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Abstract

Surface-Enhanced Raman Spectroscopy (SERS) has emerged as a powerful analytical plat-
form for breast cancer (BC) detection, offering ultrasensitive, multiplexed, and label-free
molecular recognition. However, despite the rapid expansion of the field, no prior study
has combined quantitative bibliometric mapping with a cluster-validated technical and
translational synthesis, limiting a comprehensive understanding of the field’s structure,
evolution and clinical projection. In this review, a PRISMA-guided bibliometric analysis
was conducted; 199 articles on SERS-based BC detection (2016-2025) were retrieved from
SCOPUS, Web of Science and Google Scholar, mapping publication trends, keyword co-
occurrence networks (VOSviewer), and Multiple Correspondence Analysis (MCA) with
hierarchical clustering on principal components. The results reveal sustained growth in
scientific output, led by Asia, North America, and Europe. The 20 most-cited articles (271
citations maximum) showed a shift from substrate optimization toward Al-assisted liquid
biopsy platforms. MCA identified five clusters, corroborated by the co-occurrence net-
work: (1) nanostructured platforms for diagnosis; (2) biofunctionalization strategies; (3)
liquid biopsy approaches targeting exosomes, circulating tumor cells, and alternative bi-
ofluids; (4) diagnostic interpretation based on chemometrics, machine learning (ML) and
artificial intelligence (Al); and (5) translational achievements in preclinical and clinical
studies. Each cluster was anchored by a technical sub-analysis of its landmark studies, an
integration largely absent from prior SERS reviews. This framework clarifies the field’s
trajectory and positions SERS as a key technology for non-invasive, personalized diagnos-
tics in precision oncology.
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1. Introduction

Breast cancer (BC) is the most frequently diagnosed malignancy among women world-
wide and remains a leading cause of cancer-related mortality [1]. Current epidemiological
data report more than 2.4 million new cases annually globally, accounting for nearly 19% of
all cancer deaths in women [2]. Despite significant advances in screening and therapeutic
strategies, the global problem of BC continues to rise, underscoring the urgent need for
diagnostic technologies that are sensitive, accurate, and non-invasive, capable of improv-
ing early detection and guiding personalized treatment.

Conventional diagnostic methods, including mammography, ultrasound, magnetic
resonance imaging (MRI), and histopathological biopsy, have long served as the clinical
standard. While these approaches are effective, they are constrained by radiation expo-
sure, invasiveness, high costs, and reduced sensitivity in certain patient populations, par-
ticularly women with dense breast tissue [3-5]. Complementary biochemical assays tar-
geting biomarkers such as HER2, CA15-3, estrogen receptor (ER), and progesterone re-
ceptor (PR) provide valuable molecular insights [6]. However, these assays often lack suf-
ficient sensitivity and specificity for early-stage disease, limiting their utility as individual
diagnostic modalities capable of bridging the gap between imaging and molecular profil-
ing.

Raman spectroscopy offers one such approach; it is a non-destructive vibrational
spectroscopy based on inelastic scattering of monochromatic light, in which the energy
change between incident and scattered photons corresponds to specific molecular vibra-
tional modes. This produces a highly specific “molecular fingerprint” capable of identify-
ing biomolecules such as proteins, lipids, and nucleic acids without the need for labeling.
However, the Raman scattering cross-section is intrinsically small, resulting in a very low
ratio of scattering to excitation photons. In practice, only about one in 106-108 incident
photons undergo Raman scattering [7,8]. This weak signal is further compounded by a
strong autofluorescence background in biological matrices, which together limit the sen-
sitivity of conventional Raman spectroscopy for the detection of trace-level analytes in
complex biofluids.

To overcome this limitation, SERS employs an active plasmonic substrate, typically
composed of noble-metal nanostructures such as gold (Au) nanoparticles (NPs, AuNPs)
or silver (Ag) NPs (AgNPs), that amplify the Raman signal by several orders of magnitude,
in some cases achieving up to 10*-fold enhancement [9]. This enhancement arises from
two complementary mechanisms. The electromagnetic mechanism (EM) accounts for the
main contribution and originates from the excitation of localized surface plasmon reso-
nance (LSPR) on the nanostructure surface. In this mechanism, when analyte molecules
are positioned within nanoscale gaps or sharp geometric features (“hotspots”), the local
electromagnetic field intensifies dramatically, amplifying both incident and scattered light.
The chemical mechanism (CM), although generally of smaller magnitude, arises from
charge-transfer interactions between the adsorbed analyte and the metal surface that mod-
ify the polarizability of the adsorbed molecule and further contribute to signal enhance-
ment. The synergistic interaction of EM and CM defines the overall enhancement factor
(EF) of a given SERS substrate, and optimizing this interaction through nanostructure de-
sign remains a central strategy to improve detection sensitivity. Together, fluorescence
quenching, diffraction spatial resolution, and EFs sufficient to enable single-molecule de-
tection have positioned SERS as a substantially more sensitive alternative to conventional
Raman spectroscopy for biomarker analysis for BC detection [10].

A wide spectrum of biomarkers has been investigated using SERS, including proteins
(HER2, EpCAM, CD44) [11-14], nucleic acids (microRNAs (miRNAs), telomerase activity)
[15-17], extracellular vesicles (exosomes) [18-20], and metabolites. These targets have
been analyzed across diverse sample types such as tissues [21], blood [22], serum [23],
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plasma [24], urine [25], tears [26] and nipple discharge [27], enabling both invasive and
non-invasive diagnostic strategies. Recent advances have further integrated SERS with
microfluidic chips [28,29], aptamer-based biosensors, ratiometric probes [30,31], ML [32-
35] and Al algorithms [36-38], facilitating high sensitivity, multiplexing [34,39—42], and
real-time clinical applications [43].

In this context, our review provides an integrated, evidence-based bibliometric syn-
thesis of global research on SERS breast cancer detection. As illustrated in Figure 1, the
review follows a structured workflow combining bibliometric analysis, keyword map-
ping, and Multiple Correspondence Analysis with hierarchical clustering on principal
components (HCPCs) to identify five core thematic domains, which are then examined
through a critical, cluster-level technical and clinical synthesis. Within this framework, we
map publication trends, geographic distribution, highly influential studies, and emerging
research directions; critically examine the evolution of plasmonic nanoarchitectures and
biosensor designs and their relationship to conventional Raman spectroscopy; and evalu-
ate their application across diverse biomarkers and biological samples. This integrated
framework aims to clarify the current maturity of the field and to identify the methodo-
logical, technological, and regulatory priorities required to advance SERS from experi-
mental breast cancer models toward reproducible, clinically applicable diagnostic tools.

Several reviews have addressed SERS in the context of cancer diagnostics, liquid bi-
opsy, biomarker detection, bioimaging, microfluidics, and theranostics [44-51]. However,
a structured comparison of the relevant literature reveals that only a limited number of
reviews focus specifically on breast cancer, and even fewer consider SERS as their primary
analytical approach [44—47]. Reviews dedicated to breast cancer have largely concentrated
on liquid biopsy biomarkers, onco-miRNAs, or plasmonic biosensors. In contrast, broader
reviews on SERS explore multiple diseases, biomarker types, material systems, or thera-
peutic applications [48,49,52]. While these contributions provide valuable technical per-
spectives, they generally organize evidence according to biomarkers, detection modalities,
or applications, without systematically linking nanoarchitecture design to analytical per-
formance, methodological robustness, and clinical translation.

Table S1 in the Supplementary Material summarizes these contributions. Neverthe-
less, none of the identified reviews integrate bibliometric mapping with a functional com-
parison of SERS nanoarchitectures and a critical evaluation of validation quality, repro-
ducibility, machine learning, and clinical feasibility. The present review addresses this
gap by systematically linking nanoarchitecture-dependent amplification and detection
functions to biological targets, analytical performance, evidence quality, and translational
viability.
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Figure 1. Review workflow for SERS-based breast cancer detection: bibliometric analysis, keyword
mapping, MCA/HCPC clustering, and thematic domains.

2. Methods
2.1. Data Collection

Data were retrieved from three databases: Scopus, consulted on 3 March 2026, com-
plemented by Web of Science (WoS) and Google Scholar (GS) on 20 August 2026, covering
publications from 2016 to 2025 (Tables S2-54 in the Supplementary Material). A structured
search strategy was designed using Boolean operators (AND, OR) and the keywords
breast cancer, SERS, diagno*, and detection. The search was restricted to research articles
published in English.

For Scopus, the final query was (TITLE-ABS-KEY (breast cancer)) AND (TITLE-ABS-
KEY (SERS RAMAN)) AND (TITLE-ABS-KEY (DIAGNO* OR DETECTION)) AND
PUBYEAR > 2015 AND PUBYEAR < 2027 AND (LIMIT-TO (DOCTYPE, “ar”)) AND
(LIMIT-TO (LANGUAGE, “English”)), constructed using the “Combine queries” tool.
This search yielded 231 records, from which bibliographic information, abstracts, and au-
thor/index keywords were exported in CSV format for subsequent analysis. After apply-
ing predefined inclusion and exclusion criteria, 196 articles were retained for qualitative
synthesis and bibliometric analysis.

In GS, the advanced search tool was applied with the terms breast cancer, SERS, di-
agnosis, diagnostic, and detection, using “SERS Raman” as an exact phrase. The query
returned 29 documents, of which eight met the inclusion criteria; however, four were du-
plicates of Scopus records, and one was repeated in the same search.
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For WoS, the “combine queries” tool was used with the following structure: #1 (TI =
breast cancer), #2 (TI=SERS), #3 (T1= detection), #4 (T1=diagno®), #5 (#3 OR #4). The final
query was (#1 AND #2 AND #5) AND (DT == “ARTICLE” AND LA == “ENGLISH"),
yielding 34 documents, including 28 duplicates from Scopus and 6 unique articles.

To ensure transparency, reproducibility and methodological rigor, the study selec-
tion process followed the four PRISMA phases—identification, screening, eligibility, and
inclusion—as observed in Figure 2.
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Z

©1 | Records identified  from Duplicate records removed
g databases (n = 294) (n = 33)

= Scopus n = 231 > Scopus n=20
= Webof sclence n =34 Web of science n = 28
5 Google scholar n=29 Google scholar n =5
e

g Records excluded by
2 titles/abstract (n = 56)
W Records screened (n = 261) —» Scopus n=35
w

<4 Web of science =0

8 Google scholar n = 21
>

= ) Records excluded (n = 2)
= Full-text articles assessed

st for eligibility —> . _

O (n = 205) Not articles n=1
Ty Not BC n=35
w

Studies included in review
(n =199)

@)
w
o
=)
=1
O
=

Figure 2. PRISMA-based study selection for SERS breast cancer detection review.

2.2. Data Processing for Performance Metrics

OriginPro 2021 (OriginLab Corporation, Northampton, MA, USA) was employed to
process numerical data, including the geographical distribution of scientific production
(number of papers published per country and per year). For this evaluation, the aim was
to capture the general trend of the data; therefore, 227 original articles (after excluding
reviews) from the CSV file retrieved from the Scopus search were used as the primary
dataset. Linear regression analysis was applied to fit the publication trend, yielding the
equation of the form y = mx + b, where y represents the response variable (number of
published papers), x denotes the year, m corresponds to the slope (describing the rate of
increase in publications), and b is the intercept. This approach allowed quantification of
the temporal trend and assessment of the growth trajectory of research output.

To assess academic prominence and get a comprehensive overview of the research
landscape, the top 20 most-cited articles on the topic were systematically identified for
targeted analysis. Core bibliographic data, including titles, authors, publication years, and
journals, were extracted from the Scopus database, along with cumulative citation metrics.
Additionally, to evaluate the institutional and academic reach of these landmark studies,
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the respective Journal Impact Factors (JIFs) were cross-referenced using data retrieved
from the official publisher platforms.

2.3. Bibliographic Mapping and Network Visualization Settings (Word Cloud Mapping and
Keyword Co-Occurrence Network Analysis)

Word clouds of keywords and journals were generated using the WordItOut online
platform (WordItOut, Enideo, Antwerp, Belgium; available at worditout.com). For the
keyword cloud, only terms with a frequency greater than three occurrences (>3) were in-
cluded, whereas for the journal cloud, terms with more than one occurrence (= 1) were
considered. In both cases, the “minor” option in the “difference in sizes of words” tool
was applied to adjust the relative scaling of word sizes.

Keyword co-occurrence analysis was done using VOSviewer (version 1.6.20, Leiden
University, Leiden, The Netherlands), a widely recognized tool for bibliometric mapping.
The co-occurrence network was constructed based on keyword frequency (author and in-
dex keywords) extracted from the CSV export file, applying a minimum occurrence
threshold of 25 to reduce noise and enhance interpretability. The resulting network was
visualized using the association strength normalization method, which facilitated the
identification of thematic clusters and their interrelationships. Cluster interpretation was
performed according to keyword composition, and temporal overlay visualization was
employed to highlight emerging research trends within the field.

Bibliometric quantification (word cloud mapping, keyword co-occurrence mapping
and Multiple Correspondence Analysis (MCA)) was restricted to the Scopus-derived da-
tabase to preserve metadata consistency, given that Scopus provides standardized, ex-
portable author and index keyword fields required for these analyses. However, records
retrieved from Scopus, WoS and GS were incorporated into the qualitative cluster the-
matic sections to ensure structural artifacts arising from heterogeneous metadata schemas
across databases, methodological consistency and a broader representation of the scien-
tific landscape related to SERS-based breast cancer detection.

2.4. Multiple Correspondence Analysis (MCA)

MCA was employed to explore relationships among categorical variables, as it is par-
ticularly suited for binary datasets and latent structure identification based on chi-square
distances. The analysis used a curated set of keywords derived from selected articles. Pre-
processing was performed in Power Query (Microsoft Excel, V. 2606, Microsoft Corpora-
tion, Redmond, WA, USA) to merge synonyms and standardize terminology (Table S5 in
the Supplementary Material), while terms appearing in <4 documents were excluded to
reduce sparsity and improve robustness (Table S6 in the Supplementary Material).

A binary presence—absence matrix was constructed (Table S7 in the Supplementary
Material), with rows representing unique publications and columns representing key-
words (1 = presence; 0 = absence). Computations were carried out in RStudio (version 4.x,
Posit Team, Boston, MA, USA), utilizing the ‘FactorMineR’ package for multivariate com-
putational analyses, following the methodological framework of [53] (Table S8 in the Sup-
plementary Material). Dimensionality reduction was achieved by extracting principal di-
mensions that maximize explained inertia. The optimal number of retained dimensions
was determined using eigenvalues, explained inertia, scree plot inspection, and Benzécri’s
correction to adjust for artificial inertia inflation.

Interpretation was based on keyword contributions and spatial distribution in the
factorial plane, with results visualized through two-dimensional factor maps to identify
thematic groupings. To complete the spatial projection, hierarchical clustering on princi-
pal components (HCPCs) further classified publications and keywords into homogeneous
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clusters. Then, MCA patterns were contrasted with co-occurrence network analysis,
providing complementary insights into the structure and evolution of the research field.

Finally, to qualitatively ground and concretize each thematic domain derived from
the HCPC, a targeted sub-analysis was conducted within each cluster. The bibliographic
metadata and core insights of these landmark papers were systematically summarized in
comparative tables and critically analyzed in Sections 3.5-3.9.

3. Results and Discussion
3.1. Bibliometric Review and Macro-Trends Analysis
3.1.1. Geographical Distribution of Scientific Production

Figure 3a illustrates the global distribution of research articles focusing on SERS for
breast cancer detection. The bibliometric analysis reveals a pronounced geographic con-
centration of research activity, with a few key countries driving most of the advancements.
China emerges as the main contributor, accounting for 116 published articles (51.10% of
the total). The United States ranks second with 19 articles (8.37%), followed by South Ko-
rea (12, 5.28%), Canada (11, 4.84%), and India (9, 3.96%). Conversely, nations such as the
United Kingdom (8, 3.52%), Australia (5, 2.20%), and various other European, Middle
Eastern, and Asian countries exhibit moderate to low publication volumes, collectively
representing 20.70% of global production. This distribution suggests that SERS-related re-
search has achieved broad international participation. Nevertheless, the Scopus results
show that China and the United States account for a large share of the publications, indi-
cating their leading role in the generation of scientific output within this research domain.

@ (b)

45

¥ =3.25455r—6554.11 |
Articles

Pearson's r 0.96721 |

Adj. R-Squarc 092743

p —B— Articles
10 4 s Fitted Y of Articles
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Figure 3. (a) Number of articles published per country from 2016 to 2025; (b) fitted linear trend for
annual publications up to 2025; the inset displays the total number of articles published until 6
March 2026.

3.1.2. Annual Publication Trends and Growth (2016-2025)

The evolutionary trajectory of the scientific literature in the SERS and breast cancer
domain from 2016 to 2025 is presented in Figure 3b, while the inset, as a reference, presents
the overall production until 6 March 2026. In Figure 3b, the data exhibits a pronounced,
sustained ascending trend in annual publication volume over the last decade, reflecting
an accelerating global interest in this spectroscopic technique. Starting with 11 publica-
tions in 2016, the research output has more than tripled, reaching 39 articles in 2025. Linear
regression analysis applied to this data produced a strong positive slope, yielding an
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equation indicative of robust and continuous growth in research productivity. The high ad-
justed R-square (R?=0.92743) and Pearson’s correlation coefficient (r=0.96721) demonstrate
a highly positive linear relationship between temporal progression and research publica-
tions. This pattern reflects a sustained increase in scientific output over the study period,
suggesting growing research interest and continued activity in the field. The narrow 95%
confidence and prediction bands further support the stability and statistical predictability
of this publication trend. However, these findings should be interpreted as evidence of
publication growth rather than indicators of scientific maturity, methodological robust-
ness, or readiness for clinical implementation, as such aspects were not formally assessed
in the present study.

Despite minor inter-annual fluctuations, notably the slight declines observed in 2017
and 2021, the overall trend demonstrates a sustained increase in research activity over
time. This continued growth reflects ongoing scientific interest in the application of SERS
for BC research and highlights its exploration as a potential analytical approach for mo-
lecular characterization and detection-related studies. However, publication growth alone
should not be interpreted as evidence of scientific maturity, clinical adoption, or diagnos-
tic effectiveness, as these aspects were not formally assessed in the present study.

3.1.3. Analysis of Highly Cited Documents

The analysis of highly cited documents serves as a robust indicator for identifying
intellectual milestones, novel methodologies, and shifting paradigms that shape a scien-
tific discipline. By evaluating the top 20 most-cited articles within the domain of SERS
applied to breast cancer diagnostics (compiled between 2016 and 2025), a clear transition
from fundamental substrate optimization to highly sophisticated clinical research is ob-
served (Table 1).

The dataset reveals an entirely geographic concentration of high-impact research,
representing the national production trends identified in the previous analysis (Figure 3a).
Of the top 20 significant papers, China accounts for 16 publications, followed by South
Korea (2) and the United States (2). Notably, the study by Shin et al. (2023) published in
Nature Communications has garnered attention owing to its remarkable citation velocity,
accumulating 271 citations in a very short temporal window [38]. This rapid citation high-
lights an immediate global focus on non-invasive technologies and universal cancer
screening platforms.

The distribution of these papers across high-impact journals reinforces the field’s in-
terdisciplinary nature. These publications are classified across distinct scientific subareas
such as multidisciplinary (e.g., Nature Communications, Angewandte Chemie International
Edition), nanotechnology and materials science (e.g., ACS Nano, Advanced Functional Mate-
rials, Nano Letters, Small), biosensing (e.g., Biosensors and Bioelectronics, Talanta, ACS Sen-
sors), and oncology (e.g., Cancer Research).

This publishing distribution demonstrates that while the foundational physics and
material validation of SERS remain deeply related to analytical chemistry and materials
science platforms (with Journal Impact Factor, JIF, ranging from 1.8 to 19.0), clinical vali-
dation and therapeutic translation are penetrating top-level medical and multi-discipli-
nary literature. This advanced growth reinforces SERS as a leading candidate for next-
generation oncological diagnostics.

Regarding the academic structure of these top-cited works, the literature can be clas-
sified into five specific research fronts, which directly validate and anchor the clusters
observed in the VOSviewer and MCA maps (Sections 3.3 and 3.4, respectively):

1. Optimization of Physicochemical Properties in the Plasmonic Surfaces: A significant
number of the highly cited literature is dedicated to overcoming the traditional SERS
limitations of signal reproducibility and intensity through advanced substrate

https://doi.org/10.3390/bios16090511


https://doi.org/10.3390/bios16090511

Biosensors 2026, 16, 511

9 of 80

engineering. The top-cited papers demonstrate that optimizing the morphology,
composition, and spatial arrangement of nanomaterials is critical to creating dense,
reproducible electromagnetic “hotspots”.

Researchers have innovated from simple spherical nanoparticles toward complex,
high-aspect-ratio geometries. For instance, Jimenez De Aberasturi et al. (2016) pre-
sented a branched morphology of gold nanostars to achieve single-cell sensitivity
[54]. Similarly, Eom et al. (2017) demonstrated that sharp-tip geometries in gold
nanobipyramids and engineered “nanogap-rich” structures in gold nanowires pro-
vide superior localized surface plasmon resonance (LSPR), driving detection limits
down to the attomolar level [10].

However, to introduce multifunctionality and enhance chemical stability, authors are
synthesizing multicomponent substrates, such as hybrid substrates. Pang et al. (2016)
developed a dual-function FesOs@Ag core-shell system, utilizing the magnetic iron
core for target enrichment and the silver shell for strong SERS enhancement [17].
Other high-impact configurations combine plasmonic metals with carbonaceous ma-
terials, such as the Au@Ag/graphene oxide platforms engineered by Q. Zhang et al.
(2023) to suppress background noise and improve structural reproducibility [55].
Beyond individual nanoparticles, improving the surface properties has emerged as a
key trend. Ma et al. (2020) achieved significant signal amplification by coupling silver
nanoparticles with a porous silicon Bragg reflector, successfully exploiting the syn-
ergistic effects of photonic bandgap structures and plasmonics [56]. On the other
hand, Lin et al. (2021) optimized the surface chemistry by fabricating super-hydro-
phobic SERS substrates, allowing droplets of clinical serum to concentrate perfectly
on targeted zones, which drastically minimized signal variability during automated
screening [57].

Collectively, these highly cited works establish that the rational design of a sub-
strate’s physicochemical properties is a fundamental enabler for achieving the ultra-
low limits of detection necessary to detect breast cancer biomarkers in real-world
clinical samples.

Multiplexed Nanoprobe and Aptamer Engineering: Achieving the molecular speci-
ficity required to differentiate breast cancer subtypes or heterogeneous cell popula-
tions is a recurring bottleneck. High-impact works have addressed this through so-
phisticated surface biochemical functionalization. Choi et al. (2020) successfully em-
ployed multiplexed targeting using a combination of anti-EpCAM, anti-ErbB2, and
anti-CD44 functionalized nanospheres [58]. Similarly, Q. Zhang et al. (2023) intro-
duced dual-aptamer ratiometric SERS biosensors, proving that multi-target recogni-
tion significantly suppresses false-positive rates and drastically reduces signal varia-
bility [55].

The Liquid Biopsy and Exosomal Frontier: Exosomes and circulating microRNAs
(miRNAs) represent the most prominent sample matrices among the top-cited pa-
pers. Studies like Shin et al. (2023) (271 citations) [38], Lee et al. (2019) (233 citations)
[59], and Xie et al. (2022) (154 citations) [19] underline a major paradigm shift away
from invasive, solid tissue biopsies toward blood-based diagnostics. The literature
demonstrates that isolating, capturing, and profiling serum- or plasma-derived exo-
somes via advanced plasmonic architectures offers an ultra-sensitive, non-invasive
way for early-stage breast cancer screening and postoperative recurrence monitoring.
Artificial Intelligence and Chemometric Convergence: The integration of advanced
computational workflows is a defining characteristic of the most influential papers.
Innovative studies, such as Lin et al. (2021) using deep learning on super-hydropho-
bic SERS substrates [57], and Diao et al. (2023) utilizing machine learning for label-
free exosome classification, demonstrate that raw spectral fingerprints are no longer
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analyzed in isolation [33]. The consensus among highly cited authors is that AI and
chemometrics are mandatory components to resolve the inherent molecular com-
plexity and overlapping spectral bands typical of clinical human samples.

5. Clinical Translation: The clinical translation of SERS is extending into the operating
room and expanding into alternative diagnostic fluids. Wang et al. (2017) in Cancer
Research (98 citations) validated the topical application of SERS nanoparticles for real-
time intraoperative guidance during lumpectomies, allowing surgeons to visualize
tumor margins [60]. On the other hand, Kim et al. (2020) open another path by using
human tears as a completely non-invasive biofluid, demonstrating that SERS can suc-
cessfully discriminate metabolite variations in breast cancer patients using point-of-
care setups [26].

To conduct a comprehensive bibliometric analysis, the articles listed in Table 1 were
evaluated based on their quality, validation studies performed, risk of bias, reproducibil-
ity, and sample size, as summarized in Table 2. A discrepancy was observed between bib-
liometric influence and the limited clinical validation of SERS platforms. Within this sub-
section, technical and preclinical studies reported high sensitivity, in some cases low lim-
its of detection (LOD), and notable improvements in reproducibility. For instance, Lin et
al. [57] and Lee et al. [59] achieved relative standard deviations (RSDs) of 2.3-4.65% by
controlling the coffee-ring effect and ensuring homogeneous hotspot distribution. Like-
wise, Pang et al. [17] and Lee et al. [59] attained femtomolar and attomolar LODs, respec-
tively. However, these results co-existed with reduced effective sample sizes, retrospec-
tive designs, potential spectral pseudo-replication, predominantly internal validation,
and limited assessment of reproducibility across batches, operators, and instruments.
Moreover, EFs, LODs, and RSD values are inherently specific to each platform and de-
scribe its analytical performance, but do not, in themselves, constitute evidence of meth-
odological quality, diagnostic accuracy, or clinical utility. Even the studies with the largest
cohorts [38,57] used test sets drawn from the same selection framework, meaning their
results do not represent fully independent external validation.

This gap was most evident in studies employing artificial intelligence or multivariate
classification approaches. In several works, the large number of spectra contrasted with a
small number of participants, cell lines, or independent biological units, increasing the
risk of pseudo-replication and information leakage. This was particularly apparent in Xie
et al. [19], who generated 8265 spectra from four cell lines, whereas Kim et al. [26] pro-
duced multiple spectra from only 10 participants. When spectra originating from the same
biological unit can be distributed across both training and test sets, there is a risk of
pseudo-replication and information leakage, which may overestimate model accuracy.
The number of spectra should therefore not be interpreted as equivalent to the effective
sample size.

The studies by Shin et al. [38] and Lin et al. [57] represented the most extensive and
methodologically robust evaluations, enrolling 753 and 695 participants, respectively, and
employing test sets separated at the participant level. Nevertheless, these test sets origi-
nated from the same retrospective selection framework, corresponding to held-out inter-
nal evaluations rather than truly independent external validation. Among the remaining
human studies, small sample sizes, internal cross-validation, and extreme case—control
designs predominated. Consequently, the high accuracy, sensitivity, specificity, or area
under the receiver operating characteristic curve (AUROC) values reported should be in-
terpreted as exploratory findings, particularly when not accompanied by confidence in-
tervals, calibration assessment, or geographic, temporal, or prospective validation.

Taken together, Table 2 also shows that studies involving human samples did not nec-
essarily reach the same level of evidence. Some works demonstrated only analytical feasi-
bility using a small number of clinical samples, such as the two-sample study by Zheng et
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al. [61], while others conducted exploratory evaluations involving 10-60 participants
[26,33,55,56,59,62]. Furthermore, the exclusion of mixed tissue regions in Wang et al. [60]
and the predominance of retrospective two-gate designs increased the risk of overly opti-
mistic estimates and limited the representativeness of real-world clinical scenarios.

In addition, cellular, animal, and theranostic studies [10,17,30,54,58,59,63-65] pro-
vided important evidence regarding sensitivity, selectivity, stability, and detection mech-
anisms, but should not be interpreted as diagnostic validations. Their value lies in demon-
strating technical or preclinical feasibility rather than establishing sensitivity, specificity,
or generalizability in patients.

Overall, Table 2 demonstrates that favorable enhancement factors, limits of detection,
and algorithmic accuracies did not necessarily correspond to greater clinical robustness.
The available evidence primarily supports the analytical feasibility and exploratory diag-
nostic potential of SERS. Clinical implementation will require larger effective sample sizes,
participant-level data partitioning, prospective and external cohorts, representative pop-
ulations, confidence intervals, and a more comprehensive assessment of reproducibility
across batches, operators, instruments, and centers.

In summary, the analysis of the 20 most cited papers confirms that SERS-based breast
cancer research has evolved from an isolated material science pursuit into a mature,
highly collaborative translational discipline, covering five interconnected research fronts:
plasmonic substrate optimization, multiplexed biofunctionalization, liquid biopsy plat-
forms, Al-assisted spectral interpretation, and clinical translation. However, the accom-
panying critical judgment reveals that bibliometric prominence does not consistently
align with the rigor of clinical validation. While several high-impact studies achieved
femtomolar to attomolar limits of detection and RSD values below 5%, reflecting genuine
advances in analytical performance, most relied on limited effective sample sizes, inter-
nally validated test sets, and, in Al-assisted studies, spectra-to-participant ratios that raise
concerns of pseudo-replication and information leakage. Even the two most extensively
evaluated cohorts [38,57] were tested on internal rather than truly independent external
datasets. Accordingly, the field’s most-cited achievements should be regarded as strong
evidence of analytical feasibility and exploratory diagnostic potential, rather than estab-
lished clinical validity. Closing this gap will require larger, participant-level-partitioned
cohorts, prospective and external validation, and standardized reproducibility testing
across batches, operators, and instruments, an effort increasingly supported by the inte-
gration of targeted surface chemistry (aptamers/antibodies) and computational intelli-
gence (machine learning).

To transition from this analysis of the high-impact literature to a complete, systemic
overview of the entire dataset, the subsequent sections map the macro-level structures of
the field through three bibliometric lenses: journal analysis and keyword network map-
ping (Section 3.2), keyword co-occurrence analysis (Section 3.3), and Multiple Corre-
spondence Analysis (Section 3.4).

https://doi.org/10.3390/bios16090511


https://doi.org/10.3390/bios16090511

Biosensors 2026, 16, 511

12 of 80

Table 1. The twenty most cited documents between 2016 and 202

5 from Scopus database.

Type of Sensor

Journal and

TC

Biomarker Sample or Substrate Aim Main Findings IF Country (Year) Reference
Exosome-derived SERS spectra, when ana-
Establish a single diagnostic plat- lyzed with Al, achieved over 95% accuracy
AuNPs coated on the form capable of detecting multiple in distinguishing six different cancers from Nature 271
Exosomes Plasma APTES-functionalized covercancer types at early stages using plasma samples, demonstrating the feasibil- Communications  South Korea [38]
glass exosome profiling enhanced by ity of a universal, non-invasive diagnostic 15.7 (2023)
SERS and AlL test. Highlighted potential for clinical trans-
lation of SERS-based diagnostics.
hichl - N
D.e.velop a highly sensitive and spe Developed SERS sensor achieved femtomo-
. cific SERS-based sensor for detect- e . o 233
Exosomes Plasmonic head-flocked ) . ) lar-level sensitivity and high specificity for Small
miRNA Serum old nanopillars ing exosomal microRNAs (miR- exosomes, with accurate breast cancer dia 13.8 South Korea (591
& p NAs) as biomarkers for breast can- . ’ & ’ (2019)
nosis.
cer.
FesOs@Ag magnetic nano- Design a hlghly sensitive SERSj Dual-function nanoparticle system
. . based detection platform for mi- ) . .
particles: core of (magnetic . . (FesOu@Ag), combined with duplex-specific
. . croRNAs (miRNAs) in cancer cells ) e . .
iron oxide) for easy separa- through the integration of ma nuclease signal amplification, enabled Biosensors and 199
microRNAs RNA extract  tion and enrichment and ) & . & 5 femtomolar detection (0.3 fM) of intracellular ~ Bioelectronics . [17]
netic nanoparticles (FesOs@Ag) . Lo China (2016)
shell of Ag for strong plas- | . miRNAs, providing a powerful tool for early 12.6
. y with duplex-specific nuclease X ) . .
monic enhancement in . e . cancer diagnosis and intracellular biomarker
(DSN) signal amplification for im- .
SERS e i analysis.
proved sensitivity and specificity.
Branched morphology of gold nanostars, en-
te SERS- ded gold - coded with distinct R ters, al-
Gold nanostars (AuNSs) Create S S encoded gold nanos- code V\.71 istinc §11.1a.n repor .ers a Chemistry 169
. e . tars as multiplexed probes for cell lowed single-cell sensitivity and simultane- . .
Breast cancer cell lines prestabilized with PEG4- .. . e L. . R . . Materials United States [54]
mbt discrimination and identification ous identification of multiple cell types, high- 10.4 (2016)

between different cell populations.

lighting their potential for multiplexed bio-
medical diagnostics.
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Hybrid nanostructured bio-
sensor: gold-disk electrode
(AuDE) was coated with re-
duced graphene oxide
(rGO), decorated with plas-
monic gold-coated
FeaNi@Au magnetic nano-
particles functionalized
with double-stranded DNA
(dsDNA)

Synthetic DNA sequences

Nanostructured SERS-electrochemical bio-
sensors can sensitively and specifically detect
interactions between anticancer drugs and
DNA. The system provided complementary
information on binding strength and molecu-
lar changes. The biosensor achieved nanomo-
lar sensitivity (LOD: 8 pg/mL), offering a
powerful platform for drug screening and
mechanistic studies. This dual-mode ap-
proach highlighted the potential of
nanostructured biosensors in pharmacologi-
cal research and personalized medicine.

Develop and validate a dual-mode
biosensor that integrates SERS and
electrochemical detection for stud-

Biosensors and
Bioelectronics
ying anticancer drug-DNA interac- 12.6

tions.

167

China (2016) [63]

Exosomes Serum AuNSs

Label-free SERS profiling of serum exo-
somes, combined with artificial intelligence,
can accurately diagnose breast cancer and as-
sess postoperative outcomes. Gold
nanostructured substrates provided repro-
ducible Raman fingerprints of exosomes,
which were then classified by Al algorithms
to distinguish cancer patients from healthy
controls. The approach proved sensitive,
non-invasive, and capable of monitoring
treatment response, underscoring its poten-
tial for clinical translation in breast cancer di-
agnostics.

Establish a label-free, Al-assisted
SERS platform for breast cancer di-
agnosis and postoperative monitor-

Nano Letters
11.3
ing using serum-derived exosomes.

154

China (2022) [19]

Anti-epithelial cell adhesion mol-

ecule (EpCAM)

Anti-erythroblastic oncogene B2 PEGylated Ag-Au hollow
(ErbB2)

Anti-cluster of differentiation
(CD44)

nanospheres

Nanostructured SERS biosensors can achieve

ultrasensitive and multiplexed detection of

cancer biomarkers at femtomolar concentra-

tions. By integrating gold and silver
Investigate a SERS-based biosensor nanostructures with Raman reporter probes,
platform capable of detecting mul- the system provided strong signal enhance-
tiple cancer biomarkers with high ment and specificity, enabling simultaneous
monitoring of multiple biomarkers in cancer
cells. This multiplexing capability represents
a significant advance in cancer diagnostics,
offering a powerful tool for early detection
and personalized medicine.

Biosensors and
Bioelectronics

e s 12.6
sensitivity and specificity.

141

China (2020) (58]
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Metabolites and Human tears
molecular signa- from breast

tures in tears cancer patients

Gold-decorated, hexagonal-
close-packed polystyrene
(Au/HCP-PS) nanosphere
monolayer

Label-free SERS biosensors can successfully
detect breast cancer using human tear sam-
ples. Gold nanostructured substrates pro-

Present a strategy for highly sensi- vided reproducible Raman fingerprints of

tive detection and quantification

tear metabolites, enabling discrimination be-

using tears as novel diagnostic bio- tween cancer patients and healthy controls.

fluids for breast cancer non-inva-
sive identification.

The approach was non-invasive, rapid, and
sensitive, highlighting tears as a promising
biofluid for cancer diagnostics and position-
ing SERS as a powerful tool for point-of-care
applications.

Hydrogen peroxide

Core—satellite nanostruc-
tures:

Core: Gold nanorods (pho-
toacoustic-active).
Satellites: Silver nanoparti-
cles decorated with Raman
reporters

Dual ratiometric core-satellite nanoprobe
can quantitatively visualize hydrogen perox-
ide in cancer and inflammation. Gold nano-
rods provided strong photoacoustic signals,

Design a dual-mode nanoprobe ca- while silver nanoparticle satellites carried

pable of quantitatively detecting
hydrogen peroxide in biological
systems. By combining SERS and

Raman reporters that responded to H20O2, en-
abling ratiometric SERS detection. The sys-
tem achieved nanomolar sensitivity, success-

photoacoustic imaging in a single fully monitored ROS levels in cancer cell

core—satellite nanostructure.

lines, and visualized H2O2 distribution in tu-

mor-bearing mice. This dual-mode approach
provided complementary molecular and im-

aging information, advancing precision diag-
nostics of oxidative stress in disease.

Tissue and serum samples

Porous silicon Bragg reflec-
tor (PSBR) combined with
AgNPs

Validate a PSBR-SERS biosensor

The novel porous silicon Bragg reflector
SERS-active structure significantly enhanced
Raman signals, enabling sensitive detection
of breast cancer biomarkers in tissue and se-
rum samples. By combining photonic

for breast cancer detection, leverag-bandgap effects with plasmonic silver nano-

ing the synergistic effects of porous particles, the biosensor achieved strong sig-
silicon photonic structures and sil- nal amplification and reproducibility. The re-

ver nanoparticles.

sults demonstrated clear discrimination be-
tween cancerous and non-cancerous sam-
ples, confirming the potential of PSBR-SERS
structures for clinical breast cancer diagnos-
tics.

14 of 80
ACS Applied
Materials and 133 26]
Interfaces China (2020)
9.5
Angewandte
Chemie Interna- 132 [30]
tional Edition China (2021)
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s China (2021)
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SERS-vertical-flow biosensor can multiplex

and quantitatively profile exosomal proteins

in patient serum samples (MUC1, HER2 and

CEA), enabling accurate breast cancer sub-

typing. Gold nanoparticle probes functional-
Develop a multiplexed, quantita- ized with Raman reporters and antibodies
tive biosensor platform that inte- provided strong, reproducible signals, while ACS Nano 126
grates SERS with vertical flow tech-the vertical flow design improved assay 15 China (2023)
nology for breast cancer subtyping. speed and minimized background noise. The

biosensor achieved picomolar sensitivity,

successfully distinguishing breast cancer

subtypes in clinical samples, highlighting its

potential for precision diagnostics and per-

Exosomal Serum AuNPs [62]

sonalized treatment planning.

Multiplexed SERS nanovectors combined

with multivariate analysis can accurately

profile circulating tumor cell phenotypes in

situ using a microfluidic chip. Gold nanopar-

ticle-based nanovectors encoded with dis-

tinct Raman reporters enabled simultaneous
Produce a multiplexed SERS-based detection of multiple biomarkers at the sin-
biosensor platform integrated with gle-cell level. The system successfully dis- Small 120
a microfluidic chip for in situ pro- criminated against heterogeneous CTC pop- 13.8 China (2018)
filing of circulating tumor cells. ulations, highlighting its potential for liquid

biopsy applications and precision oncology.

This multiplexing capability represents a sig-

nificant advance in cancer diagnostics, offer-

ing a powerful tool for monitoring tumor

heterogeneity and guiding treatment deci-

AuNPs functionalized with
Blood Raman reporters and anti-
bodies

Circulating tu-

mor cell [64]

sions.
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Cell surface proteins

Gold nanobipyramids
(AuNBPs) bioconjugated

Integrate diagnostic and therapeu-
tic functions in a single bioconju-

with targeting ligands (anti- gated gold nanobipyramid plat-

bodies)

form for cancer treatment.

Gold nanobipyramids bioconjugated with
antibodies can serve as dual-function agents
for breast cancer diagnostics and therapy.
Their sharp-tip geometry provided strong
SERS enhancement, enabling single-cell de-
tection of cancer biomarkers, while NIR irra-
diation induced efficient photothermal abla-
tion of targeted cells. The results confirmed
that AuNBPs can simultaneously deliver ul-
trasensitive detection and selective therapy,
highlighting their potential as multifunc-
tional nanoplatforms in precision oncology.

ACS Biomaterial
Science &
Engineering
5.8

s
120

China (2017) [63]

Telomerase Cells

Gold nanowires (AuNWs)
with engineered nanogap-
rich structures

Validate a label-free nanogap-rich
Au nanowire SERS biosensor for

Nanogap-rich gold nanowire SERS sensors
can detect telomerase activity with attomolar
sensitivity, enabling accurate diagnosis of
gastric and breast cancer tissues. The engi-
neered nanogaps provided strong plasmonic
enhancement, allowing clear discrimination

ultrasensitive detection of telomer- between cancerous and non-cancerous sam-

ase activity in cancer diagnosis.

ples. Validation in both cell lines and patient
tissues confirmed the sensor’s robustness
and clinical potential, establishing telomer-
ase activity as a reliable biomarker for cancer
diagnostics using SERS technology.

Advanced Func-

tional Materials
19

111

China (2017) [10]

Exosomal surface proteins

Au@Ag nanoparticles/gra-
phene oxide (Au@Ag
NPs/GO) substrate with 4-
nitrothiophenol (4-NTP)

Analyze the dual-aptamer radio-
metric SERS biosensor functional-
ity for breast cancer exosome de-
tection with enhanced sensitivity,
specificity, and reproducibility for
clinical diagnostics.

The SERS biosensor can achieve ultrasensi-
tive and precise identification of breast can-
cer exosomes. By combining two aptamers
targeting different exosomal proteins with
Raman reporters, the system provided radio-
metric signals that improved accuracy and
reduced variability. The biosensor achieved
femtomolar sensitivity, successfully discrimi-
nated against breast cancer patients from
healthy controls, and validated its perfor-
mance in both cell line-derived and clinical
serum exosomes. This dual-recognition strat-
egy represents a significant advance in exo-
some-based diagnostics.

ACS Sensors
7.7

108

China (2023) (53]
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CA15-3, CA125

and CEA Serum AgNPs

The SERS-integrated microfluidic chip can
simultaneously and sensitively detect multi-
ple breast cancer biomarkers in real serum
samples. Silver nanoparticle probes function-
alized with antibodies and Raman reporters
enabled multiplexed profiling of CA15-3,
CA125 and CEA with high sensitivity. The
biosensor successfully distinguished breast
cancer patients from healthy controls, high-

Design a microfluidic-SERS biosen-
sor capable of multiplexed detec- Talanta
tion of breast cancer biomarkers in 6.1

clinical samples.

lighting its potential for non-invasive, accu-
rate, and multiplexed cancer diagnostics.

106

China (2018) [61]

DNA, proteins

and lipids Serum AgNPs

SERS using silver nanoparticles provided
significantly stronger and more reproducible
spectral signals compared to conventional
Raman spectroscopy for breast cancer detec-
tion. Analysis of patient serum samples re-
vealed that SERS could sensitively distin-
guish cancer patients from healthy controls,
whereas conventional Raman spectroscopy

Compare the diagnostic perfor-
mance of SERS and conventional
Raman spectroscopy for breast can-

cer detection using serum samples. L
& P showed weaker discriminatory power. The

results confirmed that SERS is a superior
technique for serum-based cancer diagnos-
tics, offering enhanced sensitivity and diag-
nostic accuracy.

52

Spectrochimica
Acta Part A:
Molecular and Bio- 104
molecular Spec-
troscopy

China (2020) [66]
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Proteins, metabo-

lites, nucleic ac- Blood AuNPs deposited on a su-

per-hydrophobic substrate

Develop a high-throughput, Al-as-
sisted SERS platform for non-inva-
sive blood analysis and multi-dis-
ease screening, using super-hydro-
phobic substrates with deep learn-
ing algorithms.

The super-hydrophobic SERS platform, com-
bined with deep learning algorithms, enables
high-throughput and highly sensitive blood
analysis for non-invasive multi-disease
screening. Gold nanoparticle-coated sub-
strates provided strong Raman enhancement,
while the super-hydrophobic design ensured
reproducible droplet positioning. Deep
learning models successfully classified spec-
tral fingerprints from patient serum samples,
distinguishing breast cancer and other dis-
eases from healthy controls. This approach
highlights the potential of combining ad-
vanced nanostructured SERS substrates with
Al for clinical diagnostics.

Advanced Func-

tional Materials
19.0

Establish a label-free, machine

Gold nanostructured substrates provided re-
producible Raman fingerprints of exosomes,
while machine learning models classified
these spectra with high accuracy. The system

learning-assisted SERS platform forachieved femtomolar sensitivity, successfully

cancer diagnosis and therapeutic
monitoring using exosomes.

distinguishing cancer patients from healthy
controls and tracking therapeutic responses
over time. This approach highlights the po-
tential of integrating AI with SERS for preci-
sion oncology.

Analytical
Chemistry
8.0

ids
Serum-derived Gold nanostructured sub-
Exosomes
exosomes strates
EGFR, HER2, ER, ...
and CD44 Tissue AuNPs

Develop and validate a Raman-en-
coded molecular imaging platform

using topically applied SERS nano-

particles for intraoperative breast
cancer surgery. The authors aimed
to improve surgical precision by

enabling sensitive, multiplexed vis-

ualization of tumor margins,
thereby reducing recurrence rates
and enhancing patient outcomes.

The topically applied SERS nanoparticles en-
able multiplexed molecular imaging for in-
traoperative guidance of breast cancer lum-
pectomy. Gold nanoparticles encoded with
Raman reporters and antibodies provided
strong, distinct signals for multiple tumor bi-
omarkers. This approach allowed surgeons
to visualize tumor margins with high sensi-
tivity, reducing the risk of incomplete tumor
removal. The results highlight the potential
of SERS-encoded nanoparticles as a powerful
tool for real-time surgical guidance.

Cancer Research

13.2
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China (2021) 571
100
China (2023) [33]
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Table 2. Study design, validation, limitations, and general judgment of the 20 most cited documents between 2016 and 2025 retrieved from Scopus databases.

Design and Effective Sample SERS Validation Model/Clinical Validation Main Limitations General Judgment Reference
MIL-CNN classifier
Multicenter clinical cohort, . . AUC,: _0',970 Retrospective; case—control; single popu- . . .
PDMS chips with AuNPs Sensitivity: 90.2% . o ..~ Strongest clinical evidence; leading
plasma/exosomes: 210 controls, 543 _ o - . o lation; no external validation or calibra- . . [38]
. .. EF 4.28 x 105 CV 6.0% at 1364 cm™ Specificity: 94.4% . . . translational methodological study.
patients; training n = 233, test n =520 tion; non-uniform colloidal hotspots.
Cl reported
BC AUC: 0.876
A 3 1 Uh _ ”
?]:I)Jri ut r;ar;opl%{?é S;bfrf;f (ti iad f,ltc})ldfl(\i] A)Calibration of log-concentration vs. Cy3 at
Clinical bioanalytical study. Exoso- ar bcafe m}i,R—Z 1 ’m,g_ 21;) 0 Z(Eé (;) wi 1150 cm™ (R2 > 0.95). Fortified serum and cell lines; no clinicalExcellent plasmonic microsensing
mal RNA extracts from BC serum VS'ES(])Z)~EZS 9(;;_4 659 o ¢ -¥9) Recovery: 97-102% accuracy; requires heating above Tm tomethodology; strong analytical evi- [59]
qRT-PCR; four BC cell lines - e RSD: 3-6% avoid false signals. dence, preclinical.
LOD:1aM-100 nM No patient evaluation and no Al
Recovery: 97-102% P )
Magnetic capture probes (FesOs@Ag NPs) con-
In vitro study in HeLa, MCE-7. an djugated with DNA; ratiometric amplificationDirect analytical validation vs. commercialLimited to purified RNA extracts; notAnalytical evidence of good quality;
9y ! ! ia DSN. RT-qPCR kit (let-7 copy count). validated in native serum/plasma. Insuf-DSN  enzymatic ~ amplification
A549 cell lines. . - . . : s [17]
Small RNA extracts LOD: 0.3 fM Relative error: 2.6-12.1%. ficient documentation of reproducibility.avoids false positives from nonspe-
Single-base selectivity and recovery efficiency,No Al, no human evaluation. Long incubation (60 min/55 °C). cific hybridization.
with SERS readout at 1586 cm™.
In vitro multiplexed study. Individ- . . .. . . . . P .
Ratiometric SERS probes (RaR) based on AuDCLS unmixing algorithm (commercial . - Good biophysical rigor in vitro; rati-
ual cultures and complex co-cul- R . 16% of cells not identified due to low na- . X R
. NSs encapsulated in PMA polymer, loadedsoftware). 84% classification accuracy o . . . ometric NSs suitable for spatial/tem-
tures; 5 breast cancer cell lines (MCF-_ . . e .. . . noparticle uptake; no human partici- o . [54]
with 5 orthogonal thiol reporters. LOD: 7.8 x 10%individual cells. No clinical diagnostic poral tumor monitoring. Preclinical
7, SK-BR3, HCC-1395, CAMALI, . pants. X K
MDA-MB-231) particles/mL. model. technical evidence.
Hybri ERS—el hemical i
In vitro bioanalytical study. Syn- (DYIE\I}I)d Els tr Sde e;:rc()i(; ﬁer;ucaith t:g;ensf;Dual ratiometric analytical validation. Excellent prototype of bioanalytical
thetic BRCA1 dsDNA adsorbed to Q- mlecrode moditied. w = “"“DPV current measurement (LOD: 0.008No validation with clinical samples (se-instrumentation and hybrid elec-
. Fe:Ni@Au core-shell magnetic NPs with im- ~ ] . . . . . [65]
sensor electrode instead of cellularmobilize 4DNA mg/mL, R2=0.994). No Al no cancer detec-rum or complex cells); not diagnostic. = trode. Analytical evidence outside
samples and DOX LOD: 8 pg/mL for DOX. tion. diagnostic corpus.
. . . . . Severe spectral  pseudo-replication
'In v%tro study with small clinical Val_Dense monolayer of AuNSs, plasmonic peak atANN/CNN V,VI,th 4 hidden layers (thousands of spectra from only 4 cul-Excellent physicochemical concept;
idation. 8265 exosome spectra from 4 o Spectral partition: 80/20 . . . . 1.
K . . 772 nm (NIR). Incomplete reproducibility char- ..~ tures); trained on cells, applied to pa-high risk of algorithmic bias and [19]
cell lines for training; patient sam- .. Clinical accuracy: 79.4% . . . -
. acterization. L o tients; no external validation or calibra-overfitting.
ples for testing Training accuracy: 95% tion
ioi i hodol-
Stable Ag-Au nanotags resistant to salt, pH, . L . . Very gO(?d b1o1mag?ng r.net odo
. . . . . Multiplexed in situ correlation validated ogy; antibody-functionalized hol-
In vitro unicellular study. Mappingtemperature; ratiometric reporters (RBITC, . . .. L .
against Western blot phenotyping. Limited to in vitro cell mapping. low spheres reduce receptor hetero- [58]

BC cells (SK-BR-3, MDA-MB-231) MGITC, DTDC); functionalized with CD44, Ep-

CAM, ErbB2 antibodies. No Al, no human evaluation.

geneity. Adequate preclinical tech-
nical evidence.
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Honeycomb-pattern polystyrene chips coated

with gold (Au/HCP-PS) to suppress coffee-ringPCA-LDA with LOOCV; preprocessing Excellent non-invasive sensing con-

Preliminary clinical study. Tear sam- nly 10 participants; case—control de-cept; suppression of coffee-ring ef-

ffect. ith tzky-Gol tor
ples from 5 cancer patients and 5¢¢C with Savitzky-Golay, rubber band, vector 51gn possible dependence between spec-fect and portable equipment favor [26]
trols: 10 ¢ ticipant EF: 5.4 x 1010 normalization. Clear separation (86.7% cu licabilitv. High risk ot oli
COrots; T spectra per particlpalt v op: 100 fm mulative spectral variance). ?Czllosl:j dl ity. High risk as pilot clin
RSD: 6.5% and 3.5% >
Analytical in vi lidation. Rati-
Preclinical in vivo model. Mice withDual ratiometric colloidal probe is based OnorI;Zt}r]ilceIl’Aa/ig](EiR;nk\ilrll‘e]Sic: : 1ldfelon t Za thot licable to clinical breast cancerTechnical preclinical evidence; out-
4T1 breast tumors and rabbits withAuNRs loaded with aspirin. Bimodal SERS and L. . pia . an a . aPp a a ast ca . . a. P a o [30]
.\ . . post-injection  (intratumoral/intraarticu-detection. side clinical corpus.
knee osteoarthritis PA system; selective detection of ROS. K
lar). No Al, no human evaluation.
PCA-LDA with L V; 8P laining:
. . Porous silicon Bragg reflector decorated with c . W ) OOCV; 8 PCs explaining .
Retrospective clinical study. 30 s Variance: 94.8% Moderate monocentric cohort; retrospec- . .
AgNPs Signal x3 vs. flat silicon. e . . trong plasmonic substrate engi-
rum samples (early BC vs. 30 con- Sensitivity: 93.3% tive two-gate case—control design; inter- . [56]
EF 10! with R6G . .2 . . neering; exploratory performance.
trols); 3 spectra averaged per person_. . o Specificity 96.7% nal validation only; no calibration or CL
Limited batch reproducibility
Accuracy: 95%
Preliminary clinical study. SerumRapid nitrocellulose vertical flow device Ad " int-of- device de-
from 26 participants: 5 controls, 21(iREX). Au NS probes coded with p-NTP andDirect ratiometric clinical validation com-Small cohort; only 5-6 subjects per . equate pori-or-care device ¢e
. . . . . ~ . . .. sign (vertical flow/NC formats);
patients across 4 subtypes (Luminalmultiplexed aptamers for MUC1, HER2, CEA;paring intensity at 1328 cm™! vs. CD63 spot.group; no independent test, blinding, * . ds fal tives: lorat [62]
A, HER2+, Triple Negative, Luminaldifferentiated test zones. LOD: 1.0-2.9 x 107Subtypes established by IHC. No AL global accuracy, or CIL. avolds ‘a'se negatives; exploratoty
. clinical feasibility.
B) particles/mL.
Ex vivo unicellular study. 126 spec- . oo . .
tra/cells from 3 BC lines (SKBR3,Microfluidic chip (12 um capture barriers);3or-§upgr:1_steé ;;L ::E?;{;SSlﬁer with CV: Limited to artificial samples (blood en-Outstanding methodological quality
MCF7, MDA-MB-231) and Jurkatthogonal Au@Ag aptamer nanovectors (SAVs); ensiEvEy: 87 ) Z riched with commercial cultures); no pa-for SERS signal normalization; high [64]
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ity of the plasmonic substrate.

https://doi.org/10.3390/bios16090511


https://doi.org/10.3390/bios16090511

Biosensors 2026, 16, 511

21 of 80

Plasmonic ratiometric biosensor (Au@Ag
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3.2. Journal Distribution and Macro-Keyword Networks

The visualization of publication journals in Figure 4a presents the preferred dissem-
ination channels and underscores the interdisciplinary framework of SERS applications
in breast cancer detection and diagnosis. According to the word cloud, although the re-
search in this field is fundamentally based on physical chemistry, it operates at the inter-
section of several scientific domains. The prominence of specific recognized journals al-
lows the current research landscape to be categorized into four main thematic pillars: (1)
analytical and spectroscopic methodologies, (2) biosensing and engineered devices, (3)
nanomaterials synthesis and substrate design, and (4) clinical translation and oncology.
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Figure 4. Word clouds generated from the Scopus dataset: (a) journal cloud including terms with
frequency >1, similarly, scaled to reflect relative occurrence, and (b) keyword cloud including terms
with frequency >3, scaled using the “minor” option for word size differences. Colors denote simi-
larity in frequency, while font size reflects relative variation: larger letters correspond to higher fre-

quencies, whereas smaller letters indicate lower values.

The predominance of leading journals such as Analytical Chemistry, Spectrochimica
Acta Part A: Molecular and Biomolecular Spectroscopy, Talanta, Analyst, and ACS
Omega, among others, within the first theme confirms that fundamental analytical vali-
dation remains the basis of the field. Publications in these media predominantly focus on
the rigorous characterization of spectral signatures, LOD, signal reproducibility, and the
foundational physics of Raman scattering in complex biological matrices.

The second theme is characterized by highly cited journals, including ACS Sensors,
Biosensors and Bioelectronics, Sensors and Actuators B: Chemical, Chemical Engineering
Journal, and Biosensors, among others. They are journals that reflect the strategic shift
toward transitioning benchtop SERS methodologies into viable, miniaturized, practical
diagnostic devices. Consequently, this category emphasizes the integration of active SERS
substrates with microfluidics, lab-on-a-chip technologies, and point-of-care biosensing ar-
chitectures.

The third theme, focusing on nanomaterials and substrate design, highlights the in-
trinsic role of materials science in synthesizing platforms with optimized plasmonic prop-
erties. Notably, leading journals such as ACS Applied Materials & Interfaces, Small, ACS
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Applied Nano Materials, Advanced Functional Materials, and Nanomaterials, among oth-
ers, underscore that substrate engineering represents a critical technological bottleneck for
SERS applications. Achieving the ultrasensitive enhancement factor required to identify
early-stage breast cancer biomarkers demands continuous innovation in plasmonic nano-
materials. Accordingly, research in these venues drives the synthesis of novel gold and
silver nanostructures, exploring complex morphologies and surface functionalization to
maximize the electromagnetic enhancement mechanism.

While initial scientific efforts focused on optimizing analytical performance, advanc-
ing biosensor design, and synthesizing novel plasmonic substrates to achieve ultrasensi-
tive and specific detection thresholds, the field has increasingly intersected with clinical
oncology. At this stage, biologically and medically oriented journals such as the Journal
of Biophotonics, Biomaterials, Journal of Nanobiotechnology, Lasers and Medical Science,
Nanotheranostics, Photodiagnosis and Photodynamic Therapy, Theranostics, among oth-
ers, illustrate the trajectory of the field. These publications prioritize the clinical utility of
technology, addressing in vivo studies, non-invasive clinical liquid biopsies (e.g., blood,
serum, and saliva analysis), and the validation of real-world diagnostic sensitivity and
specificity against traditional histopathology.

These multidisciplinary journals demonstrate a robust and cohesive research line.
The field has successfully bridged the gap between fundamental nanomaterial synthesis
and rigorous analytical validation, with a clear and accelerating trajectory toward clinical
diagnostic applications in oncology.

The keyword cloud (Figure 4b) outlines the conceptual landscape of the dataset, il-
lustrating the most prevalent terminology in the research. Principal terms, including

V77

“breast cancer”, “SERS”, “diagnosis”, and “detection”, present the visual center of the
cloud. However, the prominent inclusion of terms like “clinical specimen”, “procedures”,
and “sensitivity and specificity” remains a field that is moving towards actively attempt-
ing to validate SERS protocols on real human samples. Then, highly evidenced terms such
as “nanomaterials & substrates”, “plasmonics”, “chemistry”, and “surface” are related to
the physical and chemical foundation of the technique. Because the efficacy of SERS is
fundamentally dependent on the electromagnetic enhancement factor provided by metal-
lic nanostructures.

Also, as observed in the cloud, keyword distribution provides deep insight into the
specific biological entities being probed, in terms such as “cells”, “tumor cell”, “bi-
omarkers”, “antibodies”, “DNA”, “biomolecules”, “alpha fetoprotein”, and “extracellular
vesicle”. This demonstrates that SERS is increasingly being utilized for complex molecular
profiling and liquid biopsy applications to detect circulating tumor DNA or tumor-de-
rived extracellular vesicles (exosomes) at ultra-low concentrations, positioning it as a
powerful tool for early-stage, non-invasive oncological screening.

Some critical emerging terms visualized in the cloud are related to methodological
data interpretation: “machine learning & chemometrics”, “analytical techniques”, and
particularly terms like “convolutional neural networks”, which illustrate a paradigm in
analytical techniques. Due to biological SERS spectra being inherently complex, highly
dimensional, and often obscured by background noise or overlapping molecular signa-
tures. The integration of advanced Al and chemometric algorithms has become essential
to decode these complex spectral fingerprints, enabling the automated, rapid, and highly
accurate classification of healthy versus malignant samples.

Although both word clouds present a congruent macro-level representation of the
principal research themes, their analytical utility is mainly confined to frequency-based
distributions. While providing a valuable visual synthesis of the current state of the art,
word clouds are inherently limited by their inability to capture topological connectivity,
directional proximity, or hidden relation structures among terms. To overcome these
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limitations, to decode the explicit mathematical linkages between keywords, and expose
the latent intellectual architecture of the domain, a robust network-based Keyword Co-
occurrence Analysis (via VOSviewer) and a geometric MCA are systematically deployed
in the following sections.

3.3. Keyword Co-Occurrence Analysis

The VOSviewer keyword co-occurrence map reveals six well-defined clusters, differ-
entiated by colors, as observed in Figure 5. In this visualization, each node represents a
high-frequency keyword, with the node size proportional to its occurrence in the litera-
ture. Large, central keywords: “human/humans”, “breast neoplasms”, “diagnosis”, “Ra-
man spectroscopy”, “surface-enhanced Raman spectroscopy”, “gold”, and “surface scat-
tering” indicate that SERS methodology and clinical application dominate the literature.
The links between nodes represent the co-occurrence of terms within the same publica-
tions, and the distance between them reflects their conceptual relatedness.
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Figure 5. The keyword co-occurrence network was generated with VOSviewer, applying the asso-
ciation strength normalization method. The visualization highlights thematic clusters, each repre-
sented by a distinct color, and their interrelationships, with node size proportional to keyword fre-
quency. Colors denote cluster membership, while font size reflects relative variation: larger letters

correspond to higher frequencies, whereas smaller letters indicate lower values.

Clusters correspond to plasmonic substrate engineering (yellow cluster), methodol-
ogy and human translation (blue and purple clusters), preclinical validation and biologi-
cal models (red cluster), clinical diagnostics and computational integration (green cluster),
and inter-cluster cellular biology and histopathological interfacing (cyan cluster).

The yellow cluster highlights the material science requisite for effective SERS analysis.

s Va7

The cluster is centered around “surface scattering”, “gold”, “chemistry”, “nanoparticles”,

“substrates”, and “synthesis (chemical)”. It emphasizes that the continuous optimization
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of plasmonic nanomaterials remains a highly active research frontier. Connections from
“gold” to “biosensors” and “microfluidics” demonstrate the ongoing engineering efforts
to integrate optimized metallic nanostructures into automated, reproducible lab-on-a-
chip devices suitable for clinical environments. The blue and purple clusters represent the
central hub of the entire network; these clusters bridge the physical sciences with medical
pathology. Including terms such as “surface-enhanced Raman spectroscopy”, “Raman
spectrometry”, “human”, and “controlled study”, this region demonstrates the methodo-
logical core of the dataset. The proximity of “pathology” and “metabolism” suggests that
researchers are actively utilizing SERS to establish metabolic fingerprints of malignant
tissues, moving beyond simple detection toward a deeper understanding of tumor micro-
environments and biochemical alterations.

Regarding the red cluster, about preclinical validation and biological models, it is
dedicated to the experimental biological validation of SERS technologies, including terms
such as “animal”, “mouse”, “in vitro study”, “in vivo study”, “tumor cell line”, and
“MCEF-7 cells”, underscoring intermediate steps before clinical translation. The strong con-
nection between this cluster and the spectroscopic core indicates that a substantial pro-
portion of the current literature is focused on evaluating the biocompatibility, targeting
efficacy, and real-time molecular imaging capabilities of newly synthesized SERS nano-
probes in controlled in vitro and murine models.

In contrast, the green cluster reflects a step up in the translation process, referring to
clinical diagnostics and computational integration, including terms from “breast neo-
plasms”, “diagnosis”, “diseases”, through “blood”, “serum”, “body fluids”, and “liquid
biopsy” terms, hightlighting the robust scientific pivot to minimally invasive, blood-based
diagnostic methodologies, towards, in the peripheral but significant presence of nodes,
terms such as “machine learning”, “algorithms”, “principal component analysis”, “multi-
variant analysis”, and “deep learning”, demonstrating a critical methodological shift. The
field is actively integrating artificial intelligence and advanced chemometrics to decode
complex multivariate SERS spectra, thereby enhancing diagnostic specificity and mitigat-
ing human error in spectral interpretation.

Finally, a small specialized cluster in cyan is observed with terms such as “epithelial
cell adhesion molecule”, “tissue”, and “histology”, anchoring as a critical interface be-
tween molecular targeting and structural pathology, and specific structural designations
of “tumor cell line”. This grouping highlights the advanced biological targets and valida-
tion methodologies within the SERS domain.

In general, the high centrality of clinical and methodological keywords suggests a
research trajectory moving from proof-of-concept spectroscopy toward clinically oriented
biomarker discovery and diagnostic model development. The emergence of machine
learning keywords indicates an increasing emphasis on robust, automated interpretation
of complex spectral data, an essential step for clinical translation. The co-location of bio-
sensor and therapy-related terms points to parallel efforts in device development and
multimodal therapeutic strategies.

3.4. Bibliographic Structure via MCA

To further decode the underlying conceptual architecture and hidden structural re-
lationships within the SERS breast cancer research, an MCA was conducted (Figure 6).
Unlike the direct co-occurrence network depicted in Figure 5, which maps explicit link-
ages between terms, the MCA is a multivariate dimensionality-reduction technique that
elucidates the complex dataset in a two-dimensional Euclidean space. In this representa-
tion, the proximity between keywords indicates a high degree of conceptual similarity
and co-occurrence in the literature, while distance denotes thematic divergence. The map
successfully partitions the intellectual structure into five distinct research clusters,
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distributed across Dimension 1 (6.82% of total variance) and Dimension 2 (4.74% of total
variance). As observed in Figure 6, the arrangement along Dimension 1 reveals a distinct
trajectory, transitioning from analytical chemistry on the left to advanced biological and
clinical applications on the right.

In the MCA plot, five specialized thematic clusters can be identified that define the
complete structure of the SERS breast cancer detection field.

Intellectual Structure Mapping: Breast Cancer Detection
SERS & Raman Spectroscopic Analysis (2016-2026)
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Figure 6. Multiple Component Analysis map of the thematic and intellectual structure of the re-

search on Surface-Enhanced Raman Spectroscopy for breast cancer detection/diagnosis.

The analytical and production domain (red cluster), located in the lower-left quad-
rant, includes terms such as “nanomaterials & substrates”, “chemistry”, “SERS”, “proce-
dures”, and “diagnosis”. Its structural isolation on the negative side of Dimension 1 sug-
gests that a substantial segment of the literature is strictly dedicated to the physical opti-
mization of plasmonic platforms and analytical parameters, prior to complex biological
integration.

The Al-assisted diagnostic interpretation (purple cluster) is situated in the center of
Dimension 1 and bridges the origin of the map. This cluster represents the most highly
integrated themes across the entire dataset. Integrated by terms such as “machine learn-
ing”, “chemometrics”, “biomarkers”, “diagnosis”, and “detection”, it illustrates the criti-
cal methodological bridge in modern SERS research. Furthermore, it highlights how re-
searchers have combined the paradigm of basic physicochemical properties of substrates
and the SERS method with advanced computational algorithms to decode complex bi-
omarker signatures for accurate breast cancer diagnosis.

The molecular biosensing and genetic targeting (blue cluster) is placed in the upper-
right quadrant. This group shifts the focus toward highly specific molecular biology, in-
cluding terms such as “aptamers”, “nucleic acids”, “biosensing”, “genetics”, and “ultra-
structure”, which outline a complex research area. Essentially, demonstrating the transi-
tion from generic cellular detection toward the design of highly engineered, targeted SERS
nanoprobes capable of recognizing genetic profiling and specific biomolecular structures
at the ultrastructural level and lower concentrations.
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The liquid biopsy frontier (orange cluster), located prominently in the upper center
of the map, this small but highly distinct cluster that centers exclusively around “extracel-
lular vesicle”. The separation from the main body of clusters highlights it as an emerging,
highly specialized, and cutting-edge niche. This signifies a major contemporary push to-
ward liquid biopsies, utilizing SERS to isolate and molecularly profile tumor-derived ex-
osomes from bodily fluid for early, non-invasive diagnostics.

Cellular pathology and pharmacological monitoring (green cluster) occupy the
lower-right quadrant. This cluster is dedicated to both clinical and pre-clinical research on
the biological mechanisms and therapeutic applications of SERS in breast cancer. It fea-

v ”oou

tures terms such as “apoptosis”, “drug administration”, “metabolism”, “immunology”,
“neoplasm”, “cytology”, and “treatment”. Through these words, it is inferred that SERS
is evolving beyond static detection toward a dynamic monitoring tool capable of evaluat-
ing real-time cellular responses to antineoplastic drugs, tracking tumor metabolism, and
investigating the immunological microenvironment of neoplastic tissues. The presence of
both clinical and pre-clinical terms underscores the translational trajectory of SERS, bridg-
ing fundamental cellular studies with applied therapeutic monitoring.

The MCA plot reveals a research landscape composed of diverse, interconnected the-
matic areas, including the fundamental synthesis of nanomaterials and substrate devel-
opment (Cluster 1), in-depth biological analysis (Clusters 2 and 3), computational spectral
analysis (Cluster 4), and the study of extracellular vesicles (Cluster 5). These groups reflect
the diversification and evolution of research topics within the field. However, the ob-
served thematic structure should not be interpreted as evidence of translational maturity,
clinical readiness, or future clinical implementation. Rather, it reflects areas that have gar-
nered increasing attention from the scientific community and constitute active lines of re-
search within this domain.

Once the macro-level bibliometric landscape was established and mapped, the topo-
logical and spatial configurations of the literature were analyzed through keyword co-
occurrence networks and multiple correspondence analysis (Sections 3.1-3.4); the focus of
this review shifts from quantitative performance metrics to a qualitative evaluation of the
dominant research fronts driving the discipline. While science mapping successfully illu-
minates where, when, and how frequently specific paradigms intersect, it inherently lacks
underlying molecular mechanisms, chemical innovations, and clinical realities that dictate
these trends.

To deconstruct the technological bottlenecks and breakthroughs that define this field,
the subsequent sections (Sections 3.5-3.9) consolidate the transition from bibliometric
analysis to a comprehensive, state-of-the-art scientific discussion. This analysis is orga-
nized based on the previous identified MCA spatial clusters, keeping an evolutionary tra-
jectory of a SERS biosensor, beginning with the materials science of plasmonic substrate
engineering (Section 3.5) and the chemistry of surface biofunctionalization (Section 3.6);
moving through its analytical deployment in liquid-biopsy matrices (Section 3.7); exam-
ining the computational algorithms required for automated spectral decoding (Section
3.8); and, ultimately, exploring the preclinical and clinical translation (Section 3.9).

3.5. Surface-Enhanced Nanostructured Platforms for Breast Cancer Diagnosis

The bibliometric and structural landscape mapped by the MCA identifies the engi-
neering, production and optimization of advanced plasmonic and hybrid nanostructured
substrates as one of the main clusters. Some papers from the large principal list (199) were
classified in this cluster and categorized into four structural classes based on their core
nanomaterial structure, with the 10 most cited presented in Table 3.

Recent BC-focused studies extend this evolution toward electroporation-assisted in-
tracellular probes, gold-modified microneedles, SERS-active structures embedded in
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three-dimensional tumor models, high-brightness NIR agents, and hierarchical chips that
regulate molecular access to plasmonic hotspots in complex tissues [67-72]. These plat-
forms are engineered to resolve the bottlenecks of SERS, signal irreproducibility and low
chemical enhancement, while improving LOD down to a few cells, picomolar and
femtomolar thresholds.

The landmark publications in this cluster signify a paradigm shift toward organized,
reproducible, and multidimensional architectural designs. The principal thematic axis is
the strategic interaction between the EM and CM to maximize the EF through hotspot
formation. SERS has been dominated by the EM, which relies on the confinement of LSPR
within “hotspots” of noble metals; however, CM has gained relevance through recent
studies, improving electron donation, charge transfer, among other mechanisms.

Figure 7 illustrates how nanostructure morphology governs the spatial distribution,
magnitude, and biochemical accessibility of the electromagnetic hotspot underlying
SERS-based BC biomarker detection. For understanding, two complementary geometric
routes to field confinement are illustrated. In interparticle-gap architectures, the near
fields of two adjacent plasmonic nanoparticles couple constructively across a nanometer-
scale gap (typically 1-5 nm) upon LSPR excitation, producing a spatially confined hotspot
with reported enhancement factors of 108-10', several orders of magnitude above the
weak, uniformly distributed field at an isolated particle surface [73]. In sharp-tip architec-
tures such as branched nanostars, comparable field concentration is achieved through cur-
vature alone via the lightning-rod effect, without requiring interparticle coupling; each
additional tip on a branched structure constitutes an independent hotspot, multiplying
the effective hotspot density per particle [74]. Critically, the diagnostic value of either ge-
ometry depends on positioning the analyte precisely within this confined field. This is
achieved through a defined bioconjugation route: a thiol-terminated PEG linker anchors
covalently to the metal surface via an Au-S bond, while its distal carboxyl terminus is
activated through EDC/NHS carbodiimide chemistry to form a covalent amide bond with
a capture protein (antibody, aptamer, or engineered binding protein, depending on the
platform) [75,76]. This protein selectively captures the target breast cancer biomarker di-
rectly at the site of maximal field intensity, ensuring that the vibrational fingerprint of the
captured biomarker, rather than of background biomolecules, undergoes the greatest sig-
nal amplification [77]. This geometry—function relationship rationalizes the diversity of
nanostructure architectures reviewed below: platforms are engineered not simply to max-
imize the electromagnetic field in the abstract, but to co-localize that field with a biochem-
ically accessible capture site, an interdependence made explicit through the bio-function-
alization strategies discussed in Section 3.6.

Core—shell configurations constitute the most extensively explored class. Noble metal
core—shells (Au@Ag, Ag@Au, hollow Au/Ag cages) remain prominent because they com-
bine tunable plasmonic resonances with engineered internal gaps that trap Raman report-
ers or analytes. Some examples include the systems developed by Zhang et al. (2017), who
used Ag-coated nanorods with pyridine-Ag* coordination complexes to confine reporters
and detect as few as 20 cells in blood-mimicking fluid [78] and Choi et al. (2020), who
demonstrated Ag-encapsulated Au hollow nanospheres for multiplexed biomarker quan-
tification down to 107 M [58]. Galvanic replacement derived from Ag nanocubes (NCs)
into Au nanocages [79] and a three-dimensional Au@Ag nanosphere substrate [80] further
illustrate how internal voids and ordered packing increase hotspot density and uniformity,
improving both EF (10), reproducibility, and sensitivity (picomolar (pM) concentrations).
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Figure 7. Schematic representation of hotspot formation and its relevance to SERS biosensing in
breast cancer: (a) Incident excitation (Eo, green) induces localized surface plasmon resonance (LSPR),
polarizing the nanoparticle surface into electron-rich and hole-rich regions. Constructive near-field
coupling within the nanoscale gap (~1-5 nm) confines and amplifies the electromagnetic field, pro-
ducing enhancement factors (EF) up to 10°-10'4. Molecules positioned within this region experience
dramatically intensified Stokes-shifted scattering (Estokes, red). (b) Tip-localized hotspot: Independ-
ent hotspot geometries arise at sharp nanoparticle features, where curvature concentrates the elec-
tromagnetic field via the “lightning rod effect”. A thiol PEG linker anchors covalently to the gold
tip through Au-S bonding, while its distal carboxyl terminus is conjugated to capture proteins using
EDC/NHS chemistry. These proteins selectively bind breast cancer biomarkers directly within the
region of maximal field intensity. The dashed arrow illustrates how this mechanism is realized in
branched nanostar architectures, where multiple sharp tips generate a high density of hotspots

across a single particle, thereby enhancing multiplexed biomarker detection.

Complementing these electromagnetic strategies, there is a clear shift toward semi-
conductor-assisted and free-noble-metal pathways, driven largely by the need to reduce
the material costs of pure metals and to exploit charge-transfer mechanisms that augment
CM. Lin et al. (2020) [81] exemplified this trend with a crystal-amorphous TiO:z core-shell
nanoparticle in which an amorphous layer rich in oxygen vacancies aligns the highest
occupied molecular orbital (HOMO)-lowest unoccupied molecular orbital (LUMO) levels
of analytes, enabling highly efficient interfacial charge transfer and yielding an EF of 4.3 x
105 [81]. Similarly, hybrid core—shell architectures such as Cu20@Ag [82] and SiO2@Au [83]
combine semiconductor or dielectric cores with plasmonic shells to deliver both strong
electromagnetic hotspots and enhanced chemical coupling, reporting an EF of 9.04 x 10°
for Cu20@Ag (detecting 4-nitrophenthiol) and an EF of 1.37 x 10¢ for SiO2@Au (measured
with Rhodamine B). Beyond core—shell proposals, more complex nanoassemblies, such as
tentacle-versus-satellite structures described by Dey et al. (2020), have been engineered to
optimize broadband near-infrared plasmonic coupling, enabling simultaneous SERS di-
agnostics and photothermal therapy [84]. Collectively, these semiconductor-integrated
and hybrid designs illustrate a pragmatic route to cost-effective, chemically selective, and
multifunctional SERS substrates suitable for translational biosensing.
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Heterostructures, semiconductor structures composed of two or more semiconductor
materials with different bandgaps, offer another route to synergistic enhancement. Mixed-
dimensional systems such as graphene oxide (GO) coupled to Au nanostars (AuNs) [85]
demonstrate plasmon—exciton coupling that amplifies both EM (107) and CM (10?) effects,
enabling exosome detection at 10? particles/mL from triple-negative breast cancer (TNBC)
and HER2(+). Hybrid nanoporous GaN/Au/Ag substrates [86] and the Ag.0O-Ag-Psi sys-
tem [87] show how band engineering and defect chemistry can be tuned to improve ad-
sorption, charge transfer and analyte resonance, producing LODs in the 10-3-10-"" M
range for model probes (rthodamine, R6G) and miRNA targets. Notably, noble-metal-free
ternary heterostructures such as FesO:@GO@TiO: [88] and InGaN [89] have achieved sin-
gle-cell sensitivity for PD-L1 expression and circulating tumor DNAs, respectively, un-
derscoring the potential of heterostructures to combine biocompatibility, multifunction-
ality and cost-effectiveness.

The third structural class, two- and three-dimensional templates and flexible matri-
ces, addresses practical challenges in biosensing, sample handling, throughput, mechani-
cal compliance and biofouling. By moving beyond planar substrates, 3D porous networks,
nanocage arrays and flexible nanofiber mats increase analyte capture, concentrate targets
within confined volumes and provide mechanically compliant interfaces for cells and ves-
icles. These structures, therefore, improve sampling efficiency and spectral reproducibil-
ity in complex biological fluids.

Representative examples illustrate the range of design strategies and analytical per-
formance. AgNP-based 3D platforms have been applied to exosome profiling [8]. Nitro-
gen-doped amorphous carbon nanocages combine porosity with electronic modification
of the carbon matrix to enhance charge transfer and analyte trapping, enabling label-free
live-cell fingerprinting with a reported EF of 5.52 x 10° [90]. TiOz-based 3D templates ex-
ploit oxygen vacancies and semiconductor-analyte interactions to detect epidermal
growth factor receptor at limits comparable to noble-metal substrates without additional
labels [7]. Hybrid cellulose platforms incorporating Ag@Au raspberry-like NPs have been
developed for urine-based monitoring of BC progression [91], reporting EF values near
3.98 x 108. Conversely, Au-nanourchin films engineered to minimize serum biofouling
while maximizing tip-enhanced hotspots demonstrate how nanoarchitectonic control of
film thickness and immobilization kinetics can enable label-free immunosensing directly
in raw clinical samples [92].

Flexible substrates extend functionality to dynamic and in vivo mimetic measure-
ments. Electrospun nanofiber mats decorated with branched Au nanostars permit spatial
mapping of intra- and extracellular pH gradients, an important functional readout rele-
vant to the tumor microenvironment [93]. Miniaturized templates such as PDMS mini-
pillars with deposited AuNPs improve droplet homogeneity and repeatability for liquid-
phase assays; Das et al. (2019) and Song et al. (2020) reported an LOD of 1 x 10-12 M for
miRNA-1246 using this approach [94,95]. Self-assembled Langmuir-Blodgett films of stea-
ric acid and gold nanorods provide another route to high-throughput cell line discrimina-
tion with demonstrated cytotoxicity and biocompatibility, using Principal Component
Analysis (PCA) and spectral classification [94]. Simpler planar implementations, gold nan-
ospheres on ITO [96], laser-ablated AgNP substrates [20] or Au/SiO:z [97] remain valuable
for subtype discrimination and femtomolar sensitivity in reporter-based assays.

A critical design consideration is the preservation of analyte bioactivity during cap-
ture and measurement. Zhu et al. (2023) proposed SiO2 nanopore arrays with superwetta-
ble, omniphobic, lubricated surfaces that trap droplets and generate stable liquid hotspots
[43]. The authors reported femtomolar sensitivity for R6G with reproducible signals main-
tained over 30 days. Carbon-based probes (graphite-derived or amorphous) offer degra-
dability, fluorescence, and multifunctionality (drug delivery and imaging) for
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intracellular monitoring [98]. Finally, SERS analysis of histopathological tissue sections
using AgNPs remains the clinical gold standard for biochemical mapping, identifying
amino acids, proteins and nucleic acids with spatial resolution that complements molec-
ular assays [99].

Together, these studies show that 3D templates and flexible matrices are not merely
structural variants of planar SERS substrates but constitute a distinct design paradigm;
they integrate physical trapping, directional hotspot orientation, and surface chemistry
control to improve sensitivity, selectivity, and robustness in real biological matrices.

Finally, microfluidic platforms represent the translational frontier for point-of-care
SERS diagnostics. Microfluidic systems enable controlled sample delivery, pre-concentra-
tion, and on-chip mixing with SERS substrates, reducing sample volume and improving
reproducibility. Wang et al. (2024) demonstrated a femtosecond laser-fabricated capillary-
actuated chip for H202 detection in MCF-7 intracellular medium with an LOD of 0.5 uM
[100]. Other authors presented a platform to detect exosome secretion at the single-cell
level, using three Raman reporters and three antibodies immobilized on the surface with
AgNPs as probes, combined with machine learning [101]. Then, coupling microfluidics
with engineered substrates, as Zhu et al. (2023) [43] and Park et al. (2024) [20] demon-
strated, improves assay throughput and robustness while preserving high sensitivity.

Across these structural classes, several cross-cutting themes emerge. First, hotspot
engineering, through controlled nanogap formation, 3D packing, or tip-enhanced geom-
etries, remains the primary determinant of EF and LOD. Second, chemical enhancement
via charge transfer is increasingly exploited to complement EM effects, particularly in
semiconductor-metal hybrids where defect states and band alignment facilitate analyte-
substrate electronic coupling. Third, reproducibility and stability are now central design
criteria: internal standards (e.g., built-in reporters or stable oxide shells), robust fabrica-
tion methods (laser ablation, galvanic replacement, SILAR), and anti-fouling surface
chemistries are commonly reported to reduce signal variability. Fourth, application-
driven design, tailoring substrates for exosomes, circulating tumor cells, miRNA, or tissue
imaging, has produced specialized platforms that trade off multiplexing, invasiveness
and throughput according to clinical need.

In summary, as highlighted in Table 3, the evolution of BC detection using SERS
should not be interpreted as a mere succession of nanomaterials. Rather, these investiga-
tions collectively suggest that nanoarchitecture governs the analytical process—from the
localization of the electromagnetic field and charge transfer to probe organization, bio-
molecular recognition, signal stability, and device integration. However, analytical so-
phistication does not necessarily correspond to equivalent clinical maturity. The highest
enhancement factors and lowest detection limits were generally achieved using model
molecules such as R6G, 4NTP, or Crystal Violet, rather than breast cancer biomarkers
measured in representative patient populations. Consequently, reproducibility was pre-
dominantly assessed across different positions within the same substrate, while only lim-
ited evaluations were conducted across batches, instruments, or laboratories. None of the
studies provided clearly independent clinical validation. These findings indicate that the
primary challenge is no longer simply maximizing SERS amplification, but rather design-
ing nanoarchitectures whose molecular recognition properties, signal transduction, and
reproducibility remain stable during large-scale fabrication and evaluation in representa-
tive clinical cohorts.
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Table 3. Bibliometric metadata, plasmonic configurations, and analytical performance of the top 10 most-cited articles in Scopus within the “Surface-Enhanced

Nanostructured Platforms for Breast Cancer Diagnosis” cluster from an MCA.

Raman Reporters
and/or Dye Probes
and Biomarker

SERS System and
Functionalization

Experimental System
and Effective Sample

Validation Level and Tc
alidation Level an
Analytical Performance and Technical Main Findings . .. Journal
iy et . Methodological Limita-
Reproducibility (Innovation) . Year
tions
Reference

Type of nanostructure: core—shell

Au@Ag core-shell hol-

low nanosphere ar-

rays.

Multiplexed cocktail of RBTIC, MGTIC and

Cell cultures of MCF-7,
SK-BR3 and MDA-MB-
231 lines in vitro.
Multiplex imaging in
living cells. Continuous

monoclonal antibodies DTDC, and antibodies pixel-by-pixel spatial

covalently immobi-  (ErbB2, EpCAM,
lized onto plasmonic CD44)

nanotags via car-

bodiimide chemistry

(EDC/NHS).

Analytical performance

- Spatial quantification.

- Comparison of intensification according to
Ag shell and reporter concentration.

-LOD: 107 M and EF: N.R. - Structure that combines the excel- ..
. . . e . . - Preclinical cellular/mul-
- PEG avoided aggregation and relevant lent intensification of silver in the . ) .
. . ., tiplex imaging.
variations. gap and the great chemical stabil-
- . . . -No human samples or
- RSD and batch-to-batch reproducibility: ity of hollow gold without causing . . L
. clinical classification
NR uncontrolled aggregation. PEG

- Effective experimental
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- The molecular profiles  Biosensors and
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. + =) -
mapping at1 .2 pm scan QAM( )/Erb}SZ( ) ) SERS biosensor capable. of quanti mapped by SERS are in 2020
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. . Western blotting data
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. - . from the cell lines.

Number of independent Reproducibility marker expression. . s

. . L - In vitro cell viability
cultures/cells: NR - Excellent colloidal stability and spectral - Limitation: Exposed nanostruc- .

. . . confirmed by WST-1 col-
consistency. tures (without PEG) show time-de-

imetri .
- The PEG coating prevents aggregation of pendent cellular toxicity. orimettic assay

the nanospheres and Raman signal varia-
tions under extreme saline conditions (0—
100 mM NaCl), pH variations, and elevated
temperatures.
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Core-shell plasmonic

nanorods (Au-AgAu)

4-mp on the surface of 4-mp and R6G

the Au NR core grows Detection of CTCs MCEF-7 added to a fluid
a peripheral Ag shell overexpressing MUC- simulating HeLa and
by forming a pyridine-1.
Ag+
Nanogap internal ad- Dox induced by NIR No patients
justable (=2.5-3.3 nm) light.

and free of conven-

tional organic linkers.

Controlled release of controls.

Analytical performance

- LOD: 20 MCF-7 cells and EF: NR.

- Linear curve in the range of 20 to 12,000
cells based on reporter signal intensity at
peak 1099 cm™.

- Temporal stability of the signal qualita-
tively demonstrated; composition/nanogap
described as reproducible.

- RSD:NR

- MCE-7 cells incubated in vitro and evalu-
ated in a fluid simulating blood with white
blood cells and control cell lines (HeLa,

HEK blood as selectivity HEK).

- 150 nanoparticles analyzed individually
using Image]J software to characterize sizes
and gaps.

Reproducibility

- Stable and quantitative electromagnetic
field and SERS signal thanks to the report-
ers encapsulated in the gap that serve as an
internal standard. The gap is adjusted by
the concentration of silver and the precursor
ligand.

Limitation: High doses of 4-mp induce ag-
gregation, reducing storage stability.

- Isolating the Raman reporter in-

side the sub-nanometer gap pre-

vents bio-polluting or signal atten-

uation from complex whole blood - Preclinical cell testing

matrix components (proteins, in simulated matrix.

cells), enabling ultra-precise CTC - Specificity tested using

quantification. non-functionalized 71

- Free synthesis of organic linkers PNRs, pure AuNRs and ACS Applied Ma-
via coordination interactions and control cells (HeLa, terials & Inter-

galvanic replacement driven by the HEK)) in white blood cell faces
Kirkendall effect. background. Feasibility 2017
- It combines ultrasensitive diag- by CCK-8 assay. [78]

nostics and controlled drug release - No CTCs from patients:
experimental unit and
number of batches NR.

in a single nanocarrier.

- Limitation: Risk of aggregation
and colloid instability for long-
term storage at elevated 4-mp con-
centrations.
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. . type. R6G/CV; EF: 4.3 x 10° (4NBT) .. ples.
(c-TiO2@a-TiO2) . . . . ., LUMO levels, maximizing the . . .
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Label-free. - Fifty spectra per line  bands of 1080 and 1572 cm™. sive hotspots at Cu2O@Ag junc- . terials & Inter-
. Breast cancer pheno- L . . . tion or human samples.
Combination of photo- for LDA classification - Subtyping accuracy of 93.3% using LDA  tions. . faces
. types . . L . - 10-fold cross-validated
induced charge trans- model assisted by ma- model with k-fold cross-validation. - Leveraged plasmon-semiconduc- i . 2017
. . . s i . . classifier algorithm
fer and plasmonic res- chine learning Reproducibility tor coupling generates an ultrahigh [82]

onance.
Ultrasensitive detec-
tion and label-free

- Independent
crops/lots: NR.

classification of breast
cancer cell subtypes.

Excellent signal stability and repeatability
with an RSD of 8.84% (at peak 1572 cm™)
and 9.81% (at peak 1080 cm™) for octahedral
morphology

(88.10% average accu-
racy) and quantitative
robustness assessment
using ROC curves (excel-
lent AUCs of 0.96 to 0.99
for classifying all 4 lines).

synergistic electromagnetic/chemi-
cal enhancement. When paired
with machine learning, it accu-
rately classifies complex subtypes.

Type of nanostructure: heterostructures
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Fe304@GO@TiO2 plas-
mon-free magnetic ter-
nary heterostructure.
Immobilization of anti-
PD-L1 antibodies com-

Analytical performance

- LOD: 3 cells HCC38 or 107 M and EF: 8.08
x 10¢ for CuPc.

- Calculated average PD-L1 molecules: 1729
(HCC38) and ~2973 (MDA-MB-231) per cell

- PD-L1 quantification and comparison with selection.

- Developed an immune check-

point screening platform that - Mapping the distribu-
quantitatively maps the spatial dis- tion of PD-L1 induced by
tribution of PD-L1 at a single-cell IFN-y stimulation.

level, offering a highly accurate
predictive tool for immunotherapy lar/quantitative assay.
The results correspond

- Preclinical cellu-

bined with thiolated ELISA. - Multifunctional integration: mag- to selected cell lines; the
reporter molecules.  Salicylic acid, oxalic - Triple-negative breast - Ten points used for EF. netism for rapid separation/cap-  LOD of three cells does 78
Recyclable magnetic  acid, CC pyrocatechol, cancer cells (HCC38, - Six replicate spectra were recorded per cell ture (FesOa), selectivity by chemicalnot imply clinical sensi- Science Advances
platform based on dopamine, PTCDA, MDA-MB-231) and calibration point (n = 6) and three parallel interactions of GO and molecular tivity; no external valida- 2018
charge transfer. CV, and CuPc; PD-L1 MCE-7 control cells. experiments described. enrichment by the porous TiO2 tion. [88]
In situ quantification - No patients. shell. - Concordance validation
and expression map- Reproducibility - PICT synergism between GO and against PD-L1 quantita-
ping of the immune re- Highly stable signals. CuPc retained ~97% TiO: verified by DFT and TDR cal- tive ELISA and Western
ceptor PD-L1 in tumor of its Raman signal under prolonged laser culations. blot assays.
cells at the single-cell exposure in free air. Excellent recyclability Limitation: Multilayer chemical - Cell viability preserved
level. due to photocatalytic self-cleaning of TiO2  synthesis process (Fe3Os, GO, at ~98% in cytotoxicity
in visible light. TiO2 shell) very laborious and com-assays.
plex.
- The porous GaN acts as a rigid, Relatively high RSD
and relevant temporal
3D-ordered, and thermally stable . .
. . . degradation; no clinical
. template sieve obtained by simple
Analytical performance electrochemical etching and metal samples.
SERS microarrays incu- - LOD: 1.13 x 10-® M for R6G, 8.84 x 1071 M lization that prevent rgn tallicna. The LOD of the dye
Hvbrid laree area po bated with synthetic mi- for miRNAand EF: 2.5 x 108 noa a(r)ticleaa privfatics)n CAHENAT Joes not represent the
y & P croRNA in TE buffer - Discrimination against non-complemen- P' gg. & i LOD of the biomarker;
rous GaN nanostruc- . . . - This layout yields a highly homo- o 52
tures with Au/A Breast cancer mi- and in real human se-  tary miRNA. eneous hotspot density across reproducibility between Applied Surface
& croRNA detection: ~ rum from healthy pa- - RSD =20% at 2500 points; signal decreased 8¢ pot Y ACTOSS  patches NR. ppict
layer (5 nm Au/50 nm . . o o .. wide areas, solving the classic sig- o . Science
. miR-K12-5-5p tients. 22.7% at 30 days and 52% at 60 days in air. s . - Specificity against non-
Ag) and thiolated R6G, FAM Signal uniformity evalu- Reproducibilit nal reproducibility bottleneck in complementary mis- 2021
DNA capture probes ! & Y P Y nucleic acid SERS detection. P Y [86]

linked via Au-S bonds.

ated over a continuous Signal distribution mapped with an RSD of

spatial mapping of 2500 ~20% over 2500 points in a 50 x 50 pum area.

points Stability up to 60 days in air (intensity drop
of 22.7% at 30 days and 52% at 60 days).

match microRNA (miR-
4732) and negative con-
trols in buffer and real

- Au partially protects Ag from oxi-
dation.
Limitation: Degradation of the

.. . . human serum.
plasmonic signal with storage time

- FDTD modeling inter-
due to the susceptibility of Ag to . 8 .
R facial electromagnetic
oxidation in air .
distribution
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Type of nanostructure: three-dimensional templates and flexible/paper matrix

AgNPs synthesized in

situ into bacterial cel-

lulose membrane films
obtained from com-

mercial “Nata de R6G for characteriza-
Coco”. tion;
Label-free approach  sEVs
utilizing passive phys-

ical adsorption and
electrostatic trapping

of vesicles.

- Biotechnological exploitation of a
waste food resource (coconut

. cream) to achieve an extremely - Cellular/analytical pre-
Analytical performance cheap active and reproducible clinical
- LOD: 10-11 M for R6G, EF: 5.2 x 105 (cit- b actv pro tmical.
SERS substrate. - No patient exosomes;

rate) and 7.3 x 10* (green synthesis)

- Exploratory separation by PCA.

- Twenty measurements on different sam-
ples/points for intra/inter sample reproduci-
bility; RSD: N.R.

- Correct classification of tumor exosomes
with 95% confidence by PCA (PC1 and PC2
explain 96.25% of the total variance).

" Reproducibility

Exosomes were purified - Demonstrate that multivariate  effective biological size

chemometric analysis applied di- and independent lots un-

rectly to native exosome spectra  clear.

can discriminate breast cancer sub- - Exploratory PCA with- 76
types without capturing antibod- out external testing; au-  ACS Sensors
ies, drastically reducing sample  tofluorescence/cellulose 2019

preparation costs. signals may interfere. [8]

from cultures of the
healthy line MCF-10A
and the aggressive tu-
mor line MDA-MB-231.
Raman spectra were
measured: n =18
(healthy), n =20 (tumor
ous), and n =13 (PBS

- Citrate acts as a growth inhibitor - Blind validation where

Repeatability was analyzed in 20 different in the Ag(111) plane to induce ani- tumor and healthy test

control). , . . sotropic nanoparticles and cover samples fell exactly
spot measurements. Citrate synthesis drasti- o o .
v red back d noi daut cellulose peaks. within the 95% confi-
cally reduces background noise and auto-
y & Limitation: “Green” substrates dence ellipses of the PCA

fluorescence of bacterial cellulose.
without citrate have lower EF and calibration model.

high cellulose interference/auto-
flucescence.
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- Cellular preclinical.
- No human samples or

Analytical performance - Non-plasmonic TiOx rivaling no- diagnostic accuracy; EF
-LOD: 10 M for CV; EF: 3.5 x 10 (TiOx, 785ble metals. and LOD were deter-
Quantum-scale struc- nm) First report of the use of oxygen mined with dye; repro
tured (Q-structured) MDA-MB-231 cells L . PO oL OXYE s ye rep
- The cellular test was qualitative. Stability vacancies incorporated into 3D ducibility between
template of self-assem- (breast cancer), HeLa . . . .
. . . against laser exposure was evaluated for ~ quantum TiOx to achieve a SERS  batches, days and instru-
bled TiOx with oxygen (cervical) and NIH3T3 g . . .
.. . 120 cycles; RSD and variation between substrate with semiconducting ments was not evalu-
vacancies introduced fibroblasts (control). N ... 69
. L - . lots/substrates: N.R. properties rivaling traditional plas-ated. .
by multiphoton ioniza-CV (characterization); Number of independent o . - . . . Nanoscale Hori-
. . . - Quantitative differentiation of cancer cells monic metals. - Excellent biocompati-
tion. EGEFR and cellular Ra- biological cultures: N.R. zons

by higher lipid content in region 26002800 - It brilliantly solves the problem ofbility.

Label-free. fi inting.  Triplicat t 2019
abe ’ree fan fngerprinting . rplicate MEeastrements 1 and EGFR peaks at 1134, 1242-1284  local plasmonic heating (which de- - Direct cell culture on
Detection of breast in three samples (total n - . [7]
. and 1566-1610 cm™. grades or pyrolyzes proteins). the template shows no
cancer EGFR peptides =9 measurements aver- . . . ..
. . Reproducibility Limitation: Evaluated only in a cytotoxicity after 24 and
and native cellular aged for calculation of . . D . . . s
spectral signatures free EF) High structural stability and optical inertia. physiological environment at pH 7.48 h (average viability of
P 518 ' The laser does not alter or deteriorate the ~ Formal PCA statistical modeling is ~80%).
of heating. . , . . . . L
positions of the substrate’s native Raman  required to comprehensively dis- - Visualization by SEM
peaks after 120 cycles (360 s laser exposure). cern HeLa lines. microscopy and fluores-
cent staining with
DAPI/FITC.
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- Real-time measure-
ments on single live cells
Analytical performance in vitro using optical mi-
- Linear sensitivity in the physiological pH cromanipulators and
B;iﬁzll]eesd(r%::(l)sr’z:?:_ range (6.5-9.5); 0.68 nM, LOD and EF not - Fabricated a flexible, biocompati- SERS fiber insertion (45°
p ) - MCEF-7 cells (less inva- applicable as the main criterion for pH ble cellular scaffold that monitors angle) controlled by
and nanoraspberries) . . . o . .
decorated onto flexible sive) and triple-negative measurement. tumor acidosis in real-time and 3D, magnetic holders and
. MDA-MB-231 cells - RSD =7% for absolute intensity and 4% for a critical parameter directly corre- Raman immersion mi-
electrospun polymeric . . . . o . . . .
. (highly aggressive and internal ratio; stability after reversible cy-  lated with therapeutic resistance  croscopy.
nanofibers. . . e . . . .
Surface modification metastatic). cles; evaluation with six tips/fibers. and metastatic potential. - COMSOL Multiphysics 7
. 4-MBA; Intracellular - Six sensor fibers ana- - Average pHi determined in MCF-7 of 7.26 - The lens effect of the nanofiber  simulates the electric
with 4-MBA. o . . e ACS Sensors
.. . and extracellular pH lyzed for reproducibil- +0.27. enhances the electromagnetic field field distribution of the
Determination of in- . . o . . . . . . . 2020
tracellular pH (pHi) gradients ity. - Identification of variable pHe gradients  at the tip. Minimally invasive hotspot in the nanostar. (93]
PP - pHe gradients ana- (0.1 to 0.9) in MDA-MB-231 as a function of thanks to nanofiber tip diameters - Preclinical cell/physio-
and extracellular pH . . .
lyzed at 14 different po- distance (25 to 500 pum) up to 60 nm. logical sensor.

gradients (pHe) in
breast tumors with 4-
MBA intracellular and
extracellular pH gradi-
ents.

sitions with triplicate

mapping.
- No patients.

Reproducibiilty

Limitation: Fluctuating pH and cel-- It is not a study of diag-
Excellent reversibility and cyclic stability in lular dynamics can introduce

nostic accuracy; few cell

7 reversible cycles. RSD of only 4% for pH noise; sporadic peaks in calibration lines and biological

ratio (Imax/T1068) and 7% in absolute intensity. at very low pH (<5.5).

No interference by cations or amino acids in
the calibration. Ultra-fast response (<1 min).

units; in vivo applicabil-
ity, batch-to-batch varia-
tion and inter-instrumen-
tal reproducibility not
evaluated.
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Bimetallic cellulose
strip (analytical filter
paper) with silver
core-gold shell
(Ag@Au) nanoparti-
cles structured in a
“raspberry” shape di-
rectly synthesized in
Whatman cellulose by
SILAR method and
wax printing.

Passive capture driven
by paper porosity and
capillarity.

SERS Label-free.
Rapid POCT diagnosis
of aquatic toxins (ani-
line, sodium azide,
malachite green) and
progression of breast
cancer in urine.

- Urine from four
groups: fibroadenoma,
fibrocystic change, non-
invasive carcinoma and
invasive carcinoma.

- Mixtures of contami-
nants and real clinical

R6G; FA, FCC, non-in-
vasive

carcinoma (stage 0)
and invasive carci-
noma (stage 1-3).
Creatinine and trypto-
phan were proposed

urine samples from pa-
tients with benign (FA,
FCC) and malignant tu-
mors (non-invasive
stage 0, and invasive
stages 1-3).

- Duplicate measure-
ments/averaged at 10

as urinary bands asso-
ciated with tumor pro-
gression.

random points per sam-

ple.
- Number of partici-

pants per group: NR.

Analytical performance

- LOD: 105 M and EF: 3.98 x 102 for R6G.

- LOD in mixtures: 1 106 M for aniline, 10~
M for sodium azide and 100 pM for mala-
chite green, with quantitative accuracy
greater than 92-99%.

- Descriptive urinary analysis by intensities
at 850 and 1465 cm™.

- RSD: 6.1% on 10 strips; degradation < 10%
at 30 days.

- Identification and monitoring of invasive
urinary tumor progression using bands of
creatinine (850 cm™) and tryptophan (1465
cm™).

Reproducibility

Perfect spectral consistency with an RSD of
only 6.1% in 10 independent strips. The dis-
continuous Au shell reduces the oxidation
rate and oxidation decay of core silver to
less than 10% in 30 days, in contrast to the
75% decay of monometallic AgNPs.

- Flexible, economical, and biode-
gradable paper test strip with di-
rect layer-by-layer deposition us-
ing SILAR, free of complex colloid

- Gold antioxidant protection on a
plasmonic-optimized silver core.
Limitation: Discontinuous struc-
ture of the “raspberry” shell,
providing long-term incomplete
antioxidant protection compared
with a dense continuous shell.

- Exploratory clinical fea-
sibility.

- Clinical sample size, se-
lection criteria, blinding,
and diagnostic accuracy
not reported; proposed
biomarkers without in-

dependent validation; 55

R6G LOD does not Analytical Chem-
equate to clinical perfor- istry
mance. 2017

- Extensively validated [91]

with synthetic toxicity

mixtures and a clinical
cohort of urine from real
breast cancer patients.
Theoretical verification
of LSPR using COMSOL
Multiphysics by FEM.

TCs: Total Citations; LOD: limit of detection; EF: enhancement factor; N.R.: not reported; RBTIC: Rhodamine B Isothiocyanate; MGTIC: Malachite Green Isothio-
cyanate; DTDC: 3,3'-Diethylthiadicarbocyanine Iodide; R6G: Rhodamine 6G; 4MBA: 4-Mercaptobenzoic Acid; EpCAM: Anti-Epithelial Cell Adhesion Molecule;
ErbB2: Anti-Erythroblastic Oncogene B2; CD44: Anti-Cluster of Differentiation 44; EGFR: Epidermal Growth Factor Receptor; CTCs: Circulating Tumor Cells; PD-
L1: Programmed Death-Ligand 1; sEVs: Small Extracellular Vesicles; 4-mp: 4-Mercaptopyridine; CV: Crystal Violet; MB: methylene blue; FA: Fibroadenoma; FCC:

Fibrocystic Change; AR: Alizarin Red; PD: Polydopamine; GaN: Gallium Nitride; FAM: Fluorescent Molecular Tag; SILAR: Successive Ionic Layer Adsorption

and Reaction; FEM: Finite Element Model. Note: EF, LOD, and reproducibility values describe the analytical performance of each SERS platform. Citation counts

(TC) reflect bibliometric visibility but do not necessarily indicate methodological rigor, diagnostic accuracy, or clinical utility.
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3.6. Bio-Functionalization Strategies for Single, Dual, and Multiple Biomarker Recognition
Through SERS

The bibliometric mapping reveals that bio-functionalization has emerged as the sec-
ond major axis of innovation in SERS-based breast cancer detection, complementing ad-
vances in nanostructural engineering. While nanostructured materials primarily enhance
sensitivity through electromagnetic and chemical enhancement, bio-functionalization im-
proves selectivity, multiplexing capability and biological relevance.

The reviewed literature identifies five main bio-functionalization strategies: (i) anti-
body-based functionalization, (ii) aptamer—based functionalization, (iii) DNA/RNA probe
functionalization, (iv) protein/enzyme activity probes, and (v) other innovative synthetic
receptors. Together, these approaches expand the diagnostic potential of SERS by ena-
bling more specific recognition of breast cancer biomarkers and improving analytical per-
formance.

Recent studies highlight a shift from single antibody-based recognition toward mul-
tiplexed and biomimetic bio-functionalization strategies in SERS, as shown in Table 4. An-
tibody-functionalized probes have been used to detect breast cancer-associated receptors,
angiogenic factors, and immune mediators [102-105]. In parallel, aptamers and peptides,
including MUC1, AS1411, RGD, and iRGD, have enabled complementary targeting and
phenotypic characterization of different breast cancer cell types [106,107]. Other emerging
approaches include hyaluronic acid-CD44 recognition, m6A-sensitive DNAzymes for epi-
transcriptomic analysis, and tumor cell membrane-coated nanoparticles for homotypic
targeting and tumor-margin delineation [69,70,108,109]. Collectively, these advances ex-
tend SERS beyond single-biomarker detection, enabling multidimensional characteriza-
tion of breast cancer cells and their microenvironment.

To facilitate discussion, these strategies are organized into the following five subsec-
tions.

3.6.1. Antibody-Based Functionalization

Antibodies, Y-shaped glycoproteins produced by the immune system, remain the
most widely used recognition elements in SERS biosensors, due to their strong binding
affinity and clinical familiarity. They are typically immobilized on plasmonic substrates
or nanoparticles to capture target biomarkers. However, random immobilization often
masks antigen binding sites, reducing efficiency. To overcome this, directional conjuga-
tion strategies such as Fc region binding via Protein G (PG), PEG linkers, or hydrazone
chemistry maximize accessibility and reproducibility.

Examples include Cheng et al. (2023), who designed a raspberry-shaped dual-mode
immune-nanoprobe conjugated with anti-EGFR antibodies, enabling in situ monitoring
of EGFR expression after drug treatment, revealing that rosiglitazone reduced EGFR
while metformin unexpectedly increased it [110]. Similarly, Kapara et al. (2020) function-
alized AuNPs with anti-ERa antibodies via carbodiimide chemistry (with EDC-NHS-HS-
PEG5000-COOH), allowing single-cell mapping of estrogen receptor a (ERa) expression
and fulvestrant activity [111]. Extending this approach, Kapara et al. (2021) combined
ERa-AuNPs and HER2-AuNPs for multiplexed characterization in 3D tumor spheroids,
highlighting the role of antibody functionalization in distinguishing receptor profiles in
complex microenvironments [112]. In other research, authors presented a dual-targeted
SERS system based on transferrin-modified niosomes encapsulating AuNPs and Fe:Oy
NPs for MCF-7 detection, with 5-thio2-nitrobenzoic acid (TNB) as a Raman reporter [113].

HER?2 detection has been a major focus; Spaziani et al. (2024) used AuNPs function-
alized through an amine coupling reaction (EDC: NHS) with trastuzumab and 4-MBA as
a reporter to classify HER2-positive and silenced breast cancer cell lines, enabling
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quantitative evaluation and subtype classification [13]. Téllez-Plancarte et al. (2018) im-
mobilized trastuzumab on silver nanostructured plates via 4-MBA self-assembled mono-
layers (SAMs), achieving HER?2 heterogeneity mapping across four cell lines [114]. Miser-
Salihoglu et al. (2025) extended antibody functionalization to BRCA1 quantification in tis-
sue samples using magnetic nanoparticles, achieving a logarithmic correlation between
protein concentration and Raman intensity (R? = 0.9928), validating sensitivity and repro-
ducibility [115].

Advances in orientation chemistry, such as those by Khosroshahi et al. (2023, 2024),
demonstrated how hydrazone linkers improve reproducibility and sensitivity in HER2
and CA15-3 detection [76,116,117]. A similar strategy was applied by Pineiro et al. (2026),
presenting oriented anti-CD81 antibody conjugation on Au nanostars to track extracellu-
lar vesicle (EV) release from MCEF-7 [118]. To address the random orientation on nanopar-
ticle surfaces and hinder antigen recognition efficiency, the authors reported an oriented
conjugation strategy using PG, which binds antibodies through their central region (Fc)
while maintaining variable region (Fab) availability. Better reproducibility was obtained
in a developed glass-based biosensor, which immobilized and oriented antibody-conju-
gated nanourchins for HER2 detection, achieving an EF of 3.5 x 10 [76]. From the same
group of research, a PCB-based platform further extended oriented immobilization to thin
gold films and nanourchins, achieving EF up to 3 x 10¢ [117]. These studies underscore
how substrate-based immobilization can overcome reproducibility challenges inherent to
colloidal systems. Other antibody-based innovations include Zhu et al. (2022), who re-
ported interference-free AuNP probes conjugated with MT1-MMP antibodies, enabling
clean detection of protease activity [119].

Multiplexed immunophenotyping has also been achieved with thiolated AuNPs-sil-
ica coating, labeled with distinct Raman reporters (BPE, 44AP, PHTH, TBBT) [120], and
developed tetraplex SERS nanotags for simultaneous profiling of HER2, ER, and PR [121].
Meanwhile, M. Li et al. (2019) introduced alkyne/nitrile Raman reporters in the Raman-
silent region, conjugated with antibodies against ER, PR and EGFR, avoiding spectral
overlap and enabling multiplex imaging [122].

Theranostic applications further extend antibody functionalization, combining tar-
geted therapy with imaging. For instance, Narayan et al. (2021) developed cucurbituril-
gold nanorod assemblies loaded with methylene blue and conjugated with anti-HER2 an-
tibodies through CH3-PEG-SH and EDC:NHS, providing targeted phototherapy (photo-
thermal (PTT) + photodynamic (PDT)) and SERS imaging [77]. Also, Parchur et al. (2016)
presented multimodal imaging (fluorescence and SERS) and photothermal therapy, with
Prussian blue (PB)-functionalized hybrid nanostructures (CaMoOs:Eu@SiOs@Au nanorod)
conjugated with oriented anti-HER2 antibodies [12]. A similar functional concept was pro-
posed by Hu et. al (2025) [123]. They prepared antibody-functionalized hexoctahedral Au
nanoparticles for EpCAM/EGEFR detection, with an LOD of 1072 M and EF of 3.8 x 108,
because the antibodies are conjugated to plasmonic nanoparticles carrying Raman report-
ers and fluorophores, ensuring highly selective recognition with improved sensitivity and
reproducibility. Another proposal to combine theranostics is presented by Nima et al.
(2017), who used silver-decorated Au nanorods functionalized with anti-EpCAM antibod-
ies and loaded with doxorubicin for targeted drug delivery and intracellular SERS moni-
toring [124].

With an innovative proposal, L. Li et al. (2019) introduced ratiometric SERS nanoprobes
conjugated with urokinase plasminogen activation receptor and EGFR-targeting peptides,
enabling quantitative discrimination of biomarker expression in single cells [125]. Lately,
Miao et al. (2026) have considered two new variables, space and time, studying how the
biomarkers change as the cancer evolves [126]. For this work, the authors reported a dual-
targeted sensing platform using 10 NPs@AR@PDA@aPD-L1 and Au NPs@4-
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MBA@PDA@aHER?2 bioprobes with PD-L1 and HER2 antibodies, enabling mapping of
therapeutic markers during breast cancer progression. Collectively, antibody-based strat-
egies highlight the balance between specificity, orientation, and multiplexing, making
them central to translational diagnostics.

3.6.2. Aptamer-Based Functionalization

Aptamers, short single-stranded DNA or RNA oligonucleotides selected through
Systemic Evolution of Ligands by Exponential Enrichment (SELEX), offer synthetic con-
sistency, chemical stability, and flexible structures that access epitopes that may be steri-
cally hindered for antibodies. Their small size and ease of engineering make them ideal
for multiplex detection.

For example, Yarbakht et al. (2018) used FesOs@Au nanoparticles functionalized with
MUCI aptamers for selectively isolating breast cancer cells, while aptamer-functionalized
AuNPs with 4-mercaptopyridine (4-Mpy) [127]. Xia et al. (2026) advanced this approach
by combining aptamer probes with Machine learning (Random Forest) for classification,
achieving 96% accuracy and 93.7% specificity, with an ultralow LOD of 2.96 fg/mL for
MUC1 [32]. Hybrid biosensors integrating aptamers and antibodies, such as those by T.
Another biofunctionalization is reported by Oliveira et al. (2024), who combined molecu-
larly imprinted polymers with antibody-functionalized Au NSs for CA15-3 detection [4].
Aptamer-like selectivity was achieved through MIPs, while antibody-AuNSs conjugates
amplified SERS signals, supporting point-of-care applications.

Innovative designs include Shen et al. (2021), who synthesized PB analogue (PBA)
AuNPs functionalized with aptamers through EDC:NHS for multiple detection of Ep-
CAM and EGEFR [75], and Xia et al. (2025), who developed logic-gated nanoplatforms for
dual biomarker presence (APE1 and miR-155) to reduce false positives [128]. Aptamer-
based functionalization thus provides synthetic reliability, multiplexing capacity, and
theranostic potential, complementing antibody systems.

3.6.3. DNA/RNA Probe Functionalization

DNA and RNA probes exploit sequence-specific hybridization to detect genetic and
epigenetic biomarkers. Amplification strategies such as catalytic hairpin assembly (CHA),
Exonuclease III (Exo III), duplex-specific nuclease (DSN) recycling, rolling circle amplifi-
cation (RCA), and tyramine signal amplification (TSA) consistently push detection limits
into the femtomolar or attomolar range, enabling early detection of low-abundant bi-
omarkers.

For instance, Ge et al. (2021) integrated RCA with Au@SiO: arrays to detect CpG me-
thyltransferase (M.Sssl) activity (EF of 7.49 x 10¢ and a LOD of 2.51 x 10~ U/mL), providing
insight into DNA methylation [129]. Indeed, Zhao et al. (2022) presented two amplifica-
tion strategies, RCA and TSA, for the exosomal targeting of miR-21 in a microfluidic chip,
reaching an LOD of 1 pM [28]. H.-S. Tan et al. (2024) and Meng et al. (2021) employed dual
signal calibration and holography chips for miRNA detection through hairpin DNA func-
tionalization and hairpin and Exo III amplification, respectively, achieving femtomolar
sensitivity and rapid multiplexing [40,130]. Weng et al. (2022) integrated CHA amplifica-
tion with Ag@Au core-shell nanoparticles for the detection of miR-21 (LOD: 0.398 M) and
miR-155 (0.215 fM) in breast cancer serum [131]. Pang et al. (2016) and Xu et al. (2023) used
DSN amplification for miRNA profiling, with FesOs@Ag reaching an LOD of 0.3 fM for
let-7b, and Au@Ag core—shell nanorods to identify miR-21, miR-155, and let-7b at LODs
of 0.05-0.063 fM [17,132].

Other designs introduced miRNA-detectable (miR-200c) nanoparticles for intracellu-
lar profiling [133]. Zhenxing Wang et al. (2019) demonstrated enzyme-free strand
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displacement recycling in a microfluidic platform, achieving femtomolar detection in
miR-21 [16].

Then, Eom et al. (2017) engineered nanogap-rich gold nanowires for ultrasensitive
detection of telomerase activity, achieving attomolar detection limits, among the lowest
reported for this biomarker [10]. Hou et al. (2025) developed SERS nanotags for dual de-
tection of BRCA1 and BRCA2, achieving detection limits of 0.61 pM and 0.78 pM [134].
Collectively, DNA/RNA probes provide mechanistic insights, multiplexed profiling, and
therapeutic monitoring, confirming their pivotal role in precision oncology.

3.6.4. Protein/Enzyme Activity Probes

Protein and enzyme activity probes monitor dynamic biochemical processes rather
than static biomarkers, offering real-time functional readouts of tumor progression, inva-
sion, and therapeutic response. These systems employ peptide substrates, enzyme-re-
sponsive chemistry, or ratiometric designs to achieve quantitative detection.

Shashni et al. (2017) targeted hypersialylation with phenylboronic acid PEGylated
AuNPs, linking glycan metabolism to metastasis [135]. Zhong et al. (2022) and Zhu et al.
(2025) probed MMP-2 activity using ratiometric nanoprobes and core-satellite substrates,
respectively, highlighting the importance of internal standards for reproducibility [31,136].
J. Wang et al. (2023) integrated microdroplet microfluidics with magnetic SERS probes to
profile extracellular vesicle proteins (EpCAM, HER2, EGFR) at the single-cell level, reveal-
ing heterogeneity [39]. He et al. (2018) monitored Protein Kinase A with AuNSs function-
alized with kemptide substrates, extending SERS into intracellular signaling pathways
[137]. This study demonstrates how protein/enzyme probes expand SERS into functional
diagnostics by capturing enzymatic activity and signaling events critical to cancer biology.

3.6.5. Other Innovative Functionalization Approaches

This section highlights several non-conventional functionalization strategies that
broaden the scope of SERS biosensing beyond antibodies, aptamers, or nucleic acid probes.
Each study introduces a unique way to functionalize nanostructures, targeting glycans,
receptors, stem cells, or even organelles, and, together, they illustrate how innovation in
probe design can expand diagnostic and therapeutic applications.

Jana et al. (2023) and Liang et al. (2018) focused on sialic acid detection, a glycan
biomarker linked to metastasis [138,139]. Jana et al. introduced a fluorescence-SERS dual-
enabled simultaneous quantitative detection and spatial imaging of glycans at the single-
cell level with AuNPs [138], while Liang et al. used MPBA@AgNP to distinguish cancer-
ous from normal tissues spectroscopically [139]. Haldavnekar et al. (2020) explored cancer
stem cell (CSC) surveillance using nickel-based nanoprobes [140]. Their system achieved
~99% accuracy in distinguishing CSCs, offering a powerful prognostic tool. These innova-
tive approaches collectively expand SERS from biomarker detection to real-time monitor-
ing of cancer progression and treatment efficacy, with improvements in dual-mode imag-
ing, enhanced stability, 3D architectures, and intracellular targeting.

The studies analyzed indicate that the sensitivity and diagnostic performance of
SERS platforms are strongly governed by the characteristics of the employed nanoarchi-
tecture, particularly by its capacity to generate, distribute, and stabilize plasmonic
hotspots. Simpler nanostructures, such as spherical gold or silver nanoparticles, offer rel-
atively straightforward and reproducible fabrication, although they typically provide
moderate enhancement factors. In contrast, more sophisticated architectures, such as gold
nanopillars, nanogap-rich nanowires, multiplexed nanotags, gold nanostars, and three-
dimensional plasmonic platforms, substantially increase the density of localized electro-
magnetic fields and enable LOD in the femtomolar or even attomolar range. However,
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greater structural complexity does not necessarily guarantee improved diagnostic capa-
bility or a higher degree of clinical validation.

This apparent paradox arises because analytical sensitivity constitutes only one of
the components determining the overall performance of a SERS platform. Nanoarchitec-
tures with extraordinary EF may nonetheless present limitations related to fabrication re-
producibility, spatial signal uniformity, hotspot stability, or scalability for clinical appli-
cations. Conversely, some relatively simple platforms have demonstrated greater transla-
tional potential owing to their robustness, reproducibility, and compatibility with com-
plex clinical samples.

Biofunctionalization plays an equally decisive role. Strategies based on antibodies,
aptamers, DNA/LNA probes, or exosome-capture systems enable the physical amplifica-
tion generated by the nanoarchitecture to be converted into specific molecular recognition.
In these systems, diagnostic specificity depends both on the quality of the bioreceptor and
on the substrate’s capacity to uniformly amplify the signal arising from the biomolecular
interaction. However, high specificity is accompanied by new challenges related to biore-
ceptor stability, variability in conjugation processes, and the need to select biomarkers of
genuine clinical relevance.

Label-free platforms, by contrast, represent a fundamentally different philosophy.
Rather than targeting individual biomarkers, they exploit the global molecular fingerprint
of cells, tissues, serum, or exosomes. In these cases, complexity shifts from biofunctional-
ization toward computational analysis. While highly biofunctionalized systems tend to
generate more targeted signals that can be analyzed using conventional chemometric tools
such as PCA-LDA or PLS-DA, label-free strategies produce high-dimensional spectra that
require more advanced ML and deep learning methods, including Random Forest, SVM,
XGBoost, CNN, or Transformer-based models, as shown in Section 3.8.

This relationship suggests a technological gradient in which the support for Al in-
creases as the intrinsic molecular specificity of the system decreases. Consequently, diag-
nostic capability does not depend exclusively on the nanoarchitecture or on the algorithm
employed, but on the interaction between both. A highly complex nanoarchitecture may
generate large volumes of spectral information, but without an adequate computational
strategy, that information remains unexploited. Likewise, sophisticated algorithms are
unlikely to compensate for limitations arising from poorly reproducible substrates or in-
consistent biofunctionalization.

For this reason, the future evolution of SERS in breast cancer research should move
toward co-design strategies that simultaneously integrate nanoarchitecture, biofunction-
alization, and computational analysis. The evaluation of new platforms should incorpo-
rate not only classical sensitivity and LOD parameters, but also metrics of reproducibility,
stability, model interpretability, robustness to inter-patient variability, and multicenter
external validation. From this perspective, the future of SERS does not appear to depend
on developing progressively more complex nanostructures, but rather on optimizing the
balance between plasmonic amplification, molecular recognition, and analytical capabil-
ity to yield reproducible, scalable, and clinically useful systems.
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Table 4. Synthesis matrix of bio-functionalization strategies and signal amplification mechanisms.
Biological TargetPrmClpal SERS Architec- Functl.o.n ah.zatlon and  Main Flrfdlngs Main Application AP and RE Validation Level e
ture Amplification Strategy (Innovation) Reference
AP
LOD: 0.3 fM
Enables ultra-low detec-
F A i - D lytic cl £ 1 1 L
microRNA e0i0Ag magnetlc cor? SN, catalytic cleavage o tion of miRNA by target Cellular miRNA analy- (15 zeptomole, 50 ulL) Level 1—cell-derived 200
let-7b shell nanoparticles bearing DNA/RNA heterodu- recycling and signal am- sis/potential liquid biops material [17]
Raman-tagged DNA probes plexes 1if}i]cati§n & P d psy Spike-recovery 97-103%, selec-
P tivity against let-7 family re-
ported
AP
LOD: 0.398 fM (miR-21) and
. 2D Au-Si substrate + Ag@4- CHA, enzyme-free DNA I.)ual-mlRNA. assay ” . . . 0215 £M (miR-155); range 1 M- .
miRNA- L linked analytical amplifi- BC diagnosis/prognosis 10 nM; reported accuracy 100% Level 2—single-cen- 81
. MBA@Au core-shell metastable hairpin cas- ) o .S .
21/miRNA-155 . . cation to clinical serum by liquid biopsy RE ter clinical cohort [131]
nanotags (sandwich chip) cades e
discrimination 30 BC + 30 healthy sera; repeata-
bility and specificity assessed;
no external cohort
AP
. Telomeric-substrate pri- Directly detects enzy- LOD: 0.2 cancer cells/ml.
. Nanogap-rich Au nan- . . o . . RE .
Telomerase activ- . mer elongation, G-quad- matic hyperactivity in =~ Gastric/breast cancer tis- . Level 1—cell/animal 112
. owires formed by Au nano- . . . Substrate RSD 4.80%; tested in
ity . . ruplex folding and meth- gastric and breast tissue sue assessment . . tissue [10]
particle deposition . . multiple cell lines and 16 tu-
ylene blue intercalation  extracts . .
mor-bearing mice; no human
cohort
AP
Extracellular Pro-Star-shaped gold nanoparti- Label—fre.e peptide phos- Achieves .quantltatlve LOD: 5 mU/mL o
L . phorylation. phenotyping of phos-  Cancer-cell phenotyp-  RE Level 1—in vitro/cell- 69
tein kinase A cles. BSA-kemptide-func- . . . . . . . T
. . Ratiometric 1725/11395 in- phorylation states with- ing/kinase assay 12 samples measured in tripli- line study [137]
(PKA) tionalized Au nanostars . .. .
dex assisted by PCA out external tags cate (1 = 36); selectivity against

other kinases assessed
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3.7. Liquid Biopsy in Breast Cancer: Exosomes and Circulating Biomarkers

Historically, the definitive diagnosis and molecular characterization of breast cancer
have relied on traditional tissue biopsies, including core needle biopsies and surgical ex-
cisions. Although tissue sampling remains the clinical gold standard, it is associated with
significant limitations: the procedures are invasive, often painful, and provide only a static
examination of the tumor microenvironment. Furthermore, tissue biopsies frequently fail
to capture the full spatial and temporal heterogeneity of breast tumors, and their invasive
nature makes them impractical for continuous, long-term monitoring of a patient’s re-
sponse.

To address these clinical bottlenecks, liquid biopsy has emerged as a transformative
diagnostic paradigm, offering minimally invasive access to tumor-derived information
using non-solid biological fluids, most commonly blood (plasma or serum), but increas-
ingly expanding to highly accessible and non-invasive biofluids such as saliva, tears, urine,
and nipple discharge (Figure 8).

LiQuip Biopsies IN BREAST CANCER:
ExOosOMES AND CIRCULATING BIOMARKERS

NIPPLE
DISCHARGE

CIRCULATING BIOMARKERS

CIRCULATING CIRCULATING MICRORNAS EXOSOMES PROTEINS METABOLITES
TUMOR CELLS TUMOR DNA (miRNAS)

(CTCs) (CtDNA)

Figure 8. Schematic overview of liquid biopsy matrices and circulating biomarkers in breast cancer

diagnostics.

Within the context of the structured literature search and the MCA, several articles
were identified that align with the third thematic cluster, which focuses specifically on
liquid samples, blood, serum and plasma, through the isolation, detection, and character-
ization of exosomes, circulating biomarkers, as well as alternative biofluids. In this context,
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SERS effectively bridges the gap between the clinical need for liquid biopsies and the tech-
nical capability to detect trace tumor-derived entities.

3.7.1. Exosome-Based/Derived SERS Strategies

Exosomes have emerged as pivotal biomarkers for liquid biopsy in BC owing to their
high abundance in biofluids, superior stability, and their ability to reflect the molecular
status of their parental tumor cells [18]. Recent research trends highlight a significant shift
toward the development of integrated SERS platforms capable of exosome isolation, mul-
tiplex detection, and label-free molecular fingerprinting, thereby enabling precise and
clinical staging.

A central challenge in exosome-based diagnostics is the simultaneous quantification
of multiple surface proteins to accurately identify cancer subtypes. To address this, Su et
al. (2023) developed a paper-based vertical flow assay (VFA) biosensor employing AuNSs
for quantitative detection of MUC1, HER2 and CEA in clinical serum [18]. Unlike conven-
tional lateral flow assays, the VFA format minimizes the hook effect, a phenomenon in
which excessively high analyte concentrations yield false-negative or attenuated signals.
This system reaches an LOD in the range of 1-2.9 x107 particles/mL. Extending this ap-
proach, Su et al. (2023) reported an integrative lateral flow strip combined with multivar-
iate spectral unmixing, enabling absolute quantification of SKBR and MCF exosome sub-
types rather than single surface markers [62]. This method achieved an LOD of 1 x 10¢
particles/mL and demonstrated utility in monitoring tumor reduction following surgical
intervention. Further advancing multiplexing capabilities, G. Zhang et al. (2023) intro-
duced a magnetically driven tandem chip that enables rapid isolation and comprehensive
profiling of EVs by using cycling SERS tags to amplify signals from multiple protein bi-
omarkers [148].

The specific isolation of tumor-derived exosomes, such as PDL-1, is critical for diag-
nostic accuracy. Su et al. (2025) introduce an immunomagnetic substrate modified with
zwitterionic TMAO and PAMAM dendrimers and EpCAM aptamers (FesOs@PA-
MAM@TMAO®@Aptamer), achieving a capture efficiency of 90.5% with minimal nonspe-
cific protein adsorption [149]. Complementing these findings, the development of a nano-
photonic immunoarray with electrochemically roughened surfaces provides a handheld
approach for detecting secreted PD-L1 [150]. Similarly, Li et al. (2021) utilized gold nano-
dot-immobilized magnetic nanoparticles (MNPs; MNPs@Au) with an EF of 225 to isolate
and distinguish cell- and patient-derived exosomes using CD9 as a target [151]. In contrast,
Zhou et al. (2023) proposed a non-selective trapping strategy using Ti3C2TxMXene, which
forms Ti-O-P complexes with the exosomal lipid layer, to overcome the spatial site re-
sistance of sandwich immunoassays [152]. This approach, combined with peptide-func-
tionalized SERS tags, achieved an exceptionally low LOD of 20.74 particles/mL. Ngo et al.
(2025) utilized silane-PEG-DSPE to anchor small extracellular vesicles (sEVs) onto glass
surfaces through lipid bilayer integration, successfully detecting EpCAM-positive vesicles
from patient plasma at concentrations as low as 1.6 x 107 particles/mL [153].

Label-free strategies have also been implemented, providing an intrinsic “fingerprint”
of the exosomal composition without the need for exogenous tags. For example, Wang et
al. (2025) designed a 3D plasmonic AgNP@Au@PS nanosphere array chip that performs
automated on-chip nanofiltration to shield SERS “hotspots” from interfering plasma pro-
teins and salts [154]. This platform enabled accurate BC staging (stages 0-III) with a diag-
nostic accuracy of 99.6%. In terms of substrate innovation, Li et al. (2023) developed an
electroplated platinum-black template, which offers high reproducibility and a near-zero
background, distinguishing 4T1 cancer-derived exosomes with 83.3% sensitivity [155].
Furthermore, Zhao et al. (2025) engineered Ag@Na7PW110s (lacunary polyoxometalate
architecture) nanoclusters that improve EM with interfacial charge transfer, achieving an
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LOD of 7.73 x 107 particles/mL and an EF of 5.6 signal increase for exosomal protein de-
tection in a nanozyme-linked immunosorbent assay [11].

Beyond protein profiling, nucleic acid-based exosomal biomarkers have been tar-
geted with multiplexed SERS strategies. Hou et al. (2022) developed an asymmetric
Au@Au@Ag probe system for simultaneous detection of multiple exosomal microRNAs
[156]. By leveraging enhanced Raman signals and spectral separation, this approach
achieved highly sensitive multiplexing, underscoring the potential of exosomal miRNAs
as robust diagnostic indicators. Complementing this, Lee et al. (2019) [59] introduced a
plasmonic head-flocked Au nanopillar sensor for quantitative and specific detection of
exosomal miRNAs. This architecture provided strong electromagnetic field enhancement
and reproducibility, enabling accurate BC diagnosis [59]. Similarly, Q. Zhang et al. (2023)
[55] reported a ratiometric SERS biosensor based on an Au@Ag/GO substrate and V-
shaped double-stranded DNA probes for precise identification of BC-derived exosomes.
By employing 4-NTP as an internal standard, the system mitigated environmental fluctu-
ations and achieved an LOD of 150 particles/mL [55].

Previous studies, as mentioned before, are capable of staged BC for 0-III; however,
the technique of Feng et al. (2025) reported on healthy donors and BC patients across all
clinical stages (0-IV) with an accuracy of 89.7%, using an array integrating an amphiphile-
dendrimer supramolecular probe on a nitrocellulose membrane for capturing sEVs, with
AuNP-based nanotags targeting CD9, EpCAM, and HER?2, including machine learning
[24]. Then, a proposal for rapid clinical screening from Ho et al. (2024) introduced a drop-
let microfluidic platform for detecting HER2-positive exosomes [157]. The system lever-
aged salt-induced gold nanoparticle aggregation triggered by the presence of targeted ex-
osomes, achieving an LOD of 4.51g10 particles/mL in five minutes.

Exosome-based SERS platforms have advanced significantly, combining immuno-
magnetic capture, plasmonic nanostructures, nucleic acid probes and label-free finger-
prints to achieve highly sensitive, multiplexed, and reproducible detection. These innova-
tions enable precise molecular subtyping and staging of BC, positioning SERS assays on
exosomes as robust, non-invasive tools with strong translational potential for clinical di-
agnostics.

3.7.2. Circulating Tumor Cells (CTCs)

In the area of liquid biopsy for breast cancer, circulating tumor cells (CTCs) are rec-
ognized as high-value biomarkers for early diagnosis, prognostic assessment, and thera-
peutic monitoring. Their clinical implementation, however, is hindered by their extreme
rarity, often present at concentrations as low as 1-10 cells/mL of blood, and by substantial
phenotypic heterogeneity. These challenges necessitate the development of isolation and
detection platforms with ultra-high sensitivity and advanced multiplexing capabilities.

Recent research emphasizes the need to move beyond single-marker detection to cap-
ture heterogeneous CTC subpopulations, particularly those that evade EpCAM-based as-
says. Key strategy advancements include those reported by Wilson et al. (2020) [158], who
integrated a microfluidic platform employing magneti-optical iron-oxide-Au core-shell
SERS nanotags. This system enabled quantitative, simultaneous detection of four bi-
omarkers (EpCAM, HER2, CD44, IGF1R) through immunomagnetic capture and spectral
deconvolution using classic least-squares (CLS) regression, demonstrating strong con-
cordance with gold-standard ELISA [158]. Similarly, Zhang et al. (2018) introduced an on-
chip strategy combining size-based isolation with three spectrally orthogonal SERS ap-
tamer nanovectors targeting EpCAM, HER2 and EGFR [64]. By applying revised-CLS and
partial least-squares discriminant analysis (PLS-DA), they achieved 3D phenotypic profil-
ing at single-cell resolution, enabling reliable classification of breast cancer subtypes
(SKBR-3, MCF-7, MDA-MB-231).
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To minimize sample loss, “all-in-one” devices have been proposed by Jibin et al.
(2021) [159], developing a portable lab-on-a-filter centrifugal prototype capable of pro-
cessing up to 5 mL of whole blood within 60 s. The report indicates that this system em-
ployed a dual-functional sandwich complex, an anti-EpCAM-functionalized polycar-
bonate filter combined with Au-rGO@anti-ErB2 nanohybrids, achieving a LOD of 5
cells/mL and providing block-free, highly selective detection in complex biological matri-
ces [159].

Additional strategies have expanded the scope of CTC detection. Pan et al. (2025)
reported a PD-L1-targeted iron oxide SERS bioprobe, enabling accurate detection of CTCs
and the capacity for tumor boundary differentiation [160]. This approach demonstrated
high specificity for PD-L1-positive cells without the use of noble metals and underscores
its potential for monitoring expression in BC, including triple-negative BC. Szymborski et
al. (2022) introduce a dielectrophoresis-based sensor integrated into a microfluidic chip,
which allowed label-free detection of cancer cells with a threshold sensitivity as low as 20
cells/mL [161].

Related dual-function SERS identification platforms are being developed to enhance
the precision of liquid biopsy for CTCs, providing a preliminary screening tool that com-
plements exosomal analysis in comprehensive liquid biopsy frameworks. The platform
presented by D. Zhang et al. (2023) is tailored for both preliminary screening and defini-
tive diagnosis, using a magnetic FesOs complex capable of capturing TNBC [162]. Building
on this, Zhang et al. (2025) reported a dual-modal approach using A and 1O bioprobes
integrated with a Random Forest classifier [35]. This machine learning-assisted system
achieved a 98% detection rate for CTCs, 90% classification accuracy across multiple tumor
cell lines, and an ultra-sensitive LOD of 2 cells/mL, while effectively eliminating interfer-
ence from peripheral leukocytes [35].

The rapid evolution of SERS-based biosensors, microfluidics, and machine learning
integration has drastically enhanced the sensitivity and specificity of CTC detection. By
successfully addressing the core challenge of tumor heterogeneity and extremely low cell
concentrations, these advanced platforms provide a robust foundation for incorporating
CTC analysis into routine clinical workflows. Finally, these technologies hold profound
potential for non-invasive disease monitoring and highly personalized breast cancer man-
agement.

3.7.3. Circulating Biomarkers

Human blood serves as a rich reservoir of systemic information, characterized by a
complex composition of cellular remains, protein aggregates, lipoproteins, and diverse
biochemical species in the plasma and serum. Within the paradigm of liquid biopsy for
BC, CTCs and exosomes are traditionally considered the most prominent targets due to
their direct cellular origin and the tumor-specific load they carry. Nevertheless, a substan-
tial and growing number of other high-importance circulating biomarkers are equally vi-
tal for the comprehensive detection and monitoring of BC. These include proteins such as
CA15-3, CA125, CEA, and HER?2, as well as circulating nucleic acids like miRNAs, cell-
free DNA (cfDNA) and metabolites. Furthermore, the tracking of circulating metabolites,
including amino acids, lipids and nucleic acid catabolites, allows for the acquisition of a
molecular fingerprint that reflects real-time pathologic transformations and therapeutic
efficacy.

Regarding protein biomarkers, Zheng et al. (2018) developed a multiplexed micro-
fluidic chip for the simultaneous detection of CA15-3, CA125 and CEA in human serum
[61]. The system utilized self-assembled AgNPs, reaching an LOD of 0.01 U/mL for CA15-
3/CA125 and 1 pg/mL for CEA. In a similar vein, Wang et al. (2019) targeted the chemo-
kine IL-8, an important marker for tumor angiogenesis [163]. Their sandwich
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immunoassay utilized highly branched gold nanoparticles on ITO glass as the substrate
and 4-MBA-labeled Au nanocages as SERS tags [163]. The study reported a linear re-
sponse in human serum, identifying higher IL-8 levels in BC patients compared to healthy
controls.

Also, in proteins but with directional antibody conjugation, Khosroshahi et al. (2022,
2025) presented a label-free immunosensor for HER-2 and CA15-3 using directional mon-
oclonal antibodies conjugated to Au nanourchins immobilized on a printed circuit board
substrate [164,165]. This dual-oriented target platform achieved an EF of 0.5 x 105 and suc-
cessfully quantified biomarkers in clinical serum samples with an LOD of 10 ng/mL (HER-
2) and 20 U/mL (CA15-3) [164]. This work, along with related studies by the same group,
such as the label-free multiplexed SERS microfluidic immunoassay and the optical char-
acterization of CA15-3 using Au nanocluster probes, underscores the utility of GNU mor-
phology and directional conjugation in maximizing biomarker capture and signal repro-
ducibility [165].

Integrating the detection of multiple types of circulating biomarkers, Reza et al. (2018)
reported a platform for the parallel profiling of cancer cells and proteins [166]. Their sys-
tem consisted of AuNPs functionalized with Raman reporters and secondary antibodies
targeting HER2 and MUC-16, reaching an LOD of 100 fg/mL.

Circulating miRNAs and small metabolites offer additional opportunities for diag-
nostic information. Zhang et al. (2019) proposed a plasmonic affinity sandwich assay for
miR-21 using AuNP-decorated Ag@SiO: core—satellite nanocomposites [167]. This plat-
form demonstrated high sensitivity with an LOD of 10 fM and, impressively, only 5 uL of
serum [167]. For metabolic characterization, Moisoiu et al. (2019) used hydroxylamine-
reduced AgNPs to analyze serum metabolites extracted via methanol, achieving a sensi-
tivity and specificity of 98% and 91%, respectively, for discriminating cancer from controls
[3]. Similarly, Stiufiuc et al. (2020) utilized solid plasmonic substrates (Leopold—-Lendl Ag
nanocolloids) purified by tangential flow filtration to detect BC from pristine plasma with
89% accuracy [9]. Other specialized methods include the HAp-based adsorption—exfolia-
tion of serum albumin for label-free screening, which reached a diagnostic accuracy of
96.68% for BC [23]. Additionally, the analysis of low-molecular-weight fraction proteins
(<30 kDa) with centrifugal filters and AgNPs identified disease markers such as prolactin
and fibrinogen with 79% accuracy [168]. Finally, Nguyen et al. (2025) [169] presented a
label-free platform using self-assembled AuNP clusters within microcapillaries to scan
plasma metabolites. This approach, combined with a 2D-CNN machine learning model,
classified BC patients with 87.5% accuracy, highlighting the potential for fast, on-site di-
agnostics without complex pre-treatment [169].

The studies discussed in this subsection demonstrate that SERS-based detection of
circulating biomarkers is a powerful and versatile approach for breast cancer liquid bi-
opsy. By leveraging diverse substrates and innovative probing strategies, SERS platforms
can now target a wide spectrum of markers beyond cells and exosomes, reaching excep-
tional sensitivity and accuracy suitable for clinical translation.

3.7.4. Alternative Biofluids

While blood-derived samples such as plasma and serum remain the predominant
matrices for liquid biopsy, growing attention has been directed toward alternative bioflu-
ids that offer non-invasive, accessible, and patient-friendly sampling routes. Urine, saliva,
tears and nipple discharge represent promising sources of tumor-derived biomarkers,
each providing unique biochemical signatures that complement conventional blood-
based assays. These fluids are particularly attractive because they can be collected repeat-
edly with minimal discomfort, thereby facilitating longitudinal monitoring and broaden-
ing the applicability of liquid biopsy in diverse clinical locations.
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Urine-based SERS diagnostics: Urine is regarded as an ideal medium for real-time
monitoring due to its abundance and ease of collection. Lin et al. (2020) [170] demon-
strated the efficacy of a label-free SERS approach using 40 nm AuNPs combined with
Principal Component Analysis-Linear Discriminant Analysis (PCA-LDA). Their method
achieved a high diagnostic sensitivity of 96% for breast cancer versus healthy controls,
identifying glycogen, nucleic acids, and urea as key metabolic discriminators [170]. Simi-
larly, Moisoiu et al. (2019) utilized AgNPs activated with calcium ions to enhance the ad-
sorption of anionic purine metabolites (uric acid, xanthine, and hypoxanthine), achieving
an overall accuracy of 88% and specificity of 95% without requiring filtering or protein
removal [171].

The biochemical landscape of urine was also elucidated by lancu et al. (2022), who
compared serum and urine biofluids [172]. Their findings surprisingly showed that urine-
based SERS outperformed serum in classification accuracy (89% vs. 83%) by comparing
three algorithms; both fluids are dominated by purine metabolite signatures; however,
urine offers a more distinct metabolic profile for BC detection. To address the physiologi-
cal variability inherent in urine, such as pH and dilution, Andras et al. (2025) optimized
the protocol by adjusting urine to pH 9 and normalizing signals to the creatinine band at
1420 cm™ [173]. This standardization significantly enhanced spectral detail and classifica-
tion accuracy (85.7%), providing a robust framework for clinical translation.

Beyond label-free metabolic profiling, Kim et al. (2022) [174] developed a highly sen-
sitive SERS platform for circulating miRNAs (miR-21 and miR-155) in urine using seed-
mediated grown Ag nanopillars. This dual-targeted approach achieved zeptomole-scale
LOD and successfully discriminated between healthy and breast cancer mouse models,
highlighting the potential for specific molecular liquid biopsy in urine [174].

Salivary-based SERS diagnostics: Saliva offers a safe, non-invasive diagnostic me-
dium that reflects systemic inflammation and malignancy. Herndndez-Arteaga et al. (2017,
2019) focused on sialic acid as a salivary biomarker for BC [5,175]. Their research estab-
lished that SA concentrations are significantly elevated in BC patients (18.3 + 9.4 mg/dL)
compared to healthy controls (3.5 + 1.0 mg/dL). By utilizing citrate-reduced AgNPs and
ROC curve analysis, they established a diagnostic threshold of 12.5 mg/dL, yielding 80%
sensitivity and 93% specificity. This test can be particularly valuable for screening women
with dense breast tissue, where traditional mammography often fails.

Tears and nipple discharge: Kim et al. (2020) [26] designed a well-aligned Au-deco-
rated nanosphere monolayer SERS chip for on-site analysis of human tears. Using a port-
able spectrometer, they identified distinctive Raman peaks for DNA, tyrosine, and tryp-
tophan, achieving a classification accuracy of 96% and a sensitivity of 92% for asympto-
matic BC detection [26].

Furthermore, Song et al. (2024) [27] explored nipple discharge, which provides direct
access to the breast ductal microenvironment where most cancers originate. They em-
ployed a magnetic-field-amplified SERS technique to detect carcinoembryonic antigen
(CEA), with an antibody-conjugated silver nano-probe (AgNPs-Ab1/4-ABP) linked onto
the surface of another antibody-conjugated magnetic probe [27]. This approach reached
an LOD of 0.5 ng/mL and successfully distinguished between malignant lesions and be-
nign conditions.

The evidence from these studies demonstrates that alternative biofluids provide a
comprehensive molecular and metabolic landscape for breast cancer detection that often
rivals or complements traditional blood-based biopsies. While challenges such as pH var-
iability and the need for standardized protocols persist, advancements in portable instru-
mentation and multivariate statistical modeling (PCA-LDA, machine learning) are rapidly
bridging the gap toward decentralized, point-of-care screening. These non-invasive tools
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hold the potential to significantly reduce mortality through earlier detection and more
effective clinical monitoring.

The collective evidence across Sections 3.7.1-3.7.4 demonstrates that SERS has be-
come a cornerstone technology for advancing liquid biopsy in breast cancer. Exosome-
based strategies (Section 3.7.1) highlight the capacity of SERS to achieve multiplexed, la-
bel-free, and highly sensitive detection of vesicular proteins and nucleic acids, enabling
precise molecular subtyping and staging. CTC platforms (Section 3.7.2) address the chal-
lenges of rarity and heterogeneity through immunomagnetic capture, microfluidics, and
targeted bioprobes, achieving ultra-low detection limits and reliable phenotypic profiling.
Circulating biomarkers in blood (Section 3.7.3) expand the diagnostic scope to proteins,
metabolites, and nucleic acids, offering systemic insights into tumor progression and ther-
apeutic response. Finally, alternative biofluids (Section 3.7.4), including urine, saliva, tears,
and nipple discharge, provide non-invasive, patient-friendly sampling routes that com-
plement blood-based assays and broaden the applicability of liquid biopsy to decentral-
ized and longitudinal monitoring.

Taken together, these advances underscore the versatility of SERS for capturing the
molecular and cellular heterogeneity of breast cancer across diverse biological matrices.
Through the integration of nanotechnology, microfluidics, bio-functionalized nanoplat-
forms, and advanced spectral analysis, SERS-enabled liquid biopsy approaches have
evolved into increasingly robust, reproducible, and clinically relevant diagnostic tools.
This convergence positions liquid biopsy not only as a minimally invasive alternative to
tissue sampling, but also as a comprehensive framework for early detection, molecular
characterization, and longitudinal monitoring of breast cancer. Recent studies further il-
lustrate the evolution of SERS from conventional nanostructured sensing toward bi-
omarker-specific and Al-assisted diagnostic approaches, including HER?2 classification us-
ing ResNet-assisted analysis [176], molecular profiling with receptor-targeted nanoparti-
cles and nucleic acid probes [177,178], and characterization of the tumor microenviron-
ment through functional nanosensors [179]. Together, these developments highlight the
increasing generation of complex spectral and molecular datasets, creating a need for ad-
vanced analytical and computational tools for data interpretation.

3.8. Chemometrics, Machine Learning, and Al-Assisted Diagnostic Interpretation

Chemometrics provides the mathematical and statistical foundation for extracting
meaningful information from complex, high-dimensional spectroscopic data. In the con-
text of SERS, these tools are indispensable for mitigating spectral noise, baseline drift, and
the inherent complexity of biological matrices such as human serum, plasma, and urine.
To overcome these limitations, computational strategies have evolved from traditional
chemometrics to classic ML, and more recently, to DL and Al, each offering distinct ad-
vantages depending on data complexity [180].

Following the fourth cluster of MCA, several research papers have been included in
this section. They demonstrate the successful application of previous tools across various
biosensing platforms and biomarkers, as will be discussed below. A summary of the com-
putational frameworks applied in BC SERS diagnostics is presented in Table 5, including
PCA-LDA, PLS-DA, SVM, RF, KNN, MLP, CNN, ResNet, MIL-CNN, etc. This diversity
illustrates the rapid methodological evolution from linear statistical models to sophisti-
cated AL

Traditional chemometrics remain widely used for dimensionality reduction and
baseline classification. For example, Lin et al. (2021) [181] utilized hydroxyapatite micro-
spheres to target and adsorb serum albumin, an acidic protein whose levels correlated
with BC. By using a PO+~ release reagent, they preserved the protein’s native structure,
allowing PLS-DA models to analyze albumin-SERS spectra, achieving 100% sensitivity
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and 97.5% specificity [181]. For staging diagnostic screening, Nargis et al. (2021) demon-
strated that SERS combined with PLS-DA provided superior sensitivity (90%) and speci-
ficity (98.4%) compared to conventional Raman for identifying BC stages through II-IV
[66].

On the other hand, Wang et al. (2025) avoid the Vroman effect (displacement of small
molecules by high-abundance proteins) through two-stage ultrafiltration, fractioning se-
rum by molecular weight (=30, 3-30, <3 kDa) [37]. Then, after quantitatively detecting pro-
tein components and metabolites, overlapping peaks in SERS spectra were observed. The
authors further analyzed all SERS spectra with traditional PCA-LDA algorithms; however,
as reported, they were unable to discriminate between benign breast tumors and breast
cancer after segmentation. Then, the DNN algorithm was used, obtaining an overall accu-
racy of 99.53%. However, as demonstrated by Lin et al. (2019), PCA-LDA was useful in
urine samples for identifying BC vs. normal, and gastric cancer vs. BC, with a diagnostic
specificity of 87.5% and 90.7% [25]; a similar work was reported by Vargas-Obieta (2016)
with AuNPs of 40 nm [182]; also, Lin et al. (2021) used both ML methods, highlighting the
physical importance of measurement location with the “coffee-ring” area, indicating that
this area concentrates more biochemical features, improving accuracy by 12.1% compared
to the middle of the sample droplet, with 94.8% sensitivity and 98% specificity [57]. Wang
et al. (2025) [183] used the same “coffee-ring” distribution but with AuNPs to compare
LDA and SVM with Multilayer Perceptron models, with the latter presenting better accu-
racy of 85.7%. This demonstrated how the physical redistribution of solutes, coupled with
advanced NN, can resolve complex serum profiles for clinical auxiliary diagnosis [183].

Advanced biosensor architecture has also been developed to enhance signal reliabil-
ity, so Ma et al. (2020) engineered a porous Si Bragg reflector that provided a signal en-
hancement 3.17 times higher than single-layer PSi, enabling 95% diagnostic accuracy via
PCA-LDA [56]. Hernandez Cedillo et al. (2026) evaluated magnetic Ag/Ni/NiO nanowires,
achieving a remarkable 99% accuracy (PCA-LDA) in differentiating major BC subtypes
(LUMA, LUMB HER2, TNBC) while reaching an LOD of 10* M for rhodamine [6].

Classic ML algorithms provide stronger handling of non-linear spectral variances.
Some authors use one model for classification, such as X. Lin et al. (2021), Nguyen et al.
(2024), Shah et al. (2025), and Zhou et al. (2025), with DL, CNN, RF, and PLS, respectively,
obtaining results with single substrates [34,57,184,185]. Indeed, S. Zhang et al. (2024) in-
troduced a multi-modal approach combining ATR-FTIR and SERS, identifying that the
integration of both techniques provided complementary molecular fingerprints of RNA
biomarkers, resulting in a validation accuracy of 95.1% using only SVM [186]; other au-
thors have found better results with two or more models.

Traditional and classic methodologies are also combined to compare parameters
such as accuracy, sensitivity, and specificity. For example, Y. Lin et al. (2021) implemented
a cellulose acetate membrane purification system to isolate serum proteins, where a PLS-
SVM model presented higher performance than the traditional PCA-LDA model, with an
accuracy of 94.67% [187]. In another study, Gao et al. (2021) utilized recursive weighted
PLS (rPLS) to extract sensitive bands for OPLS-DA, LDA, AND PCA-SVM models, with
the rPLS-LDA model achieving a peak accuracy of 97.77% for simultaneous cervical and
BC screening [188]. Similarly, Liu et al. (2022) applied OPLS-DA to classify normal and
breast cancer cells, reaching a predictive performance of 0.714 [189].

Instead, Xie et al. (2026) focused on cellular-level analysis using TiO: nanotube arrays
modified with AgNPs [180], achieving a 100% accurate classification of cell lines via com-
posite ML models (PCA, LDA, DT, RF, KNN, and LR). While PCA gives a comprehensive
dimensionality reduction in high-dimensional data, i.e., assesses the differences between
the whole spectra of cells, LDA maximizes the separation between samples of different
categories and minimizes the scatter within the same categories. Then the authors opted
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to create a composite model based on LDA (LDA-DT, LDA-RF, etc.). They found that the
results from the LDA-DT model were relatively weak in recognizing cancer cells.

Deep learning and artificial intelligence surpass traditional methods by automati-
cally extracting hierarchical features; some examples are described further. ResNet-based
CNNs have been used to differentiate label-free exosomes from malignant (MCF-7, MDA-
MB-231) and normal (MCF-10A) cell lines, leveraging metabolically active biomarkers like
nucleotides and proteins to achieve 95% accuracy [190]. Similarly, Shin et al. (2023) em-
ployed a Multiple Instance Learning (MIL)-CNN to analyze plasma exosomes for pan-
cancer screening, reporting an area under the curve (AUC) of 0.97 for cancer presence and
effectively identifying BC with a sensitivity of 95.7% [38].

A significant innovation in SERS-AI is the conversion of 1D Raman spectra into 2D
images to leverage the spatial feature-learning capabilities of 2D-CNNSs. Cheng et al. (2024)
utilized the Gramian Angular Field technique to generate 2D spectral images, achieving
an accuracy of 98.13%, a sensitivity of 98.65%, and an AUC of 0.9884 [191]. Their results
indicate that 2D-CNNs capture richer contextual information than 1D-CNNs or tradi-
tional SVM models. Lin et al. (2025) also compared heatmap and Continuous Wavelet
Transform (CWT) transformations, finding that heatmap-based ResNet18 models yielded
superior accuracy (94.75%) for multi-cancer screening [192].

Other authors use hybrid models combining feature selection with DNNs, reaching
exceptional precision for complex tasks like molecular subtyping; Zhang et al. (2024) de-
veloped a model integrating Light GBM (LGB) for feature selection with a DNN [193]. LGB
identified critical wavenumbers contributing to classification, enabling the model to dis-
tinguish BC from benign BC and healthy controls with 96.40% accuracy. Crucially, this
method achieved high accuracy in evaluating molecular subtypes, such as HR+/HR-
(90.11%) and HER2+/HER2~- (88.89%).

Throughout this section, we have reviewed how SERS-AI platforms demonstrate
substantial analytical potential. Nevertheless, their clinical translation will depend less on
nominal classification accuracy and more on patient-level data partitioning, standardized
reporting, multicenter external validation, and prospective testing.

Overall, Table 5 reveals that the evolution of SERS-AI systems is driven not only by
increasingly sophisticated algorithms, but also by substantial advances in nanoarchitec-
ture design. Colloidal Ag NPs have progressively evolved toward ordered hotspot-bear-
ing substrates, core—shell nanoscale tags, dual-targeted probe systems, microfluidic plat-
forms, plasmonic superclusters, and multiplexed immunoassays. These architectures gov-
ern signal amplification, reproducibility, molecular selectivity, and data dimensionality,
thereby determining the quality of information available to ML models. Notably, high
diagnostic performance cannot be attributed to the algorithm alone, but rather to the inte-
grated sequence nanoarchitecture design, hotspot and probe organization, biomolecular
recognition, SERS signal quality, and, ultimately, Al-assisted prediction.

Building on this analysis, Table 5 also provides a more critical framework for evalu-
ating the clinical translation of SERS-based breast cancer diagnostic methods. From this
framework, the most significant and still unresolved gap emerges as the absence of a sys-
tematic co-design framework linking nanoarchitecture properties to Al model robustness
and clinical generalizability. Accordingly, future studies should move beyond the inde-
pendent optimization of SERS substrates and classification algorithms to determine how
hotspot distribution, probe organization, surface bio-functionalization, batch-to-batch
variability, and signal stability affect model predictions across different instruments, la-
boratories, and patient populations.
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Table 5. Computational and AI algorithms applied in SERS-based breast cancer diagnostics.

cps . RN Accuracy (%)
Reference  Dataset and Classes Classification/Analytical Validation Strat- SERS Substrate/Plat- Sensitivity (%) Ot‘hef Performance an(‘i Application Evidence Limitation
Task egy form e Within-Study Comparison
Specificity (%)
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31 FFPE tissue speci-
mens/patients: normal 6;
Luminal A 8 Luminal B 5;
HER2-positive 4; TNBC 8.

Cancer vs. normal; luminal Repeated stratified
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in the four-subtype classi-
fier.
Chemometric regression: PLS regression P; chemometric modeling / no reported classification rate: PCA and OPLS-DA 4
Four cell lines (MCF-7,
MDA-MB-231, LM2 and Intracellular Zn® ntifi R2 calibration > 0.98 and R2 Cell-line mechanistic study;
BrM2) exposed to known .ace ua qua Ten-fold cross-vali- Au@SiO2 hollow NA cross-validation > 0.99; Mechanistic quantifica- no diagnostic classes or
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128 serum donors: 69
breast cancer and 59

Binary breast cancer vs.

90% for five-fold
cross-valida-
tion/model devel-

Colloidal AgNP SERS; 98.13 (independent im-
Gramian angular field ages)

CV accuracy: 2D-CNN
98.44%, 1D-CNN 94.21%,
SVM 93.84%, PCA-LDA

92.87%, KNN 90.43% (best Automated serum

Image-level rather than do-

(1911 healthy; 3200 GAF images healthy classification. opment; .mdepend'- converts 1D spectra  98.65 preprocessing). AUC: breast cancer screening.r’for-level splitis not clari-
(1725 cancer, 1475 healthy) ent 10% image vali-, . fied; no external cohort.
enerated from spectra dation (320 im- into 2D images. 97.67 0.9884, 0.9704, 0.9613,
8 pectra. 0.9544 and 0.9648, respec-
ages). tively
833 serum donors/spectra: R .
1 - LGB- : .
BC 207, benign breast dis- BC vs. benign disease; BC Fnterna. tra.l n Label-free serum SERS GB-DNN: BC vs. benign Non-invasive breast . .
ease 83 and healthy con-  vs. benign vs. healthy; HR ing/validation with AgNPs; one aver- 98.30 (macro) 91.38/89.27/85.71%; HR cancer screening and Single-center cohort; no in-
[193] s trols 543. BC subt Y o an.d HE{SQZ m(.)lecular}j;;ub- monitoring and aved s gectru/m Joartici- 2.76 (macro recall) 90.11/90.09/90.18%; HER2 serum moleculfr sub- dependent/external valida-
HR- 11 2./HR+ 7 O'}IIEER%— tvpe classification model tuning; no Ent p P 98.30 (macro) 88.89/85.65/85.64% (accu- A tion.
142/HER2+ 65 ! P ) external cohort. P racy/recall/specificity). yping:
Three breast cell lines: nor-
mal MCF-10A, mildly ma-
lignant MCF-7 and malig- Dynamic liquid SERS One displayed experiment In vitro pure cell-line popu-
Separate spectral Y Y
nant MDA-MB-231. Train- Three-class label-free test sets in three in- in soft tubular micro- 94.1+1.14 had 94.4% overall accuracy;Rapid label-free identi- lations; spectra reflect mul-
[195] ¢ ing: 270 spectra (90/class); breast-cell-line identifica- eot SEIS I e I i dics with positively >83.3 (each class) platform RSD was 1.90%  fication of breast cell  tiple cells in the laser focus;

testing: 180 spectra per in-
dependent experiment

(60/class), repeated in three

experiments.

tion.

dependent experi-
ments.

modified silver nanos- >91.6 (each class)
tars.

within-run and 4.98%
across nine experiments.

phenotypes. no patient samples and no

external validation.

Notes: Accuracy, sensitivity and specificity are reported for the validation or test setting specified in each article. Values from training sets were not used as the

principal performance estimate. NR: not reported; NA: not applicable because the study performed regression, quantification or mechanistic analysis rather than

diagnostic classification; AUC/AUROC: area under the receiver operating characteristic curve; CNN: Convolutional Neural Network; RF: Random Forest; ResNet:
Residual Network; SVM: Support Vector Machine; KNNs: K-Nearest Neighbors; DL: deep learning; DNN: Deep Neural Network; MLP: Multilayer Perceptron;
PLS: Partial Least Squares; DNN-LightGBM: Deep Neural Network-Light Gradient Boosting Machine; MIL-CNN: Multiple Instance Learning Convolutional
Neural Network; OPLS-DA: Orthogonal Partial Least-Squares Discriminant Analysis; 2D-CNN: 2-Dimensional Convolutional Neural Network; GAF: Gramian

Angular Field; PCA: Principal Component Analysis; LDA: Lineal Discriminant Analysis; TOO: tissue of origin. Matching superscript letters in the first column

denote the association between each author (or study) and the methodology applied in the corresponding work. Cross-study performance values are not directly

interchangeable because the studies differ in biological unit, sample type, class definition, preprocessing, data augmentation, validation design and whether

splitting was performed at the patient, sample, spectrum or derived-image level. Algorithmic comparisons are strongest when made within the same study and

dataset.
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Addressing this gap will require standardized nanoarchitecture descriptors, patient-
level data partitioning, multicenter external validation, the use of prospective cohorts, and
direct algorithm comparisons performed on identical biological samples and SERS plat-
forms. Ultimately, systems with genuine clinical translation potential must demonstrate
not only high classification accuracy, but also reproducible nanofabrication, interpretable
structure-signal-prediction relationships, calibration transferability, and robust perfor-
mance under real-world conditions.

3.9. Translation Achievements: Preclinical and Clinical Studies

This section continues the MCA framework, maintaining the transition trajectory of
SERS biosensors in BC diagnostics and therapy from advanced proof-of-concept experi-
ments to preclinical validation and early clinical implementation. Here, SERS technologies
are tested in biologically relevant models, patient-derived samples, and clinical work-
flows, demonstrating their proximity to moving from laboratory innovation into precision
oncology applications.

3.9.1. Preclinical Models

Preclinical studies have increasingly focused on multimodal nanoprobes that com-
bine SERS with imaging modalities such as confocal fluorescence microscopy, MRI and
photoacoustic (PA) imaging [30]. These hybrid systems overcome traditional Raman lim-
itations in penetration depth and spatial resolution. For example, a 3D-printed PEGDA-
based scaffold was presented, supporting both SERS bioimaging and label-free biosensing
to track tumor microenvironment (TME) dynamics over time [196].

Advances in spatially offset Raman spectroscopy (SESORRS) have extended detec-
tion depths to 15-25 mm of tissue, validated in multicellular tumor spheroids with a
handheld SORS spectrometer [197]. Dual-modal systems, such as gold nanorods-iron ox-
ide bioprobes, combine SERS sensitivity with MRI deep-tissue tracking for PD-L1 moni-
toring in TNBC [198]. Another dual-modal system was proposed by Wang et al. (2016)
[199], reporting a dual-mode system based on immunofluorescence (IF) and immuno-
SERS (iSERS) microscopy, applied to formalin-fixed paraffin-embedded (FFPE) tissue sec-
tions, the clinical gold standard, to localize HER2 expression. In this system, wide-field IF
facilitates rapid global analysis, while iSERS provides high-resolution local mapping of
cell membranes using gold nanostars [199]. Also, advancement in this domain involves
the “MATRA” probe, which expands the multimodal repertoire to include T1-weighted
MRI and NIR-II photothermal immunotherapy. Preclinical studies in 4T1 breast tumor
models demonstrated that the integration of MRI/SERS surgical navigation with postsur-
gical anti-PD-1 antibody delivery effectively suppressed local recurrence and eradicated
distant lung and liver metastases by triggering a systemic immune response [200].

Triple-modality nanoprobes (TMNPs) have also been developed to cover the entire
perioperative window, integrating optoacoustic (preoperative), fluorescence (intraopera-
tive), and SERS (clean margin verification) capabilities. These probes utilize DNA func-
tionalization as a “nanoscopic ruler” to optimize the distance between near-infrared fluor-
ophores and the gold nanorod surface, balancing SERS enhancement and fluorescence
quenching. These TMNPs effectively target FOLR1-overexpressing TNBC in patient-de-
rived xenograft models and facilitate image-guided PTT [201]. Another example is the
proposal by Wen et al. (2021) [202], which is not limited to simple detection, integration
of theranostic nanoprobes that combine preoperative localization with intraoperative
eradication of residual microtumors. The “starPART” probe, utilizing a gold nanostar core,
integrates PA imaging, SERS detection, and PTT. In orthotopic breast cancer models, this
system allowed for preoperative tumor demarcation via PA imaging and the subsequent
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SERS-guided “thermosurgery”, which eradicated submillimeter residual foci post-resec-
tion, achieving a 100% tumor-free survival rate [202].

Preclinical innovations also address metastasis research, with microfluidic chips en-
abling real-time detection of interleukins (IL-6 and IL-8) during extravasation [29],
demonstrating how SERS can replicate tumor complexity, monitor therapeutic responses,
and overcome technical barriers such as penetration depth and imaging speed.

3.9.2. Clinical Translation Studies

Clinical translation emphasizes intraoperative tumor margin delineation and multi-
plexed biomarker profiling. Davis et al. (2018) validated CD47 antibody-labeled SERS
core—shell nanoparticles (Au@Si) in xenografts and an ex vivo human carcinoma specimen
[14], achieving strong tumor-to-normal tissue discrimination, as well as theranostic appli-
cations that combine SERS imaging with PTT. Feng et al. (2017) demonstrated Au NBPs
conjugated with 2-naphthalenethiol (2-NAP) and folic acid for targeted MCF-7 cell imag-
ing and tumor reduction [63], while Wang et al. (2020) introduced bioorthogonal nanotags
in the Raman-silent region (2205 cm™) with a diynl group, achieving high-contrast in vivo
imaging and 99% tumor inhibition [203].

Furthermore, Zhang et al. (2025) [204] designed a SERS-bioluminescence dual-modal
imaging strategy using macrophage-membrane-encapsulated probes. This system uses
bioorthogonal click chemistry to track TNBC metastasis to critical organs like the lungs
and liver in real-time, providing a highly sensitive method for assessing therapeutic re-
sponses to drugs like adriamycin and ifosfamide [204]. Ou et al. (20218) also achieved
longitudinal tracking of PD-L1 and EGFR biomarkers in vivo using gold nanostars, show-
ing that maximum accumulation occurred 6 h post-intravenous injection and correlating
SERS spatial maps with vascular density ex vivo [205].

Clinical pathology has benefited from spectro-histology platforms. Murali et al. (2023)
achieved triplex detection of ER, PR, and HER2 in formalin-fixed paraffin-embedded tis-
sues, aligning perfectly with traditional immunohistochemistry and fluorescent in situ
hybridization grading [141]. J. Li (2023) presented a volume-active nanoprobe, which has
32 resolvable colors in the Raman-silent region using bioorthogonal Raman molecules
[206], enabling multiplexed imaging of immune checkpoint networks in biopsies. These
advances demonstrated SERS as a powerful complement to conventional pathology, of-
fering speed, objectivity, and multiplexing capacity.

The translational achievements of SERS biosensors in breast cancer reflect a contin-
uum of innovation that mirrors the MCA trajectory. Beginning with preclinical models,
these systems replicate tumor complexity and validate multimodal nanoprobes for imag-
ing and therapy, demonstrating tumor sensitivity-stroma interactions, metastatic pro-
cesses, and therapeutic responses. Progressing into clinical feasibility studies, SERS has
confirmed its ability to detect and grade biomarkers in patient tissues and biofluids, es-
tablishing itself as a reliable adjunct to conventional pathology.

The next stage, intraoperative and theranostic applications, highlights the transform-
ative potential of SERS in surgical oncology, enabling real-time tumor margin delineation,
margin assessment, and integrated imaging therapy strategies that combine detection
with photothermal eradication of residual disease. Finally, clinical translation studies val-
idate SERS in patient cohorts, achieving multiplexed profiling, therapy monitoring, and
immunotherapy response prediction, thereby underscoring its inclination for integration
into precision oncology workflows.

4. Conclusions and Future Perspectives

The rapid evolution of SERS over the past decade has positioned it as a promising
analytical tool in the landscape of breast cancer diagnostics. As evidenced by our
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comprehensive bibliometric analysis (2016-2025), the field has experienced exponential
growth in global scientific production, driven by interdisciplinary collaborations across
nanotechnology, physics, analytical chemistry, and oncology. Bibliographic mapping and
Multiple Correspondence Analysis highlight a transition from fundamental substrate en-
gineering to complex applications such as biomedical diagnostics.

The available evidence indicates that the clinical potential of SERS in breast cancer
depends on the interaction among nanoarchitecture, biofunctionalization, and computa-
tional analysis, rather than on the isolated sophistication of any single component. Alt-
hough advanced nanostructures such as plasmonic nanopillars, multiplexed nanotags,
and exosome biosensors achieve high analytical sensitivity, they do not always exhibit the
highest degree of clinical validation. In parallel, platforms biofunctionalized with anti-
bodies, aptamers, or DNA/LNA probes increase molecular specificity, whereas label-free
approaches preserve a broader range of biochemical information, although the cost of re-
quiring more complex algorithms for interpretation.

The observed evolution from conventional chemometric methods (PCA-LDA) to-
ward machine learning models (SVM, Random Forest, XGBoost) and deep learning archi-
tectures (CNN, Transformer) reflects this transition. The principal challenge remains the
reproducible integration of nanoarchitecture, biofunctionalization, and artificial intelli-
gence. Future studies should therefore prioritize standardization, multicenter validation,
and model interpretability to facilitate the clinical translation of SERS-AI platforms.
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tary File).
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Abbreviations

The following abbreviations are used in this manuscript:

SERS
BC
MCA
ML

Al
MRI
ER

PR
AuNPs
AgNPs
EM
LSPR
M

EF
HCPCs
LOD
miRNAs
WoS
GS

JIFs
HOMO
LUMO
pM
NCs
GO
TNBC
AuNs
RBTIC
MGTI
DTDC
4MBA
R6G
EpCAM
ErbB2
CD44
EGFR
CTCs
PD-L1
sEVs
4-MBA
4-mp
Ccv

MB

FA
FCC
GaN
FAM
TNB
SAMs
EV

PG
PTT
PDT
PB
SELEX

Surface-Enhanced Raman Spectroscopy
Breast Cancer

Multiple Correspondence Analysis
Machine Learning

Artificial Intelligence

Magnetic Resonance Imaging
Estrogen Receptor

Progesterone Receptor

Gold Nanoparticles

Silver Nanoparticles

Electromagnetic Mechanism
Localized Surface Plasmon Resonance
Chemical Mechanism

Enhancement Factor

Hierarchical Clustering on Principal Components
Limit of Detection

Micrornas

Web of Science

Google Scholar

Journal Impact Factors

Highest Occupied Molecular Orbital
Lowest Unoccupied Molecular Orbital
Picomolar

Nanocubes

Graphene Oxide

Triple-Negative Breast Cancer

Au Nanostars

Rhodamine B Isothiocyanate
Malachite Green Isothiocyanate
3,30-Diethylthiadicarbocyanine Iodide
Mercaptobenzoic Acid

Rhodamine 6G

Anti-Epithelial Cell Adhesion Molecule
Anti-Erythroblastic Oncogene B2
Anti-Cluster of Differentiation
Epidermal Growth Factor Receptor
Circulating Tumor Cells

Programmed Death-ligand 1

Small Extracellular Vesicles
4-Mercaptobenzoic Acid
4-Mercaptopyridine

Crystal Violet

Methylene Blue

Fibroadenoma

Fibrocystic change

Gallium Nitride

Fluorescent Molecule
5-Thio2-Nitrobenzoic Acid
Self-Assembled Monolayers
Extracellular Vesicles

Protein G

Photothermal Therapy

Photodynamic Therapy

Prussian-Blue

Systematic Evolution of Ligands by Exponential Enrichment
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4-Mpy 4-Mercaptopyridine
PBA Prussian Blue Analogue
RCA Rolling Circle Amplification
DSN Duplex-Specific Nuclease
CSsC Cancer Stem Cell
PLS-DA Partial Least-Squares Discriminant Analysis
PCA-LDA Principal Component Analysis-Linear Discriminant Analysis
DL Deep Learning
cfDNA Cell-Free DNA
CEA Carcinoembryonic Antigen
CNN Convolutional Neural Network
RF Random Forest
ResNet Residual Network
SVM Support Vector Machine
KNN K-Nearest Neighbors
DNN Deep Neural Network
MLP Multilayer Perceptron
PLS Partial Least Squares
DNN-LightGBM Deep Neural Network-Light Gradient Boosting Machine
MIL-CNN Multiple Instance Learning Convolutional Neural Network
OPLS-DA Orthogonal Partial Least-Squares Discriminant Analysis
2D-CNN 2-Dimensional Convolutional Neural Network
GAF Gramian Angular Field
TMNPs Triple-Modality Nanoprobes
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