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Introduction

High reliability Ag/Ni/NiO nanowire-based SERS for
cancer detection: a study on breast cancer

Alondra Hernandez Cedillo, ¢ *2® Javier Mendez-Lozoya,?® Coral Hernandez
Cedillo,?® Alfred L. M. Bothwell®® and Miguel Jose Yacaman (2@°

Over the past decade, substantial research has focused on identifying cancer biomarkers using Raman
spectroscopy. However, no commercial Raman-based diagnostic tests are currently available. A major
barrier is the need to amplify the inherently weak Raman signal, typically achieved through Surface-
Enhanced Raman Spectroscopy (SERS). Because SERS relies on nanostructured substrates, its clinical
translation has been hindered primarily by poor reproducibility, which undermines data reliability and
prevents regulatory approval. In this pilot study, we evaluate an improved SERS substrate based on Ag/
Ni/NiO nanowires, previously reported by our group, which significantly enhances sensitivity, specificity,
detection limits, and critically substrate reproducibility. We further strengthen analytical performance by
incorporating machine learning methods for spectral interpretation. Using this optimized platform, we
analyzed SERS spectra from tissue samples of 31 breast cancer patients and compared them with
matched healthy controls. Our results demonstrate a clear spectral distinction between cancerous and
non-cancerous tissue. More importantly, we showed that SERS combined with machine learning, can
differentiate major breast cancer subtypes, including luminal A (LUMA), luminal B (LUMB), HER2-enriched
(HER2), and triple-negative breast cancer (TNBC). PCA-LDA modeling yielded exceptional diagnostic
metrics, achieving up to 99% accuracy, sensitivity, and specificity across multiple classification tasks.
Although this pilot study includes a limited humber of samples, the findings demonstrate that improved
SERS substrates paired with machine-learning analysis can generate a unique molecular fingerprint of
breast cancer and its subtypes. This work opens a pathway for developing assays, potentially using blood
or saliva, to enable early detection and subtype identification based on SERS-derived cancer fingerprints.

the identification of various tissue- and blood-based biomarkers
(i.e., liquid biopsies) that can assess cancer progression,

Breast cancer is the most commonly diagnosed cancer among
women worldwide, and its impact on public health continues to
rise. A recent global study published in Nature Medicine (2025)*
estimates that 1 in 20 women globally will be diagnosed with
breast cancer during their lifetime. If current trends persist, the
annual number of new cases could reach 3.2 million by 2050,
with approximately 1.1 million deaths each year, dispropor-
tionately affecting countries with limited healthcare resources.

Biomarkers that aid diagnosis, prognosis, and prediction of
breast cancer are essential for early detection and effective
disease management throughout treatment. Advances in
genetic profiling and molecular signalling pathways have led to
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recurrence risk, treatment response, and drug tolerance.”

Multiple classes of macromolecules have been proposed as
key diagnostic biomarkers, including circular RNAs, microRNAs
(miRNAs), DNA, proteins, exosomes, and antibodies. However,
clinical trials assessing their diagnostic efficacy have not yet
produced conclusive results.® In contrast, the use of biomarkers
in drug development and clinical research has shown encour-
aging progress.*,® Early detection is critical for improving breast
cancer survival rates and treatment outcomes. Mammography
is traditionally regarded as the gold standard for screening,®
enabling clinicians to identify abnormalities in breast tissue
before symptoms appear. Other imaging techniques, such as
ultrasound and magnetic resonance imaging (MRI), are often
used alongside mammography, particularly in women with
dense breast tissue or elevated risk factors.”

Despite their widespread use, these screening methods have
notable limitations. For example, mammography can miss
tumors or generate false positives®** leading to unnecessary
biopsies and potential overdiagnosis.’>™* Its sensitivity is also
reduced in younger women or those with dense breast tissue,
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where lesions may be obscured.'®*” While ultrasound and MRI
offer greater sensitivity in some cases, they are more expensive,
less accessible in many regions, and also prone to higher false-
positive rates.'®2°

Surface-Enhanced Raman Spectroscopy (SERS) is one of the
most promising techniques for detecting cancer biomarkers
and developing early diagnostic tests. This method enables the
detection of organic molecules with exceptionally high sensi-
tivity, reaching detection limits close to the single-molecule
level, making it particularly well-suited for biomarker identifi-
cation.”™* A literature survey reveals approximately 2000
publications over the past two decades reporting cancer
biomarker detection using SERS (see, for example, reviews>*"),
yet no SERS-based clinical test for early cancer detection has
been approved to date.

The primary challenge limiting the clinical translation of
SERS lies in the lack of data consistency and reproducibility,
which undermines the reliability required for clinical trials.?*-*°
SERS relies on nanomaterials, such as nanoparticles, nano-
wires, and nanorods, to enhance the Raman signal, providing
a high signal-to-noise ratio and enabling quantitative analysis.**

However, achieving precise control of nanomaterial shape,
size, and crystal structure is challenging, resulting in significant
batch-to-batch variation in substrate performance and ampli-
fication efficiency. Additionally, analyte molecules must adsorb
onto the nanostructure surface to generate SERS enhancement.
Many biomolecules exhibit low affinity for the substrate, and
may instead fall into non-enhancing regions, resulting in
a higher-than-desired limit of detection (LOD). Because
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sensitivity is proportional to approximately three times the
noise divided by LOD, a high LOD directly reduces achievable
sensitivity.**

Specificity is another critical parameter and depends on
instrument noise, fluorescence background, and spectral peak
overlap among different analytes. In biological samples,
biomarker molecules are frequently bound to other molecular
species, producing peak shifts that complicate comparison with
reference spectra of isolated molecule. This mismatch intro-
duces errors in peak identification. Sensitivity and specificity
are largely independent parameters, and successful Raman-
SERS assays require high performance in both, coupled with
a low LOD and high substrate reproducibility.>*

In this study, we address the fundamental issues that have
hindered the translation of Raman-based diagnostic tests to the
clinical and commercial sectors.

2. The SERS substrate (Ag/Ni/NiO)

2.1 Enhancement modes

Ag/Ni/NiO nanowires are used as the SERS substrate. Nanowires
are fabricated using a standard method.*® The nanowires are
thoroughly cleaned to remove all organic materials and subse-
quently coated with a nickel (Ni) layer a few nanometers thick.
Upon exposure to air, the top Ni layer forms NiO, which
passivates the nanowires. As a result, the nanowires become
magnetic and can be easily aligned on the substrate. Fig. 1(a)
shows SEM images of a single nanowire and nanowires depos-
ited on an aluminum substrate, as well as nanowires aligned

100 nm 100 nim

Fig. 1 Electron microscopy characterization of Ag/Ni/NiO nanowires deposited on Al-coated plastic substrates. (a) SEM image showing
a randomly oriented, three-dimensional network of nanowires. (b) High-resolution TEM image of an individual Ag/Ni/NiO nanowire; the
schematic illustrates the layer structure, and the nanowire exhibits a five-fold symmetry. (c) SEM image of nanowires aligned along a preferred
direction after magnetic-field-assisted assembly. (d) STEM image of a single nanowire. (e) STEM-EDS elemental map of Ag (green), corre-
sponding to the nanowire first layer. (f) STEM-EDS elemental map of Ni (red), corresponding to the second layer. (g) Overlay of Ag (green) and Ni

(red) elemental maps.
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using a magnetic field. The substrate coverage by nanowires is
approximately 98%. Fig. 1(b) High-resolution TEM image of an
individual Ag/Ni/NiO nanowire; the schematic illustrates the
layer structure, and the nanowire exhibits a five-fold symmetry.
Fig. 1(c) SEM image of nanowires aligned along a preferred
direction after magnetic-field-assisted assembly. Fig. 1(d) STEM
image of a single nanowire. Fig. 1(e) STEM-EDS elemental map
of Ag (green), corresponding to the nanowire first layer. Fig. 1(f)
STEM-EDS elemental map of Ni (red), corresponding to the
second layer. Fig. 1(g) Overlay of Ag (green) and Ni (red)
elemental maps, confirming the presence and uniformity of the
surface coating. Ag/Ni/NiO nanostructures support all major
Raman enhancement mechanisms: plasmonic, chemical, and
magnetic.

(a) Plasmonic enhancement. In Ag/Ni/NiO nanowires, the
Raman signal is enhanced by localized surface plasmon (LSP)
effects arising from the Ag core and by the Ag/Ni interface,
which produces magneto-plasmon polaritons (MPP). Surface
plasmon polaritons (SPPs) originate from the coupling of inci-
dent electromagnetic radiation with collective oscillations of
conduction electrons at a metal-dielectric interface.*®*” In the
Ag/Ni/NiO nanowire system, the geometry and layered structure
generate multiple interfaces capable of supporting SPPs with
distinct characteristics. The Ag core supports strong localized
surface plasmon resonance (LSPR), while the Ni layer modifies
plasmon modes and introduces additional SPP channels.
Moreover, the Ni coating renders the surface magnetic,
enabling nanowire alignment and preventing Ag sulfidation,
thereby enhancing substrate stability. The electromagnetic “hot
spots” generated along the longitudinal axis of the nanowires
are shown in Fig. 2. In addition, the close proximity of neigh-
boring nanowires produces additional hot spots within the
inter-nanowire gaps, further enhancing the Raman signal.

(b) Chemical enhancement. Chemical enhancement (CE) is
the non-electromagnetic component of SERS and occurs when
analyte molecules chemically interact with the metal surface,
allowing charge transfer between the molecule and the
substrate. In Ag/Ni/NiO nanowires, two CE mechanisms are

Fig.2 Simulated electric-field normal distribution ("hot spots”) around
Ag/Ni/NiO nanowires showing three contiguous nanowires with
a strong field localization and enhancement in the inter-wire junctions
(hot spots). The color scale represents the electric-field norm (|E|) (as
defined in the simulation) and highlights the maximum enhancement
at the nanowire regions.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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present. First, Ni possesses a high density of d-electrons, and its
Fermi level aligns well with the lowest unoccupied molecular
orbital (LUMO) of nitroaromatic groups and other molecules,
enabling electron transfer from Ni to the analyte. Second, the
Ni/NiO interface forms a Schottky barrier. Upon laser excitation,
electron-hole pairs are generated, and molecules adsorbed on
the NiO surface can receive or donate electrons. This mecha-
nism selectively amplifies vibrational modes of oxygen-
containing molecules and is particularly important for protein
analysis. The Ni/NiO shell introduces charge-transfer (CT)
interactions that enhance Raman intensities of COO™ stretch-
ing bands, NH, deformation modes, aromatic residues
(phenylalanine, tyrosine, and tryptophan), and protein back-
bone modes, including Amide I and Amide III. NiO's electronic
structure enables efficient CT coupling, enhancing Raman
signals by approximately 50-300% beyond Ag alone. Addition-
ally, amino acids and proteins bind strongly to Ni/NiO through
coordination to Ni*" sites via NH, and COO™ groups, as well as
through interactions with aromatic and sulfur-containing resi-
dues. These interactions result in improved specificity and
reproducibility of the SERS data.’®

(c) Magnetic enhancement (magnetoplasmonics). Magnetic
enhancement arises from coupling between the magnetic field
of Ni and plasmonic excitations in Ag. This coupling breaks the
symmetry of surface plasmon modes and generates new
magneto-optical resonant states with stronger electromagnetic
field localization, leading to increased Raman enhancement.
Additionally, the magnetized Ni layer produces a local magnetic
induction field. When plasmons propagate along the Ag core
nanowires, this magnetic field further breaks plasmon
symmetry and enhances localization at the Ag/Ni interface,
producing stronger hot spots. The magnetic alignment of
nanowires in a single direction reduces field cancellation
effects, further strengthening enhancement, lowering noise,
and resulting in broadband Raman intensity amplification.
Although nanowire synthesis is well controlled, the parameter
most difficult to regulate is nanowire length. However, as long
as the nanowires are coated with Ni and NiO, variations in
length do not affect substrate performance. We tested
substrates fabricated using nanowires of different lengths and
observed no variation in SERS data. Therefore, the synthesis is
reproducible for Raman applications. An essential requirement
for regulatory approval of Raman-SERS-based diagnostic tests is
certification of substrate reliability. We believe that Ag/Ni/NiO
nanowires can meet this requirement.

2.2 Sensitivity, specificity, and limit of detection (LOD) of
the SERS substrates

One of the critical aspects of Raman analysis is achieving
optimal sensitivity and specificity. Sensitivity, defined as the
ability to detect true positives, is closely linked to the limit of
detection (LOD); lower LOD values result in higher sensitivity.
The LOD depends on the SERS enhancement factor, system
noise, chemical affinity between the substrate and analyte, and
substrate coverage. Analyte molecules that fall into uncovered
regions of the substrate are not detected. In addition,

Nanoscale Adv., 2026, 8, 1197-1212 | 1199
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Fig. 3

intensities at 940 cm™L.

nanostructure degradation or aggregation over time can
increase the LOD. In the proposed substrate, nanowire coverage
reaches approximately 98%, and the three-dimensional archi-
tecture enhances analyte capture probability. The magnetic
field of the Ag/Ni/NiO nanowires and their affinity for proteins
further guarantee high sensitivity. Since most analyte molecules
possess a dipole moment, the magnetic field attracts them
toward the nanowires. Furthermore, the multilayer 3D structure
increases the likelihood of analyte attachment. Sensitivity and
specificity of the Ag/Ni/NiO nanowires were evaluated using two
test molecules: rhodamine and sialic acid (Neu5Ac). Raman
peak intensities were measured as a function of concentration,
as shown in Fig. 3. The LODs for rhodamine and sialic acid were
determined to be approximately 10~ ** M and 10~ '° M, respec-
tively. Specificity measures the ability to avoid false positives
and is not directly related to LOD. Instead, it depends on peak
separation, spectral interference, and surface chemistry. Effec-
tive separation of peaks from different analytes is critical for
achieving high specificity.

2.3 Software and fingerprint approach

One of the main challenges of Raman analysis is that real
samples contain multiple molecular species, including both
biomarkers of interest and background substances. Addition-
ally, each molecule produces multiple Raman peaks, many of
which overlap and exhibit frequency shifts due to chemical
bonding. Consequently, peak intensities in experimental
spectra represent convolutions of contributions from multiple
species, which introduces error and limits spectral consistency.
To correctly identify an analyte, its complete vibrational
fingerprint must be observed rather than relying on individual
peaks. A common example in breast cancer research is sialic
acid (SA), which is often considered a cancer biomarker.
However, SA binds to glycoproteins and Siglecs, and its
concentration increases in many cancers as well as inflamma-
tory conditions. Therefore, SA elevation alone cannot be
uniquely linked to breast cancer. In this work, we adopt
a fingerprint-based approach by analyzing averaged spectra
from cancerous tissue. An optical microscope coupled with
a motorized stage was used to scan regions containing stromal

1200 | Nanoscale Adv., 2026, 8, 1197-1212
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(a) Pairwise ROC and (b) box plot analyses comparing response of sialic acid analyte at different concentrations and box plot of measured

and tumor tissue. Multiple spectra (27 per sample) were
acquired and averaged to generate a representative spectral
fingerprint. We propose that this averaged spectrum reflects the
molecular fingerprint of the tumor. The resulting SERS data
were analyzed using Principal Component Analysis (PCA) and
Linear Discriminant Analysis (LDA), which facilitate dimen-
sionality reduction and supervised classification, respectively.**
Breast cancer is a highly heterogeneous disease comprising
multiple molecular subtypes, including luminal A (LUMA),
luminal B (LUMB), HER2-enriched (HER2), and triple-negative
breast cancer (TNBC).**** The goal of this study is to deter-
mine whether Raman-based spectroscopic techniques can reli-
ably differentiate these subtypes by identifying consistent and
reproducible spectral biomarkers, thereby supporting histo-
pathological diagnosis and enabling more targeted clinical
decision-making.

Results and discussion

The averaged Surface-Enhanced Raman Scattering (SERS)
spectra obtained from 31 samples are shown in Fig. 4, repre-
senting five distinct breast tissue classifications: normal (blue),
Triple-Negative Breast Cancer (TNBC, yellow), HER2-positive

Normal
TNBC
HER 2

[ JLUMA

[ lLuve

Intensity (A.U.)

f T T T T T T 1
400 600 800 1000 1200 1400 1600 1800

Raman Shift (cm™)

Fig. 4 Average SERS spectra of breast tissue samples by subtype (n =
31).
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Fig. 5 3D Grouped average SERS spectra of individual breast tissue subtypes: (a) normal, (b) TNBC, (c) HER 2, (d) LUMA, and (e) LUMB.

(HER2, green), Luminal A (LUMA, red), and Luminal B (LUMB,
purple). The spectra reveal distinct vibrational profiles among
the groups, reflecting biochemical differences associated with
each subtype. These averaged spectra provide a clear overview of
spectral trends across breast cancer subtypes and healthy
tissue, serving as the foundation for subsequent statistical and
machine learning analyses.

To further examine intra-group consistency and variability,
Fig. 5 and 6 display grouped 2D and 3D average SERS spectra for
individual breast tissue subtypes.Fig. 5(a) and 6(a) show the
averaged spectra of six normal tissue samples, characterized by
consistent peaks indicative of a uniform biochemical compo-
sition. Fig. 5(b) and 6(b) present spectra from eight TNBC
samples, which exhibit low intra-group variability, suggesting
molecular homogeneity commonly associated with this
aggressive subtype. Fig. 5(c) and 6(c) include four HER2-positive
spectra, showing distinct vibrational features that may be
linked to HER2 overexpression. Fig. 5(d) and 6(d) display
spectra from ten Luminal A (LUMA) samples, while Fig. 5(e) and
6(e) represent five Luminal B (LUMB) samples.

Fig. 7(a) displays 2D and Fig. 7(b) 3D grouped average SERS
spectra of breast tissue subtypes: Normal, TNBC, HER 2, LUMA,

and LUMB. Collectively, these results highlight both inter- and
intra-group spectral diversity captured by SERS, reinforcing its
potential as a sensitive tool for biochemical fingerprinting and
breast cancer classification. To assess potential contributions
from paraffin and tissue processing, SERS spectra were
acquired from FFPE sections before and after deparaffinization
using ethanol, hexane, and water, revealing no appreciable
changes in spectral features or classification-relevant bands
(Fig. S1). Pathology-guided tumor-region delineation in FFPE
breast cancer tissue has been demonstrated in prior work by our
group,® supporting the feasibility of integrating histological
annotation with SERS.

Fig. 8 and Table 1 show a comparative SERS spectral analysis
between breast cancer and normal breast tissue, reveal distinct
vibrational signatures, indicative of underlying biochemical
alterations associated with tumor malignancy, a complete list of
SERS peaks and vibrational mode assignments on Table S1. A
pronounced peak at 482 cm ! is observed exclusively in the
breast cancer tissue, with no corresponding signal in the
normal spectrum. This peak is attributed to glycogen,
a biomarker of metabolic adaptation under hypoxia, and its
elevated presence in cancer aligns with increased glycolytic
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Fig. 6 2D Grouped average SERS spectra of individual breast tissue subtypes: (a) normal, (b) TNBC, (c) HER 2, (d) LUMA, and (e) LUMB.
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Fig. 8 Differentiation of normal and breast cancer tissue using
average SERS spectra and Ag/Ni/NiO NWs substrate.

activity characteristic of the Warburg effect.” Similarly, the
865 cm ' peak, associated with collagen, lipids, saccharides,
and proline, is significantly elevated in cancerous samples and
absent in normal tissue. This elevation reflects extracellular
matrix remodelling and enhanced collagen deposition, hall-
marks of tumor progression.

Protein-related features also demonstrate clear differentia-
tion. The 890 cm ™" peak, corresponding to structural proteins,
and the 1005 cm ™" peak, associated with phenylalanine, are
both higher in cancerous tissue, supporting literature that links
increased protein synthesis and metabolic regulation with
tumor proliferation.*®,*> Furthermore, the 1030 cm™ " collagen
band is markedly higher in breast cancer tissue and absent in
normal spectra, suggesting increased fibroblast activity and
matrix stiffening. The 1063 cm ™" peak, reflecting a complex
mixture of lipids, proteins, nucleic acids, and collagen-related
proline, appears slightly reduced in cancer tissue, implying di-
srupted lipid metabolism and altered structural composition,
both  consistent  with  cancer-associated  metabolic
reprogramming.

Additional differences are evident in peaks related to protein
folding and structural motifs. The 1109 cm ™" peak, associated
with protein vibrations, is stronger in breast cancer tissue,

1202 | Nanoscale Adv., 2026, 8, 1197-1212
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(a) 2D and (b) 3D grouped average SERS spectra of breast tissue subtypes: normal (blue), TNBC (yellow), HER 2 (green), LUMA (red), and

consistent with elevated protein turnover in malignancy.*” The
1134 cm ' band, linked to tryptophan, shows decreased
intensity in cancer, reflecting shifts in tumor metabolic states.
The 1172 cm ™! Amide III band, linked to side-chain vibrations,
and the 1270 cm™' peak, specific to cancerous tissue, are both
associated with protein secondary structure and are commonly
elevated in tumors.” These features further underscore the
SERS platform's sensitivity to subtle conformational changes in
biomolecules during tumorigenesis.

Lipid-associated peaks also present distinct trends. The
1296 cm ' phospholipid band, linked to membrane dynamics
and cell proliferation, shows a slightly lower intensity in cancer
tissue, potentially due to increased membrane turnover. In
contrast, the 1369 cm™" peak, related to lipid oxidation and
redox imbalance, is reduced in cancer tissue, reflecting oxida-
tive stress and depletion of oxidized species.” The 1418 cm ™"
lipid band is higher in normal tissue, possibly indicating lipid
loss in malignancy. Interestingly, the 1440 cm ™" and 1463 cm ™
CH, bending modes are significantly elevated in breast cancer
spectra, suggesting lipid accumulation or membrane reorgani-
zation within tumor cells. Together, these findings demonstrate
that Ag/Ni/NiO nanowire-based SERS not only captures reliable
molecular fingerprints of breast cancer but also provides
mechanistic insights into tumor biochemistry through label-
free vibrational profiling.

The SERS spectra obtained from breast cancer tissue
samples exhibited distinctive vibrational fingerprints that
varied by molecular subtype. These spectral differences were
analyzed to identify key peaks and assign their molecular
origins, thereby elucidating biochemical characteristics asso-
ciated with each subtype.

Triple-negative breast cancer (TNBC)

The TNBC subtype demonstrated unique SERS features char-
acterized by sharp peaks at 892, 1065, 1112, 1135, 1297, and
1463 cm ' (Table $2).**%3+5% These peaks are attributed to
protein structural vibrations, C-C skeletal stretching in poly-
saccharides, and nucleic acid components. Notably, the
absence of the 1172 em ™" band in TNBC supports its distinctive
protein conformation compared to other subtypes.*®

© 2026 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5na00890e

View Article Online

Nanoscale Advances

Paper

¥ sI0UIN} U PaseaIdu] sisouadodr sprdrt duryojens N=D cOVT €9FT
uonewIoyap fHD/“HO
sso[ pidij jo ‘3uIydlans dIPWWAS O-D
7S pue 6% 103eDIPUT ‘190UBD UT 19MOT apow 3urpuaq “HD spidr1 ‘opowt durpuaq *HD Vet \i4at
€6 pue 1¢ ‘9% sIown} Ul paseaIou] sisauagdodry spidr1 STVT ST¥T
Jouereq UuonepIxXo
TS uono[dap 03 Spes| UONEPIXO xopa1 ‘uoneprxorad pidry pidri/surejoid yojans (¢HD) 69€T 69€T
IS sIoWn) Ul pasealou] uonerdyrjoid (2D spidijoydsoydq (HN)2 pue (ND)a 96271 96271
sad£y anssn
0S 9JBNIUAISJIP 03 pasn oney uonisodwod pidry III opTary (N-D)a 0L¢T
suoneIqia
6% sI0WN} Ul PajeAd[d urey2-apIs ‘I opruy surj0ig durpuaq H-D TLIT TLIT
8 A1suajur paseardod 91e)S dI[0qEIOW IOWN], ueydoydAag, yo3ans D-D PETT PEIT
Va4 I90Ued Ul 10y3IH uoneIqia U0Id ura301d o3ans D-D 60TT 60T
(uager[oo)
aurjoxd pue ‘¥YNY pue [o391s O-d-0 ‘UYd9191S N-D
9% pue S sreudts pidi] aseadap wistjoqelowt pidi] paIaly VNQ ‘surajoad ‘spidr pue O-D ‘yorens D-D €901 €901
uade[[00 JO UOHE[NWINIIE
%% SIOUIN} UI PaseaIdu] pue $)Se[qoIqy JO UONRIJI[OI] uade[[on 0€0T
uonensgal sapout
5% SI0UIN} UI PaseaIdu] dT[0qeIaUW ‘SISAYIUAS UIaI0Id auruereduayd Zuryyeaaq Suwr (D-D)a S00T S00T
ka4 9NSST} SNOIDULD UI PIILAI[T armyeudis urejoid [eINIONIS ura3oid 068 068
aurjoid ‘saprreyooes
1% sIown} Ul pajeAd[d SISaua30UIdILD ANSST) ISealg ‘pidrf ‘uaderiod duryozens D-D 598
erxodAy A1anoe d1A[0d4[3
ov Iapun SIOWn) Ul pajead[d ‘uonyesdepe d1joqeIoN ua3004[1D 8%
RERlIEICIEN | IX9)U0D 190UBD 20uBAd[a1 [Bd130[01Id JUOWIUSISSE [BITWAYOI] JuowWUISSe UBWEY (;_wd Yiys sJ4S) (,_wd Yiys sJ4AS)

9NSST) [RWLION

ONSST) I90URI JSealyq

3NSSI} J9DURD 1SE3JQ PUR 1eLUIOU JO syuswiubisse apow jeuoneiqia pue syead (SY3S) Bulieyeds uewel padueyus-aoensg T aigel

'80US217 PaNoduN '€ [ RJBWWODUON-UO NG LMY suowiwoD aaieas) e sopun pasusol|stapnesiyl |IIETEEL (o)
"INV L€'GZ'6 9202/8T/Z U0 papeo|umod "9Z0z Afenuer 8z Uo paus!idnd 8oy ss00y usdo

Nanoscale Adv., 2026, 8, 1197-1212 | 1203

© 2026 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5na00890e

Open Access Article. Published on 28 January 2026. Downloaded on 2/18/2026 9:25:37 AM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Nanoscale Advances

HER2-enriched subtype

HER2-positive spectra revealed prominent peaks at 1062, 1171,
and 1461 cm ™" (Table S3).**55 These features correspond to
C-C skeletal modes, CH, bending in proteins, and ring
stretching vibrations in amino acids. The HER2 spectra notably
lacked the 892 and 1112 cm™ ' peaks present in TNBC, sug-
gesting differing structural motifs in the extracellular matrix or
membrane-associated proteins.*®**>”

Luminal A (LUMA) subtype

LUMA spectra featured a distinct 1172 em ™' peak, which is
assigned to CH, bending in proteins (Table S4).*® This peak's
presence suggests a specific protein configuration not observed
in TNBC. Other peaks such as 1062 and 1297 cm ™" were also
present but with lower intensity.*>*%**>” These spectral signa-
tures indicate subtle differences in protein folding and lipid
content.

Luminal B (LUMB) subtype

LUMB shared the 1172 cm ™" protein bending peak*® with LUMA
but also exhibited bands at 1109 and 1461 cm ™" (Table S5),
implying a unique vibrational pattern.*****>%” The co-
occurrence of these peaks suggests a hybrid molecular envi-
ronment, potentially reflecting the intermediate clinical
behaviour of this subtype.

View Article Online
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The comprehensive comparison of subtype-specific spectral
shifts is summarized in Table S6 and Fig. S2. TNBC and HER2
subtypes displayed the most distinct profiles, while LUMA and
LUMB shared some overlapping features. These vibrational
differences, particularly in protein- and lipid-associated bands,
form the basis for successful classification using PCA and LDA
models. The variables contributing most strongly to classifica-
tion are highlighted in the SI.

Our findings affirm the potential of Ag/Ni/NiO nanowire-
based SERS substrates in discriminating between breast
cancer subtypes through non-destructive, label-free detection of
biochemical changes. These insights are further detailed in
Supplementary Tables S1-S6 and Fig. S2

Vibrational band assignments are presented as putative
biochemical associations based on prior experimental and DFT-
supported validation of the Ag/Ni/NiO nanowire SERS substrate
and established Raman literature, rather than as definitive
molecular identifications.

Fig. 9 shows a stacked overlay of SERS peak positions across
breast cancer subtypes and demonstrates that SERS captures
both shared oncogenic features and subtype-specific biochem-
ical alterations across breast cancer phenotypes. These results
underscore the power of SERS as a label-free, molecularly
sensitive diagnostic approach capable of differentiating breast
cancer subtypes based on their unique vibrational fingerprints,
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Stacked overlay of SERS peak positions across breast cancer subtypes (TNBC, HER2-enriched, Luminal A, and Luminal B).
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with strong potential for early detection, precise classification,
and support of personalized therapeutic strategies.

Discriminant model performance and classification metrics

To evaluate the capability of SERS Raman spectroscopy in
differentiating normal breast tissue from various molecular
subtypes of breast cancer, a classification model based on
Principal Component Analysis followed by Linear Discriminant
Analysis (PCA-LDA) was implemented. This multivariate
approach reduces data dimensionality while preserving relevant
spectral information and enables supervised classification to
optimize class separation. PCA was initially applied to trans-
form the original, highly correlated spectral variables into
orthogonal components, thereby minimizing noise and redun-
dancy. These principal components were then used as input for
LDA, which identifies the linear combinations that best sepa-
rate the predefined classes.

The PCA-LDA model was employed to classify Raman spec-
tral data into cancerous and non-cancerous categories, as well
as to discriminate among breast cancer molecular subtypes,
including Luminal A, Luminal B, HER2-enriched, and Triple-
Negative Breast Cancer (TNBC). A total of 31 averaged spectra
were analyzed, comprising normal tissue (control, n = 6),
Luminal A (n = 8), Luminal B (n = 5), HER2-positive (n = 4), and
TNBC (n = 8). To assess the primary distinction between
malignant and non-malignant samples, a binary classification
was first performed using MATLAB. Although multiple spectra
were acquired per tissue section, all statistical analyses were
performed at the patient level using averaged spectra to reduce
pseudo-replication and limit overfitting.

As shown in Fig. 10(a), the LDA projection onto the first two
discriminant axes reveals a clear separation between cancerous
and control spectra, with distinct clustering primarily along the
LD2 axis. Dimensionality reduction, facilitated by the preceding

) . . d) o
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Fig. 10 Linear discriminant analysis (LDA) plots showing class sepa-
ration based on SERS spectral data for different breast cancer subtypes
and conditions. (a) Distribution between cancerous (CANCER) and
normal (NORMAL) tissue samples. (b) Separation between luminal
(LUMINAL) and non-luminal (NONLUMINAL) breast cancer subtypes.
(c) Discrimination between HER2-positive (HER2) and non-HER2
(NONHER) groups, primarily along the LD1 axis. (d) Classification
between triple-negative breast cancer (TNBC) and non-TNBC
(NONTNBC) samples.
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PCA step, enhanced both visualization and interpretability of
class differences. To reduce the risk of overfitting and to provide
a more conservative estimate of model performance, classifi-
cation was evaluated using stratified k-fold cross-validation
performed at the patient level, ensuring that all spectra from
a given patient were confined to a single fold; detailed valida-
tion results, including confusion matrix and ROC curves across
repeated cross-validation runs, are provided in Figs. S2 and 3.
The PCA-LDA model exhibited outstanding discriminate
capability, achieving and overall classification accuracy of 99%
(TP + TN)
(TP + FN) + (FP + TN)
normal spectra (n = 6) were correctly clasified, yielding a sensi-

. TP i TN
tivity ———— of 99% and specificity ———
TP + FN TN + FP

denotes true positives, TN true negatives, FP false positives, and
FN false negatives.*®

These findings highlight the robustness of the PCA-LDA
approach for reliable classification of complex SERS spectral
data and underscore its potential for diagnostic applications in
breast cancer.

The PCA-LDA model was also applied to differentiate
between luminal (Luminal A and Luminal B) and non-luminal
(HER2-enriched and TNBC) breast cancer subtypes. As shown
in Fig. 10(b), the linear discriminant projection resulted in
a clear separation between the two groups along the LD1 axis,
with minimal overlap. Classification performance was evalu-
ated using standard metrics. The model achieved an overall
accuracy of 99%, correctly classifying all samples into their
respective luminal and non-luminal categories. Sensitivity and
specificity were both 99%, indicating perfect classification of
luminal cases (true positives) and non-luminal cases (true
negatives).

The PCA-LDA model was further applied to distinguish
HER2-enriched breast cancer cases from non-HER2 subtypes
(Luminal A, Luminal B HER2-, and TNBC). As shown in
Fig. 10(c), the projection onto the first two linear discriminants
reveals a clear and complete separation between the HER2-
positive and non-HER2 groups, primarily along the LD1 axis,
with no observed overlap. This distinct separation reflects the
unique molecular and biochemical profile of HER2-enriched
tumors, particularly the overexpression of ERBB2 and associ-
ated signaling pathways. The classification model again

All cancerous spectra (n = 25) and
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Fig. 11 2D LDA visualization of spectral signatures from breast cancer
tissue samples using Python.
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achieved an overall accuracy of 99%, correctly identifying all
HER2-positive (n = 4) and non-HER2 (n = 21) spectra. Sensi-
tivity and specificity were both 99%, confirming the model's
ability to reliably detect HER2 status based on SERS spectral
signatures.

Fig. 10(d) shows the projection onto the first two linear
discriminants, which reveals a clear and complete separation
between the TNBC and non-TNBC groups, primarily along the
LD1 axis, with no observed overlap between the two classes.
This distinct separation reflects underlying molecular and
biochemical differences between TNBC and other breast cancer
subtypes. The classification model achieved an overall accuracy
of 99%, correctly identifying all TNBC (n = 8) and non-TNBC (n
= 18) samples. Sensitivity and specificity were both 99%, con-
firming the model's robustness in discriminating TNBC based
on the input spectral and molecular features.

Multiple platforms were utilized for comparative analysis
and visualization, including Python (scikit-learn), MATLAB, and
OriginLab.

In Python, LDA was performed using the Line-
arDiscriminantAnalysis class from the scikit-learn library,
reducing the feature space to two linear discriminants (LD1 and
LD2). The resulting 2D scatter plot (Fig. 11) illustrates distinct
separation among the five breast tissue classes: Normal (blue),
TNBC (orange), HER2 (green), LUMA (red), and LUMB (purple).
Each point represents a sample projected into the LDA space,
with 95% confidence ellipses indicating class-specific distribu-
tions. HER2 samples are well separated along LD1, while TNBC
and normal samples cluster distinctly in the upper right
quadrant. LUMA and LUMB show some overlap along LD2 but
remain largely distinguishable, demonstrating LDA's effective-
ness in preserving class-specific variance for subtype
classification.

As shown in Fig. 11, the projection onto the first two linear
discriminants (LD1 and LD2) reveals a well-defined separation
among all five groups: Normal, TNBC, HER2, Luminal A
(LUMA), and Luminal B (LUMB). The spatial distribution of
each class, combined with the non-overlapping confidence
ellipses, indicates excellent model performance in di-
stinguishing breast cancer subtypes from normal tissue. The

0.5

LD2

-0.5

-6 5 -4 -3 -2 -1 0 1 2
LD1

Fig. 12 2D LDA visualization of spectral signatures from breast cancer
tissue samples using MATLAB.
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classification model achieved an overall accuracy of 99%,
correctly assigning each sample to its respective group. Both
sensitivity and specificity reached 99% for all classes, confirm-
ing the robustness of the discriminant model in identifying
subtle spectral variations and molecular signatures character-
istic of each subtype.

The close proximity of LUMA and LUMB in the LDA plot can
be explained by their overlapping molecular signatures revealed
through SERS analysis. Both subtypes share the prominent
1172 em™* peak, attributed to CH, bending in proteins, indi-
cating a similar protein folding motif absent in TNBC.** While
LUMA spectra also include peaks at 1062 and 1297 cm ™" asso-
ciated with protein and lipid content these features are rela-
tively subtle and of lower intensity.*>****3” LUMB, meanwhile,
exhibits additional peaks at 1109 and 1461 cm ', suggesting
slightly different vibrational characteristics.*******” However,
the shared presence of key protein-related bands and the partial
overlap in lipid-associated vibrations imply a degree of
biochemical similarity between these two subtypes.

To validate and enhance the interpretability of the results,
MATLAB was used to construct an LDA pipeline based on
manually computed within-class and between-class scatter
matrices. Fig. 12 presents a 2D LDA scatter plot from this
analysis, showing similar class clustering patterns with clearly
distinguishable subtypes. This MATLAB implementation also
enabled the export of linear discriminant coordinates and class
labels for further analysis.

Fig. 13 displays a corresponding LDA plot generated in Ori-
ginLab, following PCA-based dimensionality reduction. This
visualization likewise highlights clear group separation, with
minimal overlap among the five subtypes: HER2 (green),
Normal (black), TNBC (red), LUMA (blue), and LUMB (cyan),
reinforcing the robustness of the PCA-LDA pipeline in extract-
ing meaningful spectral distinctions.

This work represents a pilot study. The cohort size was
limited, with smaller numbers in HER2 and Luminal B
subtypes, which restricts statistical power and generalizability.
Accordingly, the reported classification performance reflects
internal feasibility rather than definitive clinical accuracy. The
primary contribution of this study is the demonstration that

NORMAL|
TNBC
® HER
LUMA

® LUMB

LD2

0.54

0.04 Leleled

T T T T T T T

0 5 10 15 20 25 30
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Fig. 13 2D LDA visualization of spectral signatures from breast cancer
tissue samples using OriginLab.
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reproducible, subtype-associated biochemical fingerprints can
be obtained from FFPE breast tissue using Ag/Ni/NiO nanowire-
based SERS. These findings establish a foundation for future
studies incorporating larger, prospectively powered cohorts and
independent external validation.

The robust classification performance observed in the PCA-
LDA models from distinctive Raman spectral features that
characterize each breast cancer subtype. For instance, TNBC
samples displayed unique and consistently high-intensity peaks
at 892, 1065, 1112, 1135, and 1297 cm ™, primarily associated
with C-C stretching in polysaccharides and protein backbone
vibrations. These spectral markers were either absent or
significantly weaker in other subtypes, enabling the model to
clearly separate TNBC from HER2-enriched and luminal types.
In contrast, HER2-enriched spectra lacked the 892 and
1112 cm ' peaks, reflecting a reduced presence of certain
structural protein and carbohydrate components. The absence
of these peaks served as strong negative discriminants,
enhancing the classification accuracy of HER2 against TNBC
and LUMB. Principal Component Analysis (PCA) followed by
Linear Discriminant Analysis (LDA) was performed using
a combination of Python, MATLAB, and Origin, ensuring
consistency and cross-validation of results across platforms.

Furthermore, subtle but significant differences between
luminal subtypes also contributed to the model's high
discriminative power. Both LUMA and LUMB exhibited a peak
at 1172 cm ™', associated with CH, bending in proteins, but
LUMB showed this peak more prominently, along with
moderate contributions from lipid- and nucleic acid-related
peaks at 1002 and 1446 cm™~'. LUMA, meanwhile, was charac-
terized by sharper and more intense peaks at 750, 1002, and
1446 cm ™, suggesting a more defined biochemical profile with
high lipid and nucleic acid content. These nuanced variations
were successfully captured by PCA and further separated by LDA
into distinct, non-overlapping clusters. The use of multiple
analytical platforms allowed for robust multivariate modeling,
reproducible spectral interpretation, and high accuracy in
breast cancer subtype classification.

Previous studies have successfully demonstrated the poten-
tial of SERS combined with silver-based nanostructures for
breast cancer detection using clinical samples. For instance,
Wang et al. (2024)*° utilized Ag nanoparticles (50-60 nm) to
acquire fingerprint SERS spectra from fine needle aspiration
(FNA) samples, achieving high diagnostic sensitivity and spec-
ificity through machine learning models such as PCA-LDA, PLS-
DA, and SVM. Similarly, Lyng et al. (2021)*® compared SERS and
conventional Raman spectroscopy using serum samples and
reported that SERS provided higher sensitivity, specificity, and
area under receiving operating curve values for classifying
different breast cancer stages. While these studies highlight the
diagnostic power of SERS using silver nanoparticles, our work is
the first to employ Ag/Ni/NiO nanowires as the plasmonic
substrate. The elongated geometry of nanowires offers a higher
surface area and enhanced electromagnetic and improved
molecular sensitivity. This novel substrate choice could repre-
sent a significant advancement in SERS-based breast cancer
diagnostics, especially in distinguishing subtypes at the

© 2026 The Author(s). Published by the Royal Society of Chemistry
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molecular level. While immunohistochemical and molecular
assays remain the clinical gold standard for breast cancer®>*
subtyping, the present study demonstrates that Ag/Ni/NiO
nanowire-based SERS can capture subtype-specific biochem-
ical signatures in agreement with pathology-defined classifica-
tions, supporting its potential role as a complementary, label-
free diagnostic tool.

Experimental

Materials

Sodium chloride (NaCl), ethylene glycol (EG, (CH,OH),), silver
Nitrate (AgNOj;), polyvinylpyrrolidone (PVP, Mw = 55 000),
ethanol (C,HeO, EtOH), diethyl hydroxylamine (DEHA,
C,H;;,NO), hydrazine (N,H,), and nickel(u) nitrate hexahydrate
(Ni(NO3),-6H,0) were all purchased from Sigma-Aldrich.
Deionized water was used throughout the entire experiments.

Preparation of silver nanowires (AgNWs) and silver nanowires
with nickel coating (Ag/Ni/NiO NWs)

Silver nanowires (AgNWs) were synthesized using a modified
polyol reduction method, in which silver nitrate (AgNO3) was
reduced by ethylene glycol, serving both as the solvent and
reducing agent, in the presence of polyvinylpyrrolidone (PVP) as
a stabilizer. The reaction conditions including temperature,
stirring rate, and the PVP-to-AgNO3 ratio were optimized to
produce uniform, high-aspect-ratio nanowires, as described by
Hernandez Cedillo et al.*>* Subsequently, Ag/Ni/NiO nanowires
were fabricated by coating the as-prepared AgNWs with a thin
nickel layer. This approach, as demonstrated by Hernandez
Cedillo et al., promotes the formation of a well-defined struc-
ture with improved stability and functional properties.

Sample collection and preparation

Breast tissue samples were sectioned into 5-micron slices and
mounted onto aluminum substrates at room temperature.
Tissue sections were collected from 31 patients, including
controls (n = 6), luminal A (LUMA, n = 8), luminal B (LUMB, n =
5), HER2-enriched (HER2-, n = 4), and triple-negative breast
cancer (TNBC, n = 8) for measurement and analysis. These
samples were obtained from the University of Nebraska Medical
Center Department of Pathology, Microbiology, and Immu-
nology Tissue Services Facility (TSF) with ethical approval for
de-identified samples, as well as from commercial sources.

All experimental protocols were reviewed and approved by
the respective institutional review boards of the collaborating
institutions, in accordance with relevant ethical guidelines and
regulations. Biological materials were collected anonymously,
as specified in the approved ethics documentation. Informed
consent was obtained from all participants under the oversight
of the University of Nebraska Medical Center Department of
Pathology, Microbiology, and Immunology. This study was
designed as a pilot feasibility investigation using retrospectively
available FFPE breast tissue specimens to assess the technical
performance and discriminatory potential of Ag/Ni/NiO

Nanoscale Adv., 2026, 8, 1197-1212 | 1207
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nanowire-based SERS prior to larger, powered validation
studies.

For the SERS experiments, 50 pL of Ag/Ni/NiO nanowires
were deposited onto an aluminum substrate and allowed to dry
at room temperature, ensuring proper adhesion. Once the
substrate was prepared, a section of either breast cancer or
normal tissue was carefully placed on top of the nanowire-
coated surface for analysis.

Raman spectroscopy

Raman spectroscopy was conducted using an XploRA™ PLUS
MicroRaman Spectrometer (Horiba), equipped with a laser
output of approximately 20 mW and a diffraction grating of
1800 grooves/mm for spectral acquisition. To minimize photo-
damage to the analyte, a 638 nm laser filtered to 10% intensity
was directed through a 50x objective lens, producing a focused
beam spot with a diameter of approximately 2 pm. Spectral data
were collected in the 400-1800 cm ™' range, using 10 accumu-
lations per measurement with an integration time of 10 seconds
per acquisition.

For each sample, spectra were obtained from three distinct
regions, yielding in nine spectra per sample. A total of 837 SERS
spectra were collected and pre-processed using polynomial
baseline correction, smoothing, and noise reduction prior to
averaging.

Data analysis using statistical methods

To analyze the Raman spectra obtained from breast tissue
samples, including normal tissue (NT) and the molecular
subtypes Luminal A, Luminal B, HER2-enriched, and Triple-
Negative Breast Cancer, a discriminant classification model
based on Principal Component Analysis followed by Linear
Discriminant Analysis (PCA-LDA) was employed. The PCA-LDA
approach offers several advantages for high-dimensional data-
sets such as Raman spectra, gene expression profiles or medical
imaging data. PCA reduces model complexity by removing non-
informative variation (noise) while preserving the most relevant
variance. This dimensionality reduction is especially beneficial
for biological datasets, which typically involve a large number of
variables and a limited number of samples, thereby mitigation
the risk of overfitting.

Moreover, since LDA assumes that input variables are
uncorrelated, a condition seldom met in biological data, PCA is
first applied to transform the correlated original variables into
orthogonal principal components. This preprocessing step
enhances the performance and robustness of the LDA classifier.
The combined PCA-LDA model also enables two-dimensional
visualization of the data, facilitating maximal class separation
and aiding in clinical interpretation.®**

The analysis was conducted in several stages. Initially,
a binary classification (cancer vs. normal, luminal vs. Non-
Luminal, HER2-enriched vs. Non-HER2-enriched, and TNBC
vs. Non-TNBC) was performed to distinguish cancerous tissues
(Luminal A, Luminal B, HER2-enriched, and TNBC) from non-
cancerous NT samples using MATLAB's discriminant analysis
functions. Subsequently, a multiclass classification was applied
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to the cancerous subtypes to evaluate their biochemical and
molecular distinctions. In particular, the luminal group
(Luminal A and Luminal B) was compared to the non-luminal
group (HER2-enriched and TNBC) to differentiate hormone-
dependent tumors from more aggressive, less differentiated
forms.** Further analysis compared HER2-enriched samples
with non-HER2-enriched subtypes (including Luminal A,
Luminal B, and TNBC), anticipating distinctive molecular and
clinical profiles driven by HER2-enriched (ERBB2) over-
expression, which is known to correlate with increased prolif-
eration and tumor aggressiveness.*>*°

Finally, TNBC was compared with non-TNBC subtypes
(Luminal A, Luminal B, and HER2-enriched). TNBC is known to
exhibit distinct biochemical and molecular characteristics,
including elevated Raman band intensities associated with
disordered proteins, nucleic acids (DNA/RNA), and phosphate
groups indicative of high mitotic activity. It also displays
diminished lipid-associated signals, reflecting reduced cellular
differentiation, alongside enhanced features corresponding to
proteins, nucleic acids, and active cellular membranes.®”

All spectral processing was conducted using Python
(v3.13.2), MATLAB (R2023b), and OriginLab (2024) to ensure
consistency and robustness across analytical platforms. Prin-
cipal Component Analysis (PCA) was used for unsupervised
dimensionality reduction to identify variance within the spec-
tral data, followed by Linear Discriminant Analysis (LDA) for
supervised classification of tissue types.

In Python, PCA and LDA were performed using the scikit-
learn library, with pandas and numpy for data handling, and
matplotlib and seaborn for data visualization. In MATLAB, the
within-class scatter matrix (Sy) and between-class scatter matrix
(Sp) were computed, and the generalized eigenvalue problem
Spv = AS,,v was solved to obtain discriminant vectors, where v
represents the eigenvectors and A the corresponding eigen-
values. LDA was also performed in OriginLab 2024 using its
built-in multivariate analysis tools. A PCA step was included
prior to LDA in all platforms to stabilize the classification space
and improve model performance.

Conclusions

The present report is a pilot study of breast cancer detection
using a combination of a new reliable Ag/Ni/NiO nanowire
substrate (previously developed),*® combined with machine
learning analysis that overcomes many limitations of SERS
analysis. We demonstrated the effectiveness of these Ag/Ni/NiO
nanowire substrates in enabling accurate, label-free differenti-
ation of breast cancer subtypes using formalin-fixed tissue
samples. We successfully discriminated between luminal A
(LUMA), luminal B (LUMB), HER2-enriched, and triple-negative
breast cancer (TNBC), as well as from normal tissue, based on
their distinct biochemical signatures. In this study, we report
sensitivity, specificity, and LOD values combined with high
reproducibility that are within the accepted parameters for
a successful clinical trial.

Distinct spectral differences were observed among the
various breast cancer subtypes that provide clues to the

© 2026 The Author(s). Published by the Royal Society of Chemistry
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understanding of cancer growth mechanisms. Triple-negative
breast cancer (TNBC) exhibited unique peaks at 892, 1065,
1112, 1135, and 1297 cm ™', corresponding to C-C stretching in
polysaccharides and protein-related vibrations, indicative of its
metabolic and structural heterogeneity. HER2-enriched tissues
lacked signals at 892 and 1112 cm™?, suggesting a reduced
contribution from specific protein and carbohydrate compo-
nents. Luminal B (LUMB) tissues showed a distinct peak at
1172 em ™', also present in luminal A (LUMA), associated with
CH, bending in proteins, but differed in the relative intensities
of nucleic acid- and lipid-associated peaks (e.g., 750, 1002, and
1446 cm 1), reflecting differences in molecular composition.
LUMA spectra were characterized by sharp nucleic acid and
lipid peaks, consistent with lower proliferation rates and more
stable molecular profiles.

This work shows that by using a reliable SERS substrate and
mapping and averaging the spectra, it is possible to eliminate
variations in different regions of the sample and obtain a spec-
tral fingerprint of the cancer. We have shown that the spectra of
different types of cancer are very distinct. The next logical step
will be to look for those fingerprints in samples such as saliva or
plasma and advance in the development of a breast cancer test
that can be approved by the regulating authorities and make its
way to the market. Raman spectroscopy analysis can take very
short times, and it is capable of identifying cancer biomarkers.
At present, there are no point-of-care cancer tests that will help
to save many lives. The road to develop those tests is still long.
However, we believe that this study provides a very solid step
towards that goal.
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