUCTION with PDAC is particularly dire, with a five-year survival rate
Cancer remains one of the most difficult health challenges of that is dismally low, largely due to the advanced stage at which
the 21st century, with early detection being pivotal in this cancer is typically diagnosed.4 Current diagnostic tools for
determining the success of treatment and patient outcomes.' PDAC include imaging techniques such as computed
Despite advancements in medical technology, the early tomography (CT) scans, magnetic resonance imaging
diagnosis of many cancers, particularly those with subtle (MRI), and endoscopic ultrasound (EUS).” However, these

onset and asymptomatic progression like pancreatic ductal
adenocarcinoma (PDAC)> and ovarian cancer (OV),’
continues to be a significant hurdle. Detecting these
malignancies at an early stage can dramatically improve
treatment efficacy, reduce mortality rates, and enhance the
quality of life for patients. Received: February 14, 2025

The current diagnostic landscape for PDAC and OV is Revised:  June 2, 2025
fraught with challenges, primarily due to the limitations of Accepted: June 2, 2025
existing detection methods. PDAC is notorious for its late Published: June 23, 2025
diagnosis and high mortality rate, often termed a ’silent killer’

methods often fall short in detecting early stage tumors, as they
typically become visible only once they have grown or spread
to surrounding tissues. Additionally, the invasive nature of
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Figure 1. a) Chemical structure of the dendritic polymers used to prepare nanoparticles as shown in transmission electron microscopy (TEM)
images. b) Cartoon representation of the formation of nanoparticles with different chemical functionality on the surface by self-assembly in water.

biopsies, often required for a definitive diagnosis, poses risks
and discomfort for patients.*

Similarly, OV presents a diagnostic challenge. Often labeled
as a 'whispering disease’, its symptoms are vague and easily
misattributed to less severe health issues. This leads to a
majority of OV cases being diagnosed at later stages, when the
cancer has already sgread, making treatment more complicated
and less effective.” Current detection methods for OV,
including transvaginal ultrasound and the CA-12S blood test,
have limited sensitivity and specificity, particularly for early
stage cancer.” The CA-125 test, for example, can yield false
positives in noncancerous conditions and may not be elevated
in all OV patients, especially in the early stages of the disease.®
This results in a significant number of OV cases being
diagnosed at an advanced stage, complicating treatment and
reducing survival chances.”

In this context, the development of innovative diagnostic
methodologies that can detect these cancers at their nascent
stages is not just desirable but imperative. Our study aims to
address this need by exploring the potential of fluorescence
spectroscopy, enhanced using nanoparticles (NPs) based on
linear dendritic block copolymers (LDBCs), as a novel
approach for the early detection of PDAC and OV in serum
samples. The following sections will delve into the method-
ology of this approach and its implications in the realm of
cancer diagnostics.

Fluorescence spectroscopy emerges as a promising diag-
nostic tool, offering several advantages over traditional
methods.”~"* It is noninvasive, eliminating the risks and
discomfort associated with biopsies and other invasive
procedures. Furthermore, its integration with nanoparticle
technology represents a novel and potentially groundbreaking

pproach.”” NPs can modify the natural fluorescence of
s .

a
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subtle biochemical changes in serum samples indicative of early
stage malignancies, setting the stage for a significant leap
forward in the early detection of cancers like PDAC and OV.

Nanoparticles based on amphiphilic LDBCs offer unique
advantages due to their high design flexibility, allowing
precision in nanoparticle formation through self-assembly
methodologies.16~19 In particular, dendritic structures, which
are highly branched macromolecules, can be precisely
engineered for size and surface functionality.”® This custom-
ization enables the optimization of their interaction with
specific biomolecules found in serum. When introduced into
serum samples, these NPs can bind to proteins and other
biomolecules altered in the presence of cancer. This binding
alters the fluorescence properties of the complex, providing a
distinct spectral signature that can be detected and analyzed.'

Despite promising advancements in NP-enhanced fluores-
cence spectroscopy, a significant gap remains in the current
research landscape: the lack of a systematic and standardized
method to evaluate and compare the diagnostic potential of
different NPs. Different NPs can elicit distinct fluorescence
responses based on their size, shape, composition, and surface
chemistry. These responses are influenced by the biochemical
environment within the serum, which varies from one
pathological condition to another.>"">> Without a standardized
method to assess these interactions and their diagnostic
implications, the potential of NPs in cancer detection remains
only partially tapped.

Addressing this research gap, the main objective of our study
is to develop a comprehensive assay array methodology
designed to systematically evaluate the fluorescence spectros-
copy responses of a range of NPs based on LDBCs (Figure 1)
in serum samples under both normal and pathological
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various NPs and shed light on their interaction mechanisms
with biomolecules in cancerous states.

This array-based approach promises several advantages. It
enables high-throughput screening of multiple NPs, facilitates
direct comparisons of their diagnostic performance, and
provides a more nuanced understanding of their interactions
with cancer biomarkers. Ultimately, the development of this
assay array methodology aims to pave the way for more
precise, noninvasive, and effective diagnostic tools in the battle
against cancers such as PDAC and OV, fulfilling a critical need
in oncological diagnostics.

In conclusion, this study aims to contribute meaningfully to
the field of cancer diagnostics by integrating novel methodo-
logical approaches with practical, data-driven insights. The
potential impact extends far beyond the immediate findings,
holding the promise of transforming the landscape of disease
detection and management through the innovative use of
nanotechnology and fluorescence spectroscopy.

H MATERIALS AND METHODS

Synthesis and Characterization of the LDBCs. The
synthetic procedures and characterization data of the
intermediates are detailed in the Supporting Information.
The synthesis of compound 3-NH;" was described in a
previous work.”

B RESULTS

Synthesis and Morphological Characterization of
LDBCs. The linear dendritic block copolymers (LDBCs)
employed in this study consist of the conjugation of Pluronic
F127, a food and drug administration (FDA) approved
poloxamer,” with bis(hydroxymethyl)propionic acid (bis-
MPA) dendrons,” both widely explored for biomedical
applications. Details of the synthesis and analytical data are
given in the Experimental Section and in the Supporting
Information (Scheme S1). Both compounds 1-SH and 2-OH
were synthesized by esterification of both hydroxyl terminal
groups of commercial Pluronic F127 with bis(hydroxymethyl)-
propionic acid (bis-MPA) and incorporation of either
cysteamine or ethanolamine, respectively, through a carbamate
linkage. The synthetic pathway consists of four steps that
provide each intermediate with high yields after easy
purification processes when needed. The terminal hydroxyl
groups of Pluronic F127 were esterified using the benzyl-
protected anhydride derived from 2,2-bis(hydroxymethyl)
propionic acid in the presence of DMAP.*® Upon cleavage of
the benzyl groups by catalytic hydrogenation with Pd/C, the
terminal hydroxyl groups of both bis-MPA blocks were made
to react with p-nitrophenyl chloroformate using pyridine as a
base to give a carbonate derivative, as precursor of the
carbamate group. p-Nitrophenol is easily replaced by ethanol-
amine or cysteamine providing the final carbamate derivatives.

For the formation of NPs by self-assembly, the appropriate
volume of distilled water was added to each compound to
obtain a final concentration of 1 mg-mL™' in water. The
samples were placed 15 min at 4 °C to allow the total
dissolution of the derivatives in water, and then they were
slowly heated at room temperature. TEM observations showed

spherical and monodisperse micelles, with average diameters
malralatnd avncnd 17 LD e far 1 QLT Aand 128 L D e Fae D

3-NH;" is a cationic LDBC, which was reported by our
group to form micelles of nanometric size that proved to be
efficient as drug-carriers for antimalarial drugs. This polymer,
which was synthesized by copper-catalyzed azide—alkyne
cycloaddition (click chemistry), forms spherical micelles with
a periphery of ammonium groups, and a size of 13 + 3 nm, as
determined by TEM.> Its behavior so as to interact with
proteins in the blood serum was expected to be similar to that
previously published by us."

Fluorescence Spectra of PDAC and OV from Patients’
Serum Samples. Three distinct NPs (1-SH, 2-OH and 3-
NH;") were tested and serum samples from two different
pathologies: pancreatic ductal adenocarcinoma (PDAC) and
ovarian cancer (OV) and their respective controls were
studied. Samples were placed in a microplate in the way it is
described in Figure 2.

Figure 2. Assay plate layout for the evaluation of three different
nanoparticles (NPs) in the detection of pathological conditions. Rows
A, B, and C represent the three NP types: 1-SH (Pink), 2-OH (dark
green), and 3-NH3" (orange), respectively. The (+) signs denote the
presence or absence of NPs in the sample. Columns 1 and 2
correspond to blood donors control group (BD), columns 3 and 4
correspond to Pancreatic Ductal Adenocarcinoma (PDAC), columns
S and 6 correspond to benign cyst control group (OC) and columns 7
and 8 correspond to Ovarian Cancer (OV). Created in BioRender.
Abian, O. (2025) https://BioRender.com/pvv6wnb.

By utilizing the raw fluorescence curves, it becomes feasible
to calculate the differential fluorescence curves that compare
the samples with and without the presence of NPs. These
differential curves provide crucial insights into the influence of
NPs on the fluorescence spectra, enabling a comprehensive
analysis of the sample characteristics (Figure 3).

Machine Learning Algorithms for Discriminating
Healthy and Pathological Samples Based on Differ-
ential Fluorescence Signal Data with and without NPs.
In an extensive comparative study, the performance of various
machine learning algorithms was assessed for the detection of
PDAC and OV using fluorescence spectra excited at 330 and
350 nm: AdaBoost, CatBoost, DecissionTree, GaussianNB,
KNeighborsClassifier, Logistic Regression, Random Forest,
SVM and XGBoost. The results are summarized in Table 1 and
Table 2 for AUC metric.
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Figure 3. Mean of differential Fluorescence Spectra curves (obtained by subtracting the signal without NP to the signal with NP) of serum samples
pancreatic ductal adenocarcinoma (PDAC) cancer and ovarian cancer (OV) (red lines), and their corresponding controls or nondiseased
individuals in each case (green lines). NP sample Serum was diluted 1:2 in phosphate buffered saline, with NP concentration of 500 yg-mL™", the
excitation wavelength was 330 or 350 nm, and the emission spectra was registered from 400 to 700 nm.
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Table 1. ROC-AUC Values for the Different Algorithms Applied to PDAC Samples Excited at 330 and 350 nm and Their
Corresponding Standard Deviation for the Different Instances of the Model in K-Fold Implementation®

330 nm 350 nm
1-SH 2-OH 3-NH," 1-SH 2-OH 3-NH,*
global global global global global global
ROC- Std ROC- Std ROC- Std ROC- Std ROC- Std ROC- Std
PDAC study AUC deviation ~ AUC deviation  AUC deviation AUC deviation ~ AUC deviation ~ AUC deviation

AdaBoost 0.690 0.110 0.771 0.113 0.920 0.057 0.771 0.129 0.717 0.110 0.649 0.171
CatBoost 0.685 0.135 0.672 0.074 0.920 0.066 0.713 0.108 0.692 0.103 0.619 0.122
XGBoost 0.744 0.115 0.783 0.131 0918 0.060 0.791 0.119 0.723 0.089 0.670 0.134
DecissionTree 0.640 0.081 0.695 0.104 0.825 0.086 0.665 0.132 0.630 0.077 0.596 0.135
Random Forest 0.717 0.145 0.770 0.117 0.901 0.084 0.740 0.116 0.711 0.090 0.680 0.139
GaussianNB 0.716 0.119 0.720 0.103 0.872 0.088 0.763 0.098 0.710 0.136 0.632 0.132
KNeighborsClassifier 0.698 0.138 0.775 0.100 0.888 0.060 0.763 0.107 0.671 0.101 0.592 0.122
SVM 0.520 0.205 0.690 0.119 0.883 0.074 0.575 0.138 0.618 0.091 0.369 0.122
Logistic Regression 0.689 0.140 0.700 0.106 0.737 0.101 0.781 0.081 0.663 0.067 0.616 0.108

“The italic text indicates the cell with the highest value of the global ROC-AUC value for that excitation wavelength, and the bold text indicates the
highest value for the specific column.

Table 2. ROC-AUC Values for the Different Algorithms Applied to OV Samples Excited at 330 and 350 nm and Their
Corresponding Standard Deviation for the Different Instances of the Model in K-Fold Implementation®

330 nm 350 nm
1-SH 2-OH 3-NH;* 1-SH 2-OH 3-NH;"
global global global global global global
ROC- Std ROC- Std ROC- Std ROC- Std ROC- Std ROC- Std
OV study AUC deviation ~ AUC deviation ~ AUC deviation AUC deviation ~ AUC deviation ~ AUC deviation

AdaBoost 0.504 0.084 0.680 0.069 0.763 0.100 0.619 0.143 0.891 0.085 0.573 0.136
CatBoost 0.462 0.107 0.752 0.147 0.716 0.138 0.553 0.158 0.877 0.099 0.525 0.143
XGBoost 0.539 0.123 0.716 0.101 0.769 0.137 0.587 0.145 0.901 0.080 0.629 0.187
DecissionTree 0.531 0.097 0.656 0.067 0.582 0.150 0.575 0.110 0.817 0.119 0.551 0.140
Random Forest 0.520 0.125 0.737 0.128 0.679 0.192 0.570 0.089 0.870 0.058 0.662 0.141
GaussianNB 0.524 0.115 0.764 0.111 0.505 0.155 0.506 0.103 0.831 0.062 0.610 0.154
KNeighborsClassifier 0.551 0.131 0.737 0.109 0.652 0.148 0.490 0.126 0.880 0.091 0.591 0.140
SVM 0.349 0.132 0.401 0.275 0.498 0.204 0.457 0.159 0.417 0.192 0.347 0.186
Logistic Regression 0.484 0.107 0.642 0.175 0.701 0.148 0.650 0.130 0.673 0.129 0.601 0.106

“The italic text indicates the cell with highest value for that excitation wavelength, and the bold text indicates the highest value for the specific

column.
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Figure 4. Violin plots of the area under the receiver operating characteristic curve values for pancreas cancer study the different algorithms, excited

at 330 nm (left) and 350 nm (right).
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ROC-AUC present good diagnosis performance in general,
especially for 3-NH;* at 330 nm. In contrast, at 350 nm, this
NP presents poorer performance than the other NPs, whereas
these have similar values (better for 1-SH than for 2-OH).

Figure S collects the ROC-AUC values for OV pathology,
where 2-OH shows very good diagnosis performance,
especially at 350 nm. 1-SH presents poor performance in
general, except for some specific algorithm. 3-NH;" displays
very different performance depending on the wavelength and
algorithm combination. Particularly noteworthy in this case is
the performance of some algorithms and the 350 nm
wavelength combination with 2-OH.

Table 1 and Table 2 show that standard deviations are in
general around 0.1, being very much higher for lower ROC-
AUC values, reaching 0.205 (for SVM algorithm for PDAC
with 1-SH at 330 nm) and 0.275 (for SVM algorithm for OV
with 2-OH at 330 nm), getting in both cases a poor diagnosis
performance. On the other hand, 3-NH;" induces greater
variability in the results of the algorithms for both pathologies,
with some achieving superior performance, while others yield
results inferior to those obtained with other NPs. 2-OH
induces good diagnosis performance in almost all cases, and 1-
SH gets better results in PDAC pathology.

In the evaluation of NP-aided fluorescence spectroscopy for
the detection of pathological conditions, our results elucidate
the intricate interplay between the type of NP, the machine
learning algorithm used, and the pathological condition under
investigation. Rather than presenting a universal trend, the
effectiveness of each NP-algorithm pairing emerged as highly
specific to the condition being diagnosed.

The results can be categorized by NP type to elucidate the
comparative performance in detecting PDAC and OV.

1-SH Nanoparticles. For PDAC study, this NP does not
yield poor results across all the models used, although there is
room for improvement. The highest AUC value is 0.791,
obtained with the XGBoost at a wavelength of 350 nm, while
many other values are around 0.74. At 330 nm, the results are
generally worse, but still around 0.70. In the context of OV

cbindxr  wnculte avn wsnoaticfactamr aceace all madale (Aanle tura

not contribute to the differentiation needed for the detection
of this disease.

2-OH Nanoparticles. 2-OH NPs showed a strong affinity
for PDAC detection when paired with the XGBoost algorithm
at 330 nm, achieving an ROC-AUC of 0.783, that could not be
improved when exciting samples at 350 nm (reaching 0.723).
For OV study, 2-OH NPs again excelled with the XGBoost
algorithm at 350 nm excitation, where they achieved a ROC-
AUC of 0.901. Lower results were obtained exciting at 330 nm
with GaussianNB Algorithm (0.764) as the best combination.
In general, these 2-OH NPs in OV exhibited very good
performances at both excitation wavelengths and algorithms,
especially for 350 nm. This illustrates the versatility of 2-OH
NPs for both pathologies across different excitation wave-
lengths and their robustness with all algorithms, but specially
with ensemble learning algorithms highlighting their potential
as a diagnostic tool for OV.

3-NH3* Nanoparticles. 3-NH;" NPs, when utilized with the
AdaBoost algorithm at 330 nm, showed a notable ROC-AUC
0f 0.920 for PDAC. At 350 nm, the results are generally worse,
not reaching 0.7 with any algorithm. These NPs exhibited the
best performance in PDAC at 330 nm wavelength for all the
algorithms tested, except for LogisticRegression. On the other
hand, for 330 nm, the results are worse than for other NPs.
This suggests a strong predictive capability that could be
harnessed in a clinical setting for early PDAC detection.

For OV study, 3-NH;" NPs did not reach the same level of
efficacy as of PDAC with any of the algorithms tested at 330
and 350 nm. The best algorithm at 330 nm with a ROC-AUC
of 0.769 was XGBoost (which was similar to the worst result in
case of PDAC, confirming again that it is important to attend
both NP and algorithm, when setting up the best diagnosis
protocol).

The results can also be analyzed attending the different
algorithms to compare their performances. In general, Boost
ensemble algorithms have demonstrated strong discriminative
capabilities, consistently achieving some of the best results.

The data underscores the importance of tailored NP-
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Figure 6. Comparative ROC Curve Analysis and Probability Distribution Histograms for NP-Assisted Fluorescence Spectroscopy in Pathology
Detection. Left column results for 330 nm excitation wavelength, and the right one for 350 nm. Each subplot corresponds to the best combinations
of a specific machine learning algorithm and nanoparticle (NP) type: (from top to bottom and from left to right) AdaBoost with NH3*, Logistic
Regression with SH; XGBoost with NH3*, AdaBoost with OH. ROC curves are plotted in the insets, with true positive rates (sensitivity) on the y-
axis against false positive rates (1-specificity) on the x-axis. The AUC values are indicative of the model’s ability to discriminate between the
pathological and nonpathological states. The histograms exhibit the distribution of predicted probabilities for pathological (red bars) and
nonpathological (blue bars) conditions, with a clear separation suggesting a higher model performance.

pave the way for precision diagnostics, where the choice of the Figure 6 and S2 display a comprehensive suite of ROC
curves and probability distribution histograms, offering a visual
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identifying PDAC and OV. These analyses are segmented
based on the excitation wavelengths employed during
fluorescence spectroscopy, specifically at 330 and 350 nm,
revealing the nuanced effects of excitation wavelength on the
efficacy of cancer detection.

Each ROC curve within the Figure 6, serves as an indicator
of the true positive rate versus the false positive rate for the
respective algorithm-NP combination, with the ideal model
showing a curve that pushes toward the upper left corner,
signifying a higher AUC and, consequently, better diagnostic
performance. The diagonal line represents the baseline
performance of a random classifier. The histograms comple-
ment the ROC curves by detailing the distribution of the
predicted probabilities for the pathological (positive) and
nonpathological (negative) classes, with the blue bars typically
denoting the negatives and the red bars the positives. A more
pronounced separation between these distributions correlates
with a more accurate model.

Algorithm and NP Efficacy. The efficacy of different
algorithms in conjunction with specific NPs can be discussed
by highlighting which combinations show the greatest
separation between the positive and negative class distribu-
tions, as evidenced by the histogram plots, and the largest
AUC values. For instance, at 330 nm, the 3-NH;" nano-
particles when analyzed with AdaBoost showcases a significant
discriminative capability for PDAC, as reflected by its ROC
curve and well-separated probability histograms (Figure 6).

Differences among Pathologies. The Figure 6 and S1 also
allows for an examination of how NP-algorithm combinations
vary in their diagnostic capabilities across different pathologies.
One might note, for instance, that 3-NH;" nanoparticles paired
with the AdaBoost algorithm exhibit a strong AUC for PDAC
at 330 nm, whereas the combination’s performance may differ
when applied to OV detection.

B DISCUSSION

This present study explores the diagnostic potential of
nanoparticles (NPs) based on linear dendritic block copoly-
mers (LDBCs) through fluorescence spectroscopy, which has
yielded significant insights. By integrating nanotechnology with
machine learning, we have developed a promising approach for
the early detection of pancreatic ductal adenocarcinoma
(PDAC) and ovarian cancer (OV).

The differential behavior of a single NP type across various
pathologies underscores the complex nature of disease-specific
fluorescence signatures. Pancreatic samples, PDAC, exhibited
distinguishable characteristics with AUC ROC values exceed-
ing 60% across almost all algorithm-NP pairings. Notably, 3-
NH;" nanoparticles demonstrated heightened detectability for
pancreatic pathology, achieving ROC-AUC values greater than
80% across nearly all algorithms. This pronounced interaction
suggests that 3-NH;" NPs are particularly effective in
highlighting the biochemical changes associated with PDAC.
Conversely, ovarian samples showed comparable levels of
differentiation with 2—OH nanoparticles, achieving ROC-AUC
values above 70% with most algorithms, indicating their
potential utility in OV diagnostics.

The clinical relevance of these findings can be interpreted as
high AUC values for PDAC detection suggesting a potential
for early disease identification, and this is critical due to the
typically late diagnosis and poor prognosis associated with
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indicative of a method that may enhance screening and
diagnostic processes for OV. A restriction of the present study
is the sex imbalance between PDAC and control cohorts,
which may introduce confounding effects. However, stratified
analysis indicated that the spectral differences observed are
independent of sex (see SI). Future studies should consider
sex-matched cohort designs to minimize potential bias.

From the perspective of nanoparticles, 3-NH;" NPs revealed
a distinct differentiating effect, especially in pancreatic samples,
achieving notable discrimination. The 2—OH NPs consistently
demonstrated detectable differentiation between malignant
and nonmalignant samples in both ovarian and pancreatic
cases, with their effect being particularly remarkable in ovarian
samples, where only a few algorithms paired with 3-NH;"
achieved similar values. The 1—SH nanoparticles, however, did
not enhance differentiability to a notable extent, suggesting a
need for further investigation into their interaction dynamics
with serum proteins.

The discriminative power of the algorithms varied for the
same NP and pathology. ‘Boosting’ combination algorithms,
such as AdaBoost, CatBoost, and XGBoost, generally yielded
superior results. Lastly, the results can inform further
refinement of machine learning models. Based on the
probability histograms, adjustments to classification thresholds
could be considered to improve the sensitivity or specificity of
the diagnostic models. This could involve increasing the
threshold for classifying a sample as pathological if the aim is to
reduce false positives or lowering it to capture more true
positives at the expense of increasing false positives, depending
on the clinical priorities.

Achieving the best possible outcome in certain identifiable
groups proved more crucial than performing consistently
across all NP-disease combinations. For example, in the 3-
NH;" pancreatic sample group at 330 nm, some algorithms
were capable of obtaining ROC-AUC values greater than 0.90,
with XGBoost, AdaBoost, Random Forest, and CatBoost
showing particularly high effectiveness.

General observations highlight that the presence of NPs with
diverse structures within serum samples perturbs the
fluorescence spectrum of serum proteins in unique ways,
reflecting the varied interactions between the NPs and the
proteins. This ability to generate differential fluorescence
spectra in serum samples paves the way for distinguishing
between pathological and nonpathological states.'” The
observed fluorescence changes are likely driven by complex
NP—protein interactions, including the formation of a protein
corona that differs between healthy and cancerous serum.
These changes may involve not only direct binding events but
also protein conformational rearrangements or altered
quenching environments around the NP surface. Although
the NPs used are not designed to target specific proteins, the
resulting spectral fingerprints reflect cumulative disease-related
alterations in serum proteome composition and structure.
Rather than targeting individual biomarkers, our array-based
system exploits this emergent pattern as a diagnostic signature.
This strategy, based on differential pattern recognition,
provides robustness in the presence of complex biological
background and minimizes the need for extreme specificity at
the molecular level. However, we acknowledge that a full
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spectrometry-based proteomics to validate the protein-level
interactions and explore their diagnostic significance.

The analysis of these differential fluorescence spectra using
machine learning algorithms has the potential to evolve into a
viable diagnostic tool. By harnessing the power of machine
learning to interpret these spectral changes, we can edge closer
to realizing precision diagnostics that differentiate between
health and disease states with unprecedented accuracy.

One of the key contributions of this study is the
establishment of a versatile framework that can systematically
evaluate the diagnostic potential of various nanoparticles. This
framework has the capability to differentiate between
pathological and nonpathological serum samples with a high
degree of accuracy, particularly for challenging cancers such as
PDAC and OV. The ability to detect these cancers at an early
stage through a minimally invasive serum test could
dramatically shift the current diagnostic paradigm, leading to
earlier interventions and potentially improved patient out-
comes.

Moreover, the methodology developed in this study is not
limited to PDAC and OV. Its principles and techniques can be
readily adapted to other types of cancer and diseases. The
flexibility of the array design allows for the testing of NPs with
different peripheral chemical groups and the exploration of
their interactions with a wide range of biomarkers. Similarly,
the machine learning algorithms can be trained and validated
on diverse data sets, making them applicable to various
pathological conditions.

The integration of nanotechnology and machine learning in
fluorescence spectroscopy could also spur innovation in other
diagnostic areas. For instance, this approach might be valuable
in monitoring treatment response or in detecting recurrence,
offering a rapid and noninvasive alternative to traditional
methods. Furthermore, the insights gained into the interactions
between NPs and serum components could inform the
development of targeted therapies and personalized medicine
approaches.

One limitation of the current study is the absence of direct
biological imaging to support the observed fluorescence
spectral changes. As our method is based on label-free serum
analysis, it does not involve tissue or cellular visualization.
However, future studies are planned to integrate comple-
mentary imaging techniques such as immunohistochemistry or
fluorescence microscopy to further validate nanoparticle—
biomolecule interactions at the tissue level.

The quest for early and accurate detection of cancerous
pathologies has been a driving force behind numerous
advancements in biomedical diagnostics. Early detection of
malignancies such as PDAC and OV remains a difficult
challenge in clinical oncology. The subtle onset and often
asymptomatic nature of these diseases underscore the need for
innovative diagnostic techniques that offer both sensitivity and
specificity. In recent years, the advent of NP-enhanced
fluorescence spectroscopy has emerged as a promising
approach to address this challenge. This technique leverages
the unique optical properties of NPs to enhance the
fluorescence signals from biological samples, potentially
allowing for the early detection of cancerous changes in serum.

Compared to recent studies that apply machine learning to
cancer diagnostics,””’ ">’ our approach offers several distinctive
advantages. While many of these studies rely on the
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derived from the fluorescence response of serum exposed to a
nanoparticle array. This label-free and nontargeted strategy
reduces the need for preidentified biomarkers and allows for a
more flexible and accessible diagnostic framework. In addition,
our implementation of ensemble machine learning models
such as XGBoost and CatBoost yielded superior classification
performance, particularly in challenging pathologies such as
PDAC.

The interplay between NPs, machine learning algorithms,
and disease-specific fluorescence patterns offers fertile ground
for further research and development of diagnostic method-
ologies. As we continue to refine these techniques and deepen
our understanding of their underlying principles, the prospect
of enhancing early detection and diagnosis of malignancies
through fluorescence spectroscopy becomes increasingly
tangible. The tailored NP-algorithm combinations highlighted
in this research represent a significant step forward in the quest
for more effective, noninvasive cancer diagnostic tools.

These results underscore the importance of selecting the
right combination of algorithm and NP, as well as the optimal
excitation wavelength, to achieve the most accurate and
clinically useful diagnostic results.

B CONCLUSIONS

This study has demonstrated the significant potential of
integrating nanoparticles (NPs) based on linear—dendritic
block copolymers with fluorescence spectroscopy and machine
learning algorithms for the early detection of pancreatic ductal
adenocarcinoma (PDAC) and ovarian cancer (OV). The
results indicate that this approach could revolutionize
noninvasive cancer diagnostics.

The synthesized nanoparticles—1—SH, 2—OH and 3-
NH;"—show remarkable capabilities in distinguishing between
malignant and nonmalignant serum samples. 3-NH;" NPs, in
particular, showed high effectiveness in detecting PDAC, while
2—OH NPs excelled in identifying OV. This highlights the
importance of selecting appropriate NPs tailored to specific
cancer types to achieve optimal diagnostic performance.

The study revealed that ’boosting’ algorithms such as
AdaBoost, CatBoost, and XGBoost generally provided superior
diagnostic accuracy. The right NP-algorithm combination is
crucial, as different pairings yielded varying levels of efficacy
depending on the cancer type and excitation wavelength used.

A key contribution of this research is the establishment of a
versatile diagnostic framework. This method can systematically
evaluate the diagnostic potential of various nanoparticles,
reliably differentiating pathological from nonpathological
serum samples with high accuracy. This framework is
particularly significant for challenging cancers like PDAC and
OV, where early detection is crucial.

In conclusion, the integration of nanotechnology and
machine learning in fluorescence spectroscopy offers a
promising avenue for developing sensitive, specific, and
noninvasive diagnostic tools. These advancements have the
potential to significantly improve early detection rates and
patient outcomes, paving the way for future innovations in
precision medicine.

Bl ASSOCIATED CONTENT
© Supporting Information

Mha Cicmennw timn Tufavanntina in awailahla fenan AF ~havan Ak



Analytical Chemistry

pubs.acs.org/ac

Synthesis and chemical characterization of 1-SH and 2-
OH; Characterization techniques; Subject and samples;
Blood sample processing; Fluorescence spectroscopy;
Machine Learning algorithms; Comparative ROC Curve
Analysis and Probability Distribution Histograms for
NP-Assisted Fluorescence Spectroscopy in Pathology
Detection; Tables for the different evaluation values for
the different algorithms (PDF)

B AUTHOR INFORMATION

Corresponding Authors

Olga Abian — Departamento de Bioquimica y Biologia
Molecular y Celular, Universidad de Zaragoza, 50009
Zaragoza, Spain; Institute of Biocomputation and Physics of
Complex Systems (BIFI), Universidad de Zaragoza,
Zaragoza 50018, Spain; Instituto de Investigacion Sanitaria
Aragén (IIS Aragén), S0009 Zaragoza, Spain; Centro de
Investigacién Biomédica en Red en el Area Temdtica de
Enfermedades Hepaticas y Digestivas (CIBERehd), 28029
Madrid, Spain; © orcid.org/0000-0001-5664-1729;
Phone: +34-876-555417; Email: oabifra@unizar.es

Teresa Sierra — Instituto de Nanociencia y Materiales de
Aragén (INMA), CSIC-Universidad de Zaragoza, 50009
Zaragoza, Spain; Departamento de Quimica Orgdnica,
Facultad de Ciencias, Universidad de Zaragoza, 50009
Zaragoza, Spain; © orcid.org/0000-0001-7091-077X;
Phone: +34-976-762276; Email: t.sierra@csic.es, tsierra@
unizar.es

Authors

Violeta Morcuende-Ventura — Instituto de Nanociencia y
Materiales de Aragén (INMA), CSIC-Universidad de
Zaragoza, 50009 Zaragoza, Spain; Departamento de
Quimica Orgdnica, Facultad de Ciencias, Universidad de
Zaragoza, S0009 Zaragoza, Spain

Oscar Sanchez-Gracia — Departamento de Ingenieria
Electrénica y Comunicaciones, Universidad de Zaragoza,
50009 Zaragoza, Spain

Natalia Abian-Franco — Hospital Reina Sofia, 31500 Tudela,
Navarra, Spain

Isabel Jiménez-Pardo — Instituto de Nanociencia y Materiales
de Aragén (INMA), CSIC-Universidad de Zaragoza, S0009
Zaragoza, Spain; Departamento de Quimica Orgdnica,
Facultad de Ciencias, Universidad de Zaragoza, 50009
Zaragoza, Spain

Lucia Herrer — Instituto de Nanociencia y Materiales de
Aragén (INMA), CSIC-Universidad de Zaragoza, 50009
Zaragoza, Spain; Departamento de Quimica Orgdnica,
Facultad de Ciencias, Universidad de Zaragoza, 50009
Zaragoza, Spain; © orcid.org/0000-0002-3576-5156

Martin Castillo-Vallés — Instituto de Nanociencia y Materiales
de Aragén (INMA), CSIC-Universidad de Zaragoza, S0009
Zaragoza, Spain; Departamento de Quimica Orgdnica,
Facultad de Ciencias, Universidad de Zaragoza, 50009
Zaragoza, Spain

Alexandre Lancelot — Instituto de Nanociencia y Materiales
de Aragén (INMA), CSIC-Universidad de Zaragoza, S0009
Zaragoza, Spain; Departamento de Quimica Orgdnica,
Facultad de Ciencias, Universidad de Zaragoza, 50009
Zaragoza, Spain

T Tacian Dal.f Aol Tirrtitsckn af Dincncninsitatina aumd

Zaragoza, Zaragoza 50018, Spain; Instituto de Investigacion
Sanitaria Aragén (IIS Aragén), S0009 Zaragoza, Spain

Sonia Hermoso-Duran — Institute of Biocomputation and
Physics of Complex Systems (BIFI), Universidad de
Zaragoza, Zaragoza 50018, Spain; Instituto de Investigacién
Sanitaria Aragén (I1IS Aragén), S0009 Zaragoza, Spain

Roberto Pazo-Cid — Instituto de Investigacién Sanitaria
Aragén (1IS Aragén), S0009 Zaragoza, Spain; Hospital
Universitario Miguel Servet (HUMS), 50009 Zaragoza,

_ Spain

Angel Lanas — Departamento de Bioquimica y Biologia
Molecular y Celular, Universidad de Zaragoza, 50009
Zaragoza, Spain; Instituto de Investigacién Sanitaria Aragén
(IIS Aragén), S0009 Zaragoza, Spain; Hospital Clinico
Universitario Lozano Blesa (HCULB), 50009 Zaragoza,
Spain; Centro de Investigacién Biomédica en Red en el Area
Temdtica de Enfermedades Hepdticas y Digestivas
(CIBERehd), 28029 Madrid, Spain

Adrian Velazquez-Campoy — Departamento de Bioquimica y
Biologia Molecular y Celular, Universidad de Zaragoza,
50009 Zaragoza, Spain; Institute of Biocomputation and
Physics of Complex Systems (BIFI), Universidad de
Zaragoza, Zaragoza 50018, Spain; Instituto de Investigacion
Sanitaria Aragén (IIS Aragén), 50009 Zaragoza, Spain;
Centro de Investigacién Biomédica en Red en el Area
Temdtica de Enfermedades Hepdticas y Digestivas
(CIBERehd), 28029 Madrid, Spain

Complete contact information is available at:
https://pubs.acs.org/10.1021/acs.analchem.5c00974

Author Contributions

®V.M.-V. and O.S-G. are cofirst authors of the manuscript.
V.M.-V, 1J.-P,, LH, M.C.-V,, AL, and S.H.-D. carried out the
experiments; O.S.-G. analyzed the data; N.A.-F., A.L., and R.P.
recruited patients and collected their clinical data; F.J.F.-M.
helped with the experiments; T.S., A.V.-C., and O.A. wrote the
manuscript with input from the other authors. T.S., A.V.-C,,
and O.A. revised the manuscript. All authors have given
approval to the final version of the manuscript.

Funding

This research was funded by Ministerio de Ciencia e
Innovacion MCIN/AEI/10.13039/501100011033/and
“ERDF A way of Making Europe” (PID2021—1272960B-100
to A.V.C., PID2021—-126132NB-100 to T.S., and the INMA
Severo Ochoa Excellence Center CEX2023—001286-S grant);
Instituto de Salud Carlos III and cofunded by European Union
(ESF, "Investing in your future”) (PI18/00349, and PI21/
00394 PFIS grants to O.A.; F119/00146 PFIS contract to S.H.-
D.); Gobierno de Aragon (PROY_B08_24, Protein Targets
and Bioactive Compounds Group E45 23R to AV.C,
Digestive Pathology Group B2S_23R to O.A., and Liquid
Crystals and Polymers Group, E47 23R); and Centro de
Investigacion Biomédica en Red en Enfermedades Hepaticas y
Digestivas (CIBERehd).

Notes
The authors declare no competing financial interest.

B ACKNOWLEDGMENTS

This article is based upon work from COST Action

“Identification of biological markers for prevention and
tunmalatinanl cmndicicn fn mamceantic csmcnse (TDANTCDANTY?



Analytical Chemistry

pubs.acs.org/ac

Science and Technology). We acknowledge BioRender.com
for their tools, which were instrumental in creating the figures
and illustrations used in this manuscript. The authors would
like to acknowledge the Laboratorio de Microscopias
Avanzadas-LMA (Instituto de Nanociencia y Materiales de
Aragén-Universidad de Zaragoza), Servicio General de Apoyo
a la Investigacion-SAI (Universidad de Zaragoza), and
Servicios Cientifico-Técnicos of CEQMA (CSIC-Universidad
de Zaragoza) for their support. We acknowledge support of the
publication fee by the CSIC Open Access Publication Support
Initiative through its Unit of Information Resources for
Research (URICI).

B ABBREVIATIONS

AUC, area under the curve; bis-MPA, 2,2’-bis(hydroxymethyl)-
propionic acid; CA-12S, cancer antigen 125; CT, computed
tomography; DCM, dichloromethane; DMAP, 4-
(dimethylamino)pyridine; EUS, endoscopic ultrasound; HS,
human serum; HSA, human serum albumin; LDBC, linear
dendritic block copolymer; MALDI-TOF, matrix assisted laser
desorption/ionization — Time of flight; MRI, magnetic
resonance imaging; NMR, nuclear magnetic resonance; NPs,
nanoparticles; OC, ovary cysts; OV, ovary cancer; PBS,
phosphate buffer saline; PDAC, pancreatic ductal adenocarci-
noma; ROC curve, receiver operating characteristic curve;
SVM, support vector machine; TEM, transmission electron
microscopy

B REFERENCES

(1) Bray, F.; Laversanne, M.; Sung, H.; Ferlay, J.; Siegel, R. L;
Soerjomataram, I; Jemal, A. CA. Cancer J. Clin. 2024, 74 (3), 229—
263.

(2) Halbrook, C. J.; Lyssiotis, C. A.; Pasca di Magliano, M.; Maitra,
A. Cell 2023, 186 (8), 1729—1754.

(3) Stewart, C.; Ralyea, C.; Lockwood, S. Semin. Oncol. Nurs. 2019,
35 (2), 151-156.

(4) Herreros-Villanueva, M.; Gironella, M.; Castells, A.; Bujanda, L.
Clin. Chim. Acta 2013, 418, 22—29.

(5) Ardengh, J.; de Paulo, G.; Ferrari, A. HPB 2003, S (4), 226—230.

(6) Elias, K. M.; Guo, J.; Bast, R. C. Hematol. Oncol. Clin. North Am.
2018, 32 (6), 903—914.

(7) Buys, S. S.; Partridge, E.; Greene, M. H.; Prorok, P. C; Reding,
D,; Riley, T. L.; Hartge, P.; Fagerstrom, R. M.; Ragard, L. R;; Chia,
D.; Izmirlian, G.; Fouad, M,; Johnson, C. C.; Gohagan, J. K. Am. J.
Obstet. Gynecol. 2005, 193 (S5), 1630—1639.

(8) Skates, S. J.; Pauler, D. K.; Jacobs, L J. J. Am. Stat. Assoc. 2001, 96
(454), 429—439.

(9) Kalaivani, R.; Masilamani, V.; Sivaji, K.; Elangovan, M.; Selvaraj,
V.; Balamurugan, S. G.; Al-Salhi, M. S. Photomed. Laser Surg. 2008, 26
(3), 251-256.

(10) Masilamani, V.; AlSalhi, M. S.; Vijmasi, T.; Govindarajan, K;
Rai, R. R; Atif, M.; Prasad, S.; Aldwayyan, A. J. Biomed. Opt. 2012, 17
(9), 0980011.

(11) Pradhan, A, Pandey, P. K; Singh, P. 12 - Overview of
Fluorescence Spectroscopy and Imaging for Early Cancer Detection.
In Neurophotonics and Biomedical Spectroscopy, Alfano, R. R., Shi, L.,
Eds. Elsevier: 2019; pp 253—328.

(12) Romeo, M. V.; Lépez-Martinez, E.; Berganza-Granda, J.; Goni-
de-Cerio, F.; Cortajarena, A. L. Nanoscale Adv. 2021, 3, 1331—-1341.

(13) Kaniyala Melanthota, S.; Kistenev, Y. V.; Borisova, E.; Ivanov,
D.; Zakharova, O.; Boyko, A.; Vrazhnov, D.; Gopal, D.; Chakrabarti,
S.; K, S. P.; Mazumder, N. Lasers Med. Sci. 2022, 37, 3067—3084.

(14) Wang, Y.; Shen, C.; Wu, C; Zhan, Z.; Qu, R;; Xie, Y.; Chen, P.
Research 2024, 7, 0352.

SN 1 oxr ~r T -~ s ~ a1 -

Velazquez-Campoy, A.; Sierra, T.; Abian, O. Int. J. Mol. Sci. 2021,
22 (12), 6501.

(16) Whitton, G.; Gillies, E. R. J. Polym. Sci,, Part A: Polym. Chem.
2018, 53 (2), 148—172.

(17) Abad, M.; Martinez-Bueno, A.; Mendoza, G.; Arruebo, M,;
Oriol, L.; Sebastidn, V.; Pifiol, M. Polymers 2021, 13, 684.

(18) Song, W.; Weij, J,; Li, L.; Qian, Y.; Wang, Y.; Bi, Y. Polym. Int.
2022, 71, 317-327.

(19) Parcero-Bouzas, S.; Correa, J.; Jimenez-Lopez, C.; Delgado
Gonzalez, B.; Fernandez-Megia, E. Biomacromolecules 2024, 2§,
2780—-2791.

(20) Dendrimer Chemistry: Synthetic Approaches Towards Complex
Architectures. Malkoch, M., Garcia Gallego, S. The Royal Society of
Chemistry: 2020.

(21) Chakraborty, D.; Ethiraj, K. R.; Mukherjee, A. RSC Adv. 2020,
10 (45), 27161.

(22) Caputo, D.; Papi, M.; Coppola, R.; Palchetti, S.; Digiacomo, L.;
Caracciolo, G.; Pozzi, D. Nanoscale 2017, 9 (1), 349—354.

(23) Marti Coma-Cros, E.; Lancelot, A.; Anselmo, M. S.; Borgheti-
Cardoso, L. N.; JoséValle-Delgado, J.; Luis Serrano, J.; Fernandez-
Busquets, X; Sierra, T. Biomater. Sci. 2019, 7 (4), 1661—1674.

(24) Singla, P.; Garg, S.; McClements, J.; Jamieson, O.; Peeters, M.;
Mahajan, R. K. Adv. Colloid Interface Sci. 2022, 299, 102563.

(25) Carlmark, A.; Malmstrém, E.; Malkoch, M. Chem. Soc. Rev.
2013, 42, 5858.

(26) Thre, H.; Hult, A; Fréchet, J. M. J.; Gitsov, I. Macromolecules
1998, 31 (13), 4061—4068.

(27) Zhang, C.; Xu, L.; Miao, X,; Zhang, D.; Xie, Y.; Hu, Y.; Zhang,
Z.; Wang, X.; Wu, X;; Liu, Z,; Zang, W,; He, C.; Li, Z.; Ren, W,;
Chen, T.; Xu, C.; Zhang, Y.; Wu, A,; Lin, J. Biosens. Bioelectron. 2025,
268, 116897.

(28) Xie, Y.; Xu, L; Zhang, J.; Zhang, C.; Hu, Y.; Zhang, Z.; Chen,
G; Qi, S; Xu, X; Wang, J; Ren, W,; Lin, J; Wu, A. Materials
Horizons 2024, 11 (22), 5752—5767.

(29) Miao, X;; Xu, L; Sun, L,; Xie, Y.; Zhang, J.; Xu, X;; Hu, Y;;
Zhang, Z.; Liu, A;; Hou, Z.; Wu, A,; Lin, J. Nano Biomedicine and
Engineering 2025, 17 (1), 129—142.



(1>) IMorcuende-ventura, V.; Hermoso-Luran, d.; Ablan-Franco,
N,; Pazo-Cid, R; Ojeda, J. L; Vega, S; Sanchez-Gracia, O.;

13860 https://doi.org/10.1021/acs.analchem.5c00974
Anal. Chem. 2025, 97, 13850—13860



