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Since its discovery, surface-enhanced Raman scattering has shown to be an ultrasensitive analytical tool. The
technique was revolutionized with advances in micro/nanofabrication techniques. This resulted in the expansion
of SERS applications in biosensing. However, SERS is still facing many challenges to be translated into the clinic.
In this review, we will discuss how data analytics algorithms may be used to democratize the applications of
SERS in translational medicine. This combination has the potential to create a new dimension of SERS in
translational medicine to unlock the SERS access to the clinic, offering high precision and accuracy in evaluating

Clinic or monitoring health and disease states. We believe that AI/ML may open new avenues towards the bench-
marking of SERS (bio)sensors and their applications in the medical field.

1. Introduction

The development of sensitive, robust, fast, and inexpensive molec-
ular biosensors is an active ongoing research field, particularly during
and after the era of the global pandemic of COVID-19. Traditional
diagnostic tools are complex, expensive and fail to address patient het-
erogeneity. Current needs demand cheap, fast, early and personalised
diagnosis, and decentralized testing. In particular, regarding patient
diversity and diagnostic personalisation, current efforts are focused on

the identification of quantitative biomarkers and their application as
part of larger panels that ensure specificity and sensitivity, and that lead
to improved patient stratification and continuous minimally-invasive
monitoring [1].

Surface-enhanced Raman scattering (SERS) offers many advantages
over other analytical techniques, such as improved detection limits and
multiplexing capabilities. Some artificial intelligence (AI) and machine
learning (ML) methods have been widely applied to promote a more
detailed and accurate classification of samples by analysing their data
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previously obtained via SERS [2]. Such methods enabled the classifi-
cation of fungal cells [3], small molecules [4], infectious disease diag-
nosis [5], antiviral drugs and protein antigens [6,7] and bacterial cells
[8], mammalian cells [9], and extracellular vesicles [10].

SERS is a stable, non-destructive technique and, not only improves
on sensitivity and specificity of current tools but, due to the latest ad-
vances in manufacturing and nanotechnology, also improves on reli-
ability and robustness. Also, the multiplexing capabilities of SERS
enables quantitative analysis of a large panel of biomarkers simulta-
neously, despite using a single excitation wavelength. Yet, to obtain
meaningful information, it is necessary to analyse a large amount of
complex data. This is particularly challenging when analysing clinical
samples, with high complexity and variability [11].

Despite all their advantages, SERS biosensors are still confined to
research labs with sophisticated Raman systems and are not widespread
among clinicians [12]. The struggle of SERS in translational medicine
and its transfer into clinics may be based on many factors, including, but
not limited to, the cost and reproducibility of SERS substrates and the
lack of standardization and benchmarking of SERS biosensing platforms
[13]. In any SERS biosensing platform, there are a lot of variables that
may impact the biosensor performance due to variations in the SERS
spectral intensity. These variables can be related to three major SERS
components: the SERS substrate, the Raman system, and the analyte/s of
interest [13]. The main focus of this review is to showcase some ex-
amples on how data analytics can bring Raman and SERS closer to
clinical applications. The reader is advised to read these seminal reviews
for better understanding about SERS in general, its enhancement
mechanisms, different fabrication strategies of SERS substrates, and how
SERS performance can be dramatically influenced by the nanostructures
types, sizes, shapes, and the nanogaps between them [14-17]. Indeed,
the field of designing and developing SERS substrates has been advanced
in the past decade by innovative synthetic strategies of different nano-
structures, nanocomposites, and well-engineered plasmonic nanogaps
[14,15].

We summarized a “wishlist” of characteristics of an ideal SERS
substrate based on the recommendations of Michael Natan [16] in a
seminal Faraday Discussion article and a comprehensive review of Pilot
et al. [18], as follows: 1) easy to fabricate and have a relative standard
deviation of no more than 20% of signal intensity from spot-to-spot
within the same substrate, and from substrate-to-substrate; 2) enhance
the Raman spectral intensity to offer high sensitivity and low detection
limit; 3) applicable to various kinds of samples whether they adsorb
strongly or poorly to the substrate; 4) stable over a long period of time;
and 5) inexpensive [16,18]. Additionally, the complexity of biological
matrices has to be taken into account during the initial design of SERS
substrates to avoid non-specific interactions and increase selectivity and
specificity. However, it is well recognized that to find a SERS substrate
with all of the aforementioned characteristics and to be a universal
substrate for any application is very difficult [18]. Moreover, variations
in Raman equipment have highlighted the complications that arise when
attempting to compare the same SERS substrates between different labs
[13]. Most SERS publications show the SERS performance of the sub-
strate, using stable Raman probes (aromatic thiols and/or Raman dyes)
with high adsorption affinity to the plasmonic nanostructures and with
large Raman cross-sections [13,16]. Unfortunately, this is not the gen-
eral case for clinical samples where molecules have poor adsorption
affinity to the substrate and small Raman cross-sections. Furthermore,
sample pre-treatment of real samples can be crucial in developing effi-
cient SERS bioassays, like any other bioassays. Sample pre-treatment
should take into consideration the matrix complexity of real biological
samples (e.g blood, cells, tissues, etc), and how this complex matrix may
have different components with higher concentration than the analyte
(s) of interest. If the sample pre-treatment was not efficient to deal with
this complexity, non-specific adsorption and interferences may result in
from the matrix components, leading to a SERS assay with poor per-
formance [19]. For example, Porter’s group showed how serum sample
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pre-treatment can improve the detection limit by 2-3 orders of magni-
tude in the development of SERS immunoassay for tuberculosis [20].
However, the pre-treatment step should be fast, simple, and efficient to
keep minimal steps involved in the SERS bioassay to keep it amenable to
point-of-care applications [19].

Compared to well-established bioanalytical techniques, such as
enzyme-linked immunosorbent assay, chromatographic, and mass
spectroscopic techniques, there is a lack of standard operating proced-
ures and good laboratory practices regarding how SERS can be imple-
mented for label or label-free bioassays [13]. Commercial SERS
substrate companies provide general guidelines on how to use their
products, such as the sample volume to be used, laser wavelength,
power, and acquisition time, which may or may not be suitable for
actual clinical samples. These guidelines were primarily made by using
analytes with large Raman cross sections and high-to-moderate
adsorption affinities to their SERS substrates for qualitative or
semi-quantitative purposes. In addition, there is no agreement in the
SERS research community on one or two commercial “benchmark” SERS
substrates, which different labs can use to compare and/or validate the
performance of their SERS platform/bioassay. Subsequently, there is a
need for global collaborations between different labs to start a mission
for the standardisation and benchmarking of SERS assays [13]. We
believe that merging Al algorithms and SERS can accelerate and opti-
mize this global mission for harmonizing standardisation and bench-
marking of SERS biosensing platforms.

2. Spectral data analysis approaches

Clinical decision-support systems based on spectral data require
spectral analysis algorithms to interpret acquired spectra and provide a
binary classification of a task (e.g., cancer vs. no cancer). Spectral data
analysis algorithms generally fall into two main approaches: biophysical
and machine learning (ML) approaches. Biophysical approaches directly
extract information from spectra (e.g. biological, biochemical, optical
information, etc.), then build classification models based on those
extracted metrics. ML approaches build models directly on the spectra
without extracting any intermediate biophysical information. The final
task for both approaches is to build diagnostic models based on either
the extracted information or the original spectra. Therefore, the spectral
analysis methods vary mainly in their information extraction processes.
Here, both biophysical spectral analysis methods and ML based methods
will be briefly introduced.

2.1. Biophysical approaches

Biophysical approaches build models based upon the physical
mechanisms of light propagation and seek to directly determine the
underlying biological and physical composition of the tissue and/or
sample. Common spectroscopic approaches such as diffuse reflectance
spectroscopy (DRS) and Raman spectroscopy utilize combinations of
analytical models (e.g. optical diffusion) or numerical techniques (e.g.
Monte Carlo simulation). Early examples of these approaches focused on
extracting optical properties and detecting single molecules from
various spectroscopic modalities, including Raman spectroscopy [21],
DRS [22], polarized light scattering spectroscopy [23], and fluorescence
spectroscopy [24].

Most recently, inverse Monte Carlo methods remain the primary
numerical technique used for spectroscopic analysis methods. Various
forms of inverse models have been developed to efficiently extract op-
tical properties (absorption and scattering) from acquired spectra. Those
optical properties are then used to determine the biophysical features
that distinguish them, such as blood content, blood oxygenation,
melanin content, lipid concentration, and microstructural (scattering)
density. For example, a Monte Carlo look-up-table inverse model was
used on DRS both non-clinically [25] and preclinically [26] for appli-
cations in detecting skin cancer noninvasively. The Monte Carlo
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approach allows the simulation of more complex tissue structures, such
as multi-layer tissues [27] and thick tissues [28]. A notably powerful
technique applied to Raman spectroscopy is to extract the biochemical
composition of a tissue sample by breaking down the spectra into
sub-spectra of different biochemical components [29]. Raman spec-
troscopy discriminates a plurality of soft tissue biochemical components,
including structural proteins (collagen, elastin, keratin), DNA content,
and lipids (triolein, ceramide) [29]. These examples highlight biophys-
ical approaches applied to Raman and diffuse reflectance spectroscopy;
however, biophysical approaches have also been applied to light scat-
tering [23] (e.g. enhanced backscattering spectroscopy, low coherence
interferometry) and fluorescence/life fluorescence spectroscopy [24].
These approaches can extract nanostructure metrics, cell nuclei density,
and molecular composition, and they are often implemented in an im-
aging mode to map these features over surfaces.

Biophysical models are widely used because they provide biological
and physical information that can be directly related to diseases. How-
ever, the models employed require an additional layer of computational
complexity that can be a barrier to their use. Often, experimental arti-
facts cannot be properly accounted for or maybe unknown, complicating
the extraction of the biophysical parameters. Thus, ML-based ap-
proaches offer a complementary approach to such tasks.

2.2. Machine learning approaches

ML approaches seek to categorize spectral data based upon their
inherent statistical variances, without directly determining the under-
lying biological or physical mechanism for the variances. Spectral
analysis using ML often uses dimension reduction because the spectral
data is represented by thousands of points that are reduced to a few
parameters that describe the primary variances of a spectrum. Classifi-
cation models are based on the statistically extracted features just as
used on the biophysically extracted features. One of the most widely
used dimension reduction techniques when analyzing spectra is prin-
cipal component analysis (PCA) [30,31]. Other dimension reduction
algorithms like Partial Least Squares- Discriminant Analysis (PLS-DA)
and Linear Discriminant Analysis (LDA) are also used widely. Another
direction of using ML approaches is to build the classification models
directly on the original spectra. When the number of spectra is sufficient,
this is often fulfilled by using artificial neural networks (ANN) because
of their ability to create complex classification boundaries.

ML approaches have been used since the early uses of spectral
diagnosis of tissues [32,33]. However, recent uses of ML for spectral
diagnosis have been accelerated, demonstrating gains in classification
accuracy. Commonly used ML models for spectral classification include
techniques such as support vector machine (SVM), k-nearest neighbor
(KNN), Random Forest (RF), Gradient Boosted Classifier (GBC), and LDA
[34]. These classification models show outstanding performance when
the feature numbers are small. Large numbers of features introduce
more variance and increase the risk of overfitting to those models. ANN
can be used for classification with large numbers of features and even
with the original spectra without dimension reduction [35].

It is possible to find in the literature several examples in which by
applying data analytics is possible to enhance the performance of
chemical sensing systems. For example [36], Holgado and co-workers
published a comparative study applying two different data processing
methodologies over the same set of experimental data obtained from an
optical interferometric sensor: one based only on monitoring the sensor
resonance mode, and the other applying PCA for obtaining the sensor
metrics. The same regression techniques were applied to the sensor
metrics over the different methodologies obtaining an improvement on
the limit of detection of 140 times with the ML approach. This case study
application was in the agricultural field, but other examples can also be
found in the biological field. Pandit et al. [37]presented a comparative
study applied to protein detection wusing fluorescence with
surface-functionalized carbon dots. The signal produced by the
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combination of the carbon dots and eight different proteins in different
circumstances was analysed by LDA and different ML algorithms,
obtaining better performance with the latest, especially SVM, LR, KNN,
and GBC. Another example on how the value of data can be augmented
by applying different forms of data analytics to a problem is the
comparative study by Hong et al. [38]. Here the authors applied PCA
and SVM over the same experimental data obtained from SERS signals
from the serum of different patients with colorectal cancer. In this study,
the authors obtained a superior performance in the classification of the
serum applying SVM over PCA.

3. Analysis of Raman data in biomedicine

In order to analyse the advances in data analytics in SERS, it is
necessary also to present the developments based on spontaneous
Raman scattering (or simply Raman spectroscopy - RS). Thanks to the
advancement in computational methods and easier-to-use software for
their implementation, ML algorithms have become a common practice
in analysing biomedical Raman data.

RS has been applied to analyse a wide variety of biological samples,
including tissues, cells, and biofluids [39]. In addition, some groups also
managed to bring RS directly in vivo by building Raman endoscopes or
devices for the analysis of the skin [40].

Within this multitude of studies, the analysis of Raman spectra has
been approached with different degrees of complexity. In some cases,
the analysis of a single peak can already provide valuable information.
For example, the Raman spectra of bones and breast cancer micro-
calcification are often based on the study of the width of phosphate peak
[41]. The analysis of single peaks is, however, problematic as Raman
spectra might be affected by many experimental factors related to the
sample, its matrix, and the Raman instrumental configurations and
measurement conditions (e.g. laser wavelength, power, irradiation time,
confocal setup versus non-confocal, sample stability upon irradiation
and with time, etc.). These factors may lead to variations in Raman
shifts, peak width, and relative intensities [42].

To deal with the inherent complexity of biological Raman spectra,
many groups working on the clinical implementation of RS applied
multivariate statistical approaches. Principal Component Analysis -
Linear Discriminant Analysis (PCA-LDA) techniques have been vastly
exploited in the literature on clinical spectroscopy. For example, the
Raman analysis of biofluids followed by a PCA-LDA analysis was pro-
posed for the diagnosis of different kinds of cancer [43-45], neurolog-
ical disorders [46,47], and metabolic diseases [48]. Similarly, this
approach was used, among the other applications, for the classification
of cancer cells in acute myeloid leukemia (AML) [49], for the differen-
tiation between cancer cells in prostate cancer (PCa) [50], and the in
vivo detection of gastric intestinal metaplasia [51].

Another commonly used multivariate approach, particularly useful
when a binary classification is needed, is Partial Least-Squares regres-
sion (PLS). Similarly to what is done with PCA, PLS is followed by
discriminant analysis and has been applied to classify cytological sam-
ples and biofluids of different kinds of cancers [52], and to identify
patients with asthma [53].

As mentioned above, more complex ML methods are becoming more
popular in the field. Masson et al. used a least absolute shrinkage and
selection operator (LASSO) regularization of data to select the Raman
features relevant to monitor the biochemical changes occurring in situ in
the human cervix during spontaneous and induced labor [54]. Harris
and co-workers used an RF algorithm in a large prospective study (408
patients) on RS of serum samples for the triage of patients referring to
general practitioners for symptoms that might be associated with colo-
rectal cancer [55]. SVM is a particularly popular algorithm used to
classify Raman spectra [56], and has proven effective in discriminating
Alzheimer’s disease patients from a matched cohort of healthy controls
[57], and in distinguishing gastric cancer from normal gastric tissues
with an impressive reported sensitivity of 88.2% and a specificity of
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91.9% [58].

Finally, different neural networks (NNs) have also been applied to
the analysis of Raman spectra for the non-invasive screening of patients
with type 2 diabetes mellitus [59]; for the identification of the extra-
cellular vesicles released by prostate cancer cells [60]; and for the
identification of breast cancer tissues samples [61]. It is also important
to notice that ML and NN are not only useful for spectral classification.
NNs also show great promise for the pre-processing and exploration of
Raman hyperspectral images, speeding up both the time required for
their acquisition [62], and for the qualitative and quantitative analysis
of the component present [63].

4. Advances in SERS data analysis
4.1. Tissues and 3D models

Over the past decade, the application of SERS in living biological
samples, whether they are in vitro or in vivo systems, has advanced
considerably. In both cases, for SERS to occur, light of a defined wave-
length in resonance with the localized surface plasmons of the nano-
particle (NP) must be able to reach the NPs and the Raman probes or the
analytes, and the subsequent inelastic scattering of photons must reach
the detector. A significant limitation is the short penetration depth of the
excitation laser light, which is shown to be ca. 2—5 mm for NIR light
sources. One way to overcome this is via endoscopic methods. In this
respect, Raman endoscopic probes have also gained attention to avoid
light penetration problems, leading to real-time image-guided resection
[64].

The biological environment itself presents many obstructions, both
physical and molecular, which diminish both the incident and reflected
light, as well as playing an important role in defining the physico-
chemical properties of the NPs in situ [65]. Due to this complicated
environment, it is vital to have not only highly stable but also
well-characterized NPs, which, in the case of SERS imaging, carry
“bright” Raman active molecules [66,67]. The correlation of the ob-
tained SERS signal (spectral intensity) with the number of such SERS
tags is a crucial aspect [67].
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Regarding the interaction of light with biological samples, there are
various methods by which incident and reflected photons can interact
with cells or tissues in question (Fig. 1) [68]. Reflectance from the skin
surface accounts for a loss of ca. 4 - 7% of the incident light, with the
remaining light penetrating the epidermis [69]. From here on, both
absorbance and scattering play crucial roles and collectively determine
the number of photons that will penetrate further [70]. In addition,
changes in the refractive index at cellular and tissue boundaries and
between healthy and diseased states can reduce the absolute amount of
photons arriving and leaving the sample. On a cellular level, photons
interacting with SERS tags in intracellular vesicles will be exposed to
multiple changes in refractive index, varying from 1.46 at the plasma
membrane to 1.36 in the cytosol [71]. When a laser passes through
multi-cellular models and tissues, these changes are significantly
augmented. Regardless of the various barriers, light can and does arrive
to intracellular SERS substrates, in part thanks to the use of NIR laser
irradiation sources located in the first and second Biological window
(BW-I, 750-950 nm; BW-II, 1000-1350 nm). The extent of scattering
and absorption is minimal in these BWs, and fluorescence interference
can be considered negligible when compared to the intensity of SERS
signal reaching the detector.

Concerning the 3D cell models or tissues themselves that are
currently being explored for SERS measurements, improvements in
control over production methods have allowed for reproducible and
size-controlled spheroid formation, aiming to mimic simple tumours
lacking vasculature. More complex 3D bioprinted models, composed of
multiple cell types and with an increased overall size, can also now be
routinely produced, and the final combination of such 3D cell models
with microfluidics has allowed the “organ-on-a-chip” technology to
grow. However, although the model itself may be highly advanced,
without equally sophisticated SERS detection systems and data pro-
cessing techniques, their use in SERS is trivial [72]. Yet, both aspects can
lead to undesired cytotoxic effects if working with live cells. A further
problem arises in that SERS, being a spectroscopic technique, is data
rich, especially when high-resolution images and multiplexing of
different molecules are desired. Therefore, methods to improve data
acquisition and analysis are emerging to maximize the information
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Fig. 1. Optical properties of the skin can reduce incident light intensity.
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obtained from such complex images and ease its understanding. For
example, ML which allows one to study the interactions of administered
NPs in tissues, is gaining much attention as a next-generation data
processing technique [73].

To conclude, SERS imaging and biosensing are highly interesting
techniques for analysing 3D cell models and tissues in a non-invasive
way. Whilst light scattering and absorption due to biological compo-
nents can significantly reduce the intensity of incident light arriving to
the plasmonic substrate, via the design of bright SERS NPs, sufficient
data can be obtained to determine the molecular and cellular charac-
teristics of the sample in 4D. Combining chemometrics for SERS data
analysis and live-cell imaging makes biomolecule monitoring possible in
real-time conditions.
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4.2. Cells

In the clinic, the conventional techniques for a general diagnosis of
cancer cells are based on the targeting of specific cancer-associated
cellular proteins and biomarkers expression. However, for a precise
diagnosis, such as differentiating between cancer subtypes and analysis
of the cellular environment, more sensitive detection techniques are
required. PCA paired with SERS has been implemented in many studies
to interpret spectral data variations and classify diverse cell types and
even stages of cancer. For example, Kaminska et al. developed a label-
free SERS platform to analyse circulating tumour cells (CTC) from
blood samples [74]. In their study, 300 SERS spectra from different cell
lines were analysed to distinguish between the different cell pop-
ulations, achieving a sensitivity of 82% [74]. Another example
demonstrated the potential of a SERS substrate (fabricated as a Lang-
muir-Blodgett film) supported by the PCA approach to screen and
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Fig. 2. Representation of different ML methods applied to SERS spectra from cells. a) Analysis of SERS spectra from cells treated with photodynamic therapy (PDT)
using PCA: i) SERS spectra of the 4T1 breast cancer cells treated with PDT: dead and viable cells, and also the control group (cells without any treatment); ii) PCA
scatter plot of the treated breast cancer cells and the distinction between the different groups: control and treated (viable and dead). Reprinted and adapted from
Ref. [76]. Published by Springer Nature Limited. b) The spectra of 4 different cell lines (MDA-MB-231, HCC-1806, LNCaP-C4-2, and MCF-10A) examined by the NGK
ML method: i) the predictions for every two sets of cells, and ii) comparison between the original experimental and test groups (represented by TGs: TG1, TG2, TG3,
and TG4) Reprinted and adapted from Ref. [77]. Published by Springer Nature Limited.
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identify human cancer cell lines from normal cells [75]. Additionally,
the analysis of SERS results with PCA has identified and distinguished
between non-treated controls, dead cells, and viable cancer cells after
photodynamic therapy (Fig. 2a) [76].

Other approaches based on supervised ML have been successfully
used to identify different cell types with high accuracy. For example,
Ren et al. showed the application of the nonnegative garrote method on
the kernel machine (NGK) algorithm to examine the SERS spectral data
from four different cell lines (breast and prostate) and successfully
identify the different cell types with a 100% match in the blind testing
groups (Fig. 2b) [77]. Han and co-workers demonstrated the possibility
of performing RF to classify breast cancer and normal single cell auto-
matically [78]. The application of the algorithm resulted in results with
a precision of 75.5%, an accuracy of 78.2%, and a recall of 66.7%.
Another strategy selected by Hassoun and collaborators demonstrated
the identification and classification of cells without any sample prepa-
ration by applying PCA and SVM to the collected SERS spectra [79].
Culha’s group has shown that combining PCA-LDA algorithms to analyse
SERS spectral dataset can distinguish renal cancer cells from
non-cancerous cells [80].

More recently, pairing convolutional neural networks (CNNs) with
SERS has shown that SERS can reach a 100% prediction accuracy in
distinguishing between cancer cells and normal cells [35]. Other
methods, such as the characteristic peak ratio method, the PCA-KNN
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method, and residual network were also used to classify and identify
the SERS spectra from different cell types. For example, Li’s group
showed the superiority of the deep learning approach of the residual
network model over the feature peak ratio method and PCA combined
with KNN models [81]. In 2021, it was also demonstrated the possibility
of classifying hematological malignancies and discriminating them from
two control groups: young-healthy, and aged-sick cohorts [82]. To this
end, the spectra of 97 plasma samples from three different cohorts were
collected, and the data analysis to distinguish them was performed using
LDA and quadratic discriminant analysis (QDA) [82].

4.3. Advances in SERS data analysis applied to nucleic acids

4.3.1. DNA

The interpretation of Raman/SERS spectra from nucleic acids and
the possibility of distinguishing the peaks of each analyte are chal-
lenging due to the high amount of data and minute differences among
spectral features. For example, Guselnikova et al. combined SERS with
artificial ANNs to identify and quantify light-induced DNA damage [83].
This combination enabled the discrimination of minimal key spectral
features, including DNA damage invisible by standard analytical
methods [83]. In addition, Fainman and co-workers have experimen-
tally and numerically demonstrated that PCA and neural network
models can detect the composition of a 200-base long single-stranded
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DNA (ssDNA) with high sensitivity (Fig. 3a) [84].

Moreover, Shi et al. have developed a label-free SERS biosensing
platform to distinguish between DNA targets related to tumour sup-
pressor genes (i.e., p16, p21, and p53 fragments) [86]. Their platform
was based on a deep neural network (DNN) algorithm by extracting the
main eigenvalue of peak number and height from DNA SERS spectra
[86]. This AI-SERS platform was able to distinguish single DNA target
and DNA mixtures with an accuracy of 90.28% and 74.83%, respectively
[86].

4.3.2. RNA

Data treatment of Raman spectra has always been an important part
of the analysis to extract the most reliable, clean, and useful information
from measurements. That remains true for RNA analysis. So far, fairly
simple analytical methods have been employed for a long time, such as
vector normalization employed to validate the reliability of a SERS assay
for micro RNA (miRNA) based on the different binding abilities of single-
stranded RNA(ssRNA), thiolated ssDNA, and RNA:DNA complex [87].
Another example showed the possibility of detecting and quantifying the
presence of the four bases of RNA (polyadenosine, polyuridine, poly-
cytosine, and polyguanosine) in a mixture using the deconvolution of
the mixed Raman spectrum into the elemental base pure spectra [88].
Another work also applied an LS regression approach to differentiate
between hybridized and non-hybridized miRNA based on the Raman
spectra obtained with silver nanorods SERS substrates [89]. This topic is
taken even further in work by Morla-Folch et al. where vibrational
features of different types of RNA (double-stranded RNA — dsRNA; small
interfering RNA — siRNA; and short-hairpin RNA - shRNA) were distin-
guished by analysing SERS spectra obtained using silver nanoparticles
coated with spermine (AgNP@Sp). In this work, the authors used
PLS-DA to highlight the tenuous differences between the spectral fea-
tures of dsRNA, shRNA, and siRNA (Fig. 3b and c) [85].

For clinical samples, Chen et al. have employed a combination of
PCA-LDA to differentiate between gastric cancer patients and healthy
controls by analyzing the SERS spectra of their RNA in serum samples
[90]. Nasir et al. and Rafiq et al. [91,92] also showed the potential to use
Ag colloidal solutions as SERS substrates to identify vibrational spectral
features from RNA collected from healthy controls and Hepatitis C pa-
tients. Remarkably, the prediction of low, medium, and high viral loads
was also studied by employing a partial least squares regression analysis
(PLSR), with 99% accuracy and reliability (R?) of 0.98 [91].

4.4. Metabolites and proteins

Metabolites are biomolecules involved in the complex machinery of
metabolic processes of cells. They play crucial roles in life-sustaining
chemical reactions, cellular physiology maintenance, or mediating
cellular communications, such as activating cell receptors or feeding
energy in productive cycles. The extended activity of metabolites is
mainly mediated by proteins [93]. Monitoring of metabolomic and
proteomic profiles allows the discrimination between normal and
pathological pathways, which can help in diagnosis and prognosis [94].
SERS has shown to be a powerful tool for the label-free detection of these
biomolecules [95].

ML methods, such as CNN and SVM, have been employed to cate-
gorize abnormal metabolism in different clinical samples such as urine
or blood. For example, Chen et al. used CNN algorithms to classify pa-
tients with prostate cancer (PCa) and Bening prostatic hyperplasia
(BPH) through Raman spectra of urine samples [96]. After training the
CNN model, 75% of accuracy, 77.3% of sensitivity, and 72.4% of spec-
ificity were achieved for PCa diagnosis [96]. Alternatively, Zhou et al.
employed SVM algorithms to classify PCa, BPH, and control subjects
[97]. In this case, prostate specific antigen (PSA), prostate specific
membrane antigen (PSMA), and human kallikrein 2 (hK2) were detected
in serum samples. SVM method exhibited a clear classification of PCa,
BPH, and control patients, with accuracy for PCa around 70%. Another
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example showed the use of PCA-LDA for the diagnosis of breast cancer,
where urine samples from 53 patients and 22 control were analysed
[98]. This study showed that PCA-LDA analysis can extract distin-
guishable spectral characteristics between breast cancer patients and
healthy controls, with a precision of 88% based on the analysis of the
most frequent metabolites (uric acid, xanthine, and hypoxanthine).
Similarly, PCA-LDA analysis was employed in breast cancer diagnosis
with serum samples of 11 patients and 12 healthy controls [45]. Most
common metabolites detected correspond to polysaccharides, phos-
pholipids and proteins in the later study.

Moreover, PCA-LDA, SVM, and PCA-QDA analyses have been applied
to classify metabolites from gastrointestinal cancer patients. Hong et al.
showed that the most common metabolites found in the serum of colo-
rectal cancer patients were phenylalanine, tyrosine, hypoxanthine,
thymine, and lipids [38]. The data was analysed and compared by PCA
and SVM, and the later showed superior performance in the classifica-
tion of the colorectal cancer group, with accuracy and sensitivity rates of
over 80%. Another gastrointestinal tumour classification was performed
with serum samples with an accuracy of 76.92% [99]. SERS spectra
revealed the presence of carotenoids and purine metabolites. In another
study, Lussier et al. showed cellular secretion and consumption of me-
tabolites by combining SERS-optophysiology with ANN to monitor up to
eight metabolites [100]. An interesting study was able to optimize
conditions for investigating cervical cancer from serum by testing
different lasers and dilutions of serum [92]. Li et al. showed a unified,
systematic, and standard method to distinguish healthy from cancer
patients by PCA [101]. A schematic representation of this method and
results are presented in Fig. 4a, showing SERS spectra from normal and
cervical cancer patients [101]. Another work demonstrates the ability to
differentiate different sub-types of AML by blood plasma proteins and
metabolites with Ag nanoparticles and PCA, as shown in Fig. 4b [102].
Wu et al. demonstrated the effect of radiotherapy on inducing SERS
spectral changes in plasma samples from nasopharyngeal cancer (NPC)
patients before and after treatment and compared the spectra to healthy
volunteers [103]. A significant difference was observed between SERS
spectra before and after radiotherapy. The changes in these SERS spectra
are depicted in Fig. 4c, as well as the corresponding computer tomog-
raphy images [94]. This study suggested the possibility of plasma SERS
technology for predicting the effect of radiotherapy in NPC [103].

Moreover, other works have also developed diagnostic methods for
diseases other than cancer. Stefancu et al. detected purine metabolites in
saliva and serum samples to diagnose an autoimmune disease, Sjogren’s
syndrome [104]. The authors performed PCA-LDA analysis to classify
the two groups of patients (n = 29) and controls (n = 21) based on SERS
spectra of saliva and serum. An accuracy of 94% was obtained in the case
of saliva and 98% for serum. Some examples from the above-mentioned
sections are summarized in Table 1, showing a wide diversity in the
SERS substrates, Raman systems, data analytics models, and applica-
tions. Table 1 reflects how complex it is to compare Raman/SERS bio-
sensors from different labs with many variations. It also shows the
need/potential for combining artificial intelligence in Raman/SERS data
analysis for translational medicine applications.

5. Advances in SERS data analysis using deep learning

In the past few months, a novel platform, including a Raman spec-
trometer coupled with a neural network, was able to classify SERS
spectra from a blood test of patients with hepatitis B virus, M5 leukemia,
and breast cancer with an impressive accuracy of 98.6% [105]. For a
similar purpose, a different group created a one-dimensional CNN for
the identification of SERS from four cancer cell types (A549, Hela,
HepG2, and SW620) and normal cells (WRL68), reaching a mean ac-
curacy of 97.56% [106]. Another project consisted of building a
SERS-based sensor capable of detecting biomolecular information of
liver diseases by direct analysis of SERS in serum. By integrating this
sensor with a CNN classifier, the system performed direct serological
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detection of liver cancer within 1 min, achieving 97.78% predictive
accuracy [107]. A different study showed how SERS processing through
deep learning techniques was able to delineate the pH map of the
tumour resection bed in animals. This method can substantially improve
margin-guided surgery compared to the standard approach used in
clinical practice, and it can potentially be applied to solid tumours
[108]. In addition, a study has shown that it is possible to create
screening systems without pre-processing of SERS spectra (denoising
and baseline establishment), an operation that until now required
human intervention. The proposed method, based on a Residual Neural
Network (ResNet) combined with a data augmentation technique, has
proven to be a robust system for the analysis of different grades of
bladder cancer tissues and extracellular vesicles (EVs) of various strains
of E. coli, especially when dealing with different Raman spectrometers
[109].

Deep learning tools combined with Raman and SERS have also
demonstrated to create new detection methods for SARS-CoV-2 with an
accuracy of 87.7% [110], or to robustly discriminate the signal from
patients with current COVID-19 infection, healthy subjects, and subjects
with past infection (accuracy range of 89-92%) just using a saliva
sample [111].

Antimicrobial resistance remains a threat and one of the biggest
challenges for science today. The development of technology in this field
is essential for diagnosing infectious diseases and analysing food safety.
A few recent examples of how neural networks have contributed to this
field over the past few months include a deep neural network capable of
discriminating the antibiotic-resistant bacteria methicillin-resistant
Staphylococcus aureus (MRSA) and methicillin-sensitive S. aureus (MSSA)
using SERS with accuracies of 97.66% and 100% [112,113]. Another
example is a deep learning model called dual-branch wide-kernel

network (DualWKNet), capable of classifying the signals of two common
bacteria (E. coli, S. epidermidis) and their resident media without any
separation procedure, achieving up to 98% accuracy [114].

Other types of deep learning architectures have been applied to
achieve a variety of objectives. For instance, a short-term memory
neural network was implemented for the identification of pathogens
[115] and pesticides [116].

6. Conclusions

Beyond improving on the robustness, efficiency, and reliability of the
of technique/substrate, that is well underway, the main challenges to
overcome in the field are: 1) speed of sample preparation and analysis to
ensure faster sample-to-result; 2) scalability and commercial availability
of enhancers production, yielding homogeneous and reproducible re-
sults; 3) availability of compact and simple-to-use commercial products
compatible with clinical laboratories and established analytical pro-
tocols; 4) multiplexing expansion from current proof-of-concept studies,
to enhanced analytical multidimensional chemometric tools; 5) reli-
ability of results regardless of sample-to-sample variations (i.e. time
since last meal) and patient-to-patient differences (gender, age, co-
morbidities, etc) [117]. Once the above-mentioned challenges are
overcome, SERS could really face certification and be translated into the
clinical setting enabling high-throughput, standardized and automated
analysis of patient samples, yielding multidimensional results. The
promising studies highlighted in this manuscript reveal the potential of
the combination of SERS and advanced analytical techniques for
creating new molecular diagnostic tools that are more accurate, simpler
to use, require fewer resources, such as time and money, and are also
substantially less invasive for patients. Biophysical and ML techniques
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Table 1

Summary of the experimental parameters of the examples of some works merging SERS and advanced data analytics models to provide dimensionless opportunities in

clinical research.
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Biological Sample/s and/or analytes SERS substrate Raman spectrometer and Data analytics Key findings/applications Ref
entity its wavelength algorithm/s
Cells Prostate cancer (PC3), cervical Membrane-based SERS Renishaw inVia Raman PCA Direct detection and [74]
carcinoma (HeLa), and platforms with appropriate system from Wotton- identification of different
leucocytes pore sizes and with a Ag:Au under-Edge Company cancer cells and distinguishing
alloy layer of 40 nm deposited ~ (Laser:785 nm) them from normal cells.
on the polymer
Cells Human lung fibroblast cells AuNCs with ~50 nm LabRAM HR (Horiba) and PCA Detection and differentiation [75]
(WI-38), human breast cancer entrapped in a bilayer using DPSS lasers with A of normal and cancerous cell
cells (MDA-MB-468) and Langmuir-Blodgett film of = 632.8 and 785 nm based on their enhanced
Human prostate cancer cell stearic acid vibrational signatures of
lines (PC-3) cancer cells
Cells Mouse mammary glands cancer  Electrodeposited films of Triple spectrometer Jobin ~ PCA Detect differences between [76]
cells (4T1 cell line) silver Yvon model T64000 (488 control without any
nm Argon laser line) treatment, live, and dead cells
after therapy
Cells Breast cancer cell lines (MDA- Multilayered metal-insulator- Laser: 785 nm NGK Analysis of small amounts of [77]
MB-231 and HCC-1806), non- metal nanolaminated SERS samples and identification of
malignant breast epithelial cells  substrate integrated multiwell specific cancer subtypes with
(MCF-10A), and prostate cancer  cell culture assay for label-free high accuracy and
cell line (LNCaP-C4-2) Raman profiling reproducibility
Cells 15 fresh specimens of breast AgNPs LabRAM Aramis from RF Distinguish the SERS spectral [78]
cancer tissue and normal breast Horiba (Laser: 633 nm) characteristics of primary
tissue (from the same patient) breast cancer cells from
primary normal epithelial
cells and improve the
diagnostic technology for
breast cancers
Cells Cell lysates from two liver AgNPs Commercial Raman PCA followed by Identification of cancer cells [79]
cancer cell lines (HepG2 and SK- microscopy system SVM from normal ones
Hepl) and breast cancer cell (Holoprobe, Kaiser
line (MCF-7) and human Optical system)
pancreatic ductal (Laser: 785 nm)
adenocarcinoma cell line
(Capan-1)
Cells Human kidney adenocarcinoma AuNPs (~50 nm) Renishaw InVia Reflex PCA and LDA Determination of nanotoxicity [80]
(ACHN), human kidney Raman microscopy system of living cells and
carcinoma (A-498) and non- (Laser: 830 nm diode classification of healthy and
cancerous human kidney laser) cancer cells
embryonic cells (HEK 293)
Cells Cervical cancer cells (Hela), Silver film substrate Confocal Raman PCA-KNN Identification of tumor cells [81]
laryngeal cancer cells (Hep2), microscopy (Renishaw) method, and from other blood cells
liver cancer cells (HepG2), (Laser: 785 nm) residual network
ovarian cancer cells (HO-8910),
liver cancer cells (SMMC7721),
breast cancer cells (MCF-7),
lung cancer cells (H446),
human neuroblastoma cells
(SH-SY5Y), clinical tissue
samples, and healthy volunteer
blood samples
Cells Plasma samples from patients AuNPs Renishaw inVia Raman PCA, LDA and Development of label-free [82]
diagnosed with multiple Spectrometer (helium- QDA SERS platform to monitor the
myeloma, lymphoma or neon laser beam with 514 status/disease progression of
cardiovascular disease excitation wavelength) patients with hematological
malignancies using two
reference datasets
DNA DNA molecules Gold grating surface Portable ProRaman-L ANN Identification and [83]
spectrometer (785 nm) quantification of light-induced
DNA damage
DNA 200-base length single-stranded ~ Gold or silver nanorod InVia Raman PCA, linear Prediction of the percentage of ~ [84]
DNA substrates spectrometer from regression, and adenine and cytosine bases in
Renishaw (785 nm) neural network the ssDNA molecule
DNA Tumour suppressor genes (i.e., Silver nanoparticles decorated =~ Raman microscope HR800 = DNN Distinguishing single DNA [86]
p16, p21, and p53 fragments) silicon wafer from Horiba Jobin Yvon targets and DNA mixtures
(633 nm) employing the developed Al-
based sensing method
RNA ssRNA, thiolated ssDNA, and Silver nanorod array substrate ~ Confocal Raman Vector Different propensity to [87]
RNA:DNA duplex microscope system from normalization adsorption on the substrate
Bruker Senterra (785 nm) spectra treatment  leads to reliable RNA SERS
based assay
RNA Polyadenosine, polyuridine, Creighton silver colloid Confocal Raman Spectra The deconvolution process [88]
polycytosine, and microspectrometer from Deconvolution allows estimation of the
polyguanosine treatment

(continued on next page)



A.Y.F. Mahmoud et al.

Table 1 (continued)
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Biological Sample/s and/or analytes SERS substrate Raman spectrometer and Data analytics Key findings/applications Ref
entity its wavelength algorithm/s

LabRam, Jobin Ivon (514 percentage of each base

nm) component of RNA strands

RNA Adenine, cytosine, guanine, Silver nanorod substrate Enwave system model Least-Squares Quantify compositional ratios [89]

uracil, and thymine HCT-10HT (785 nm) and (LS) Method of the nucleotide components
Bruker Senterra system allowing for the
(532 nm) differentiation between
hybridized and non-
hybridized sequences
RNA microRNA, fully Silver spheroidal In Via Reflex confocal PLS-DA Differentiation amongst RNA [85]
complementary duplex-RNA, nanoparticles coated with microscope from with highly specific structural
small interfering-RNA, and Spermine colloidal solution Renishaw (532 nm) information and characterized
short hairpin- RNA by subtle chemical differences

RNA RNA from serum samples Silver colloid solutions In Via micro-Raman PCA-LDA Differentiation between [90]

collected from gastric cancer spectroscopy system from gastric cancer patients from
patients and healthy volunteers Renishaw (785 nm) healthy individuals
RNA Viral RNA of Hepatitis C in Silver nanoparticles solution Raman PCA and PLSR Prediction of the viral loads of ~ [91,
HCV-infected patients with microspectrometer HCV of unknown samples 92]
different viral loads ATR8300BS from
Optosky, China (785 nm)

Metabolites, Lipids, amino acids (cysteine, Gold multibranched ProRaman-L spectrometer CNN Development of an advanced [35]
proteins, tyrosine, histidine or nanoparticles (785 nm) approach capable of detecting
DNA tryptophan) and nucleic acids compositional changes

(extracellular media from derived from the metabolic
normal and cancer cells). activity of the culture medium
Primary cell lines (dermal of normal and tumor cells and
fibroblasts from healthy skin) preparation of a reliable

and primary cancer cell lines database.

(fibroblasts from skin metastasis

of malignant melanoma)

Metabolites Nucleic acids, lipids and amino Silver sol (obtained from a Horiba HR Evolution CNN Application of artificial [96]
and acids (urine samples from PCa solution of AgNO3) LabRAM laser confocal intelligence in research based
Proteins and BPH patients) micro-Raman on clinical medicine.

spectrometer (785 nm)

Metabolites PSA, PSMA and hK2 (serum of Silver colloid Nanoparticle BWS415, B&W Tek Inc SVM To improve cancer diagnosis [971
and patients with PCa, BPH and (50 £+ 5 nm) (785 nm) accuracy with potential
Proteins healthy volunteers). applications in testing.

Metabolites Uric acid, xanthine, and Silver Nanoparticles InVia Raman PCA-LDA Application in breast cancer [98]
and hypoxanthine (urine of patients Spectrometer Renishaw. screening.

Proteins and controls) (532 nm)

Metabolites Polysaccharides, phospholipids Raman analysis (no Raman system, Reni-Shaw =~ PCA-LDA Application in screening for [45]
and and amino acids (serum of nanoparticles) 1000B. (830 nm) breast cancer using Raman
Proteins patients and healthy volunteers) Spectroscopy of serum

samples.

Metabolites Phenylalanine, tyrosine, Gold Nanoparticles (70-75 Horiba spectrometer, iHR PCA-LDA and Application of SERS combined  [38]
and hypoxanthine, thymine and nm) 550. (785 nm) SVM by blood analysis for
Proteins lipids (serum of patients and diagnosis.

healthy volunteers)

Metabolites Carotenoids and purine Silver Nanoparticles Raman spectroscope PCA and QDA Diagnosis of oral cancer. [99]
and metabolites (serum of patients (iRaman 532 nm, B&W
Proteins and healthy volunteers) Tek, Liibeck, Germany).

Metabolites Urea, adenosine diphosphate, Gold Nanoraspberries Alpha300 Raman ANN Adenosine triphosphate [100]
and adenosine triphosphate, microscope from WITec surveillance on chronic
Proteins pyruvate, glutamine, lactate, (Ulm), 632.8 nm. inflammatory diseases,

glucose and CO, (extracellular cancer, and other cellular
media from HeLa, fibroblasts, functions.
and HUVEC cells).

Metabolites Nucleic acids, lipids, purine Gold Nanoparticles HORIBA Raman PCA Potential advantages in [101]
and metabolites and amino acids microscope (LabRAM HR disease screening and
Proteins (serum of patients and healthy Evolution, HORIBA diagnosis.

volunteers) Scientific). 532, 633, and
785

Metabolites Glucose, organic acids, lipids, Silver nanoparticles Micro-Raman system PCA To detect tumour biomarkers [102]
and nucleic acids, proteins, etc. (Renishaw Corporation, by SERS in acute myeloid
proteins (plasma from patients and Gloucestershire, London, leukemia

control donors) England). 785 nm.

Metabolites Amino acids, tryptophan, Silver nanoparticles (35 nm) Renishaw UK (785 nm) PCA-LDA Cancer diagnosis in non- [103]
and nucleic acids, L-arginine, invasive body fluid analysis
proteins hypoxanthine, ascorbic acid and

cholesterol (plasma from
patients and controls)

Metabolites Uric acid, xanthine and Silver nanoparticles InVia Raman PCA-LDA To acquire a novel point-of- [104]
and Hypoxanthine (saliva and serum Spectrometer (Renishaw). care for the diagnosis of
Proteins of patients and controls). 532 nm Sjogren’s syndrome.
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can complement one another for complex data analysis. Indeed, future
solutions may require a mix of the two techniques, where biophysical
models are used in preprocessing and accounting for instrumental and
physical ~mechanisms, while ML is used for -character-
izing/discriminating between groups. With the development of AI, ML
analytics becomes a powerful tool for making spectra-based diagnoses.
Indeed, ML approaches can capture small changes between spectra and
make complex decision boundaries and, as such, have demonstrated to
make a significant impact on spectroscopic analysis and diagnosis.
However, ML approaches require large data sets for proper training and
to reduce the risk of overfitting. The choice of appropriate data analysis
is a significant challenge to apply SERS to real biomedical applications,
where large clinical data sets can be difficult to obtain. Nonetheless,
without a doubt, the application of advanced data analysis techniques
will bring SERS closer to the clinic.
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Abbreviations

Ag Silver
AgNP@Sp Silver Nanoparticles coated with spermine

AgNWs  Silver Nanowires

Al Artificial Intelligence

AML Acute Myeloid Leukemia

ANN Artificial Neural Networks
AuNCs  Gold Nanocolloids

AuNPs  Gold nanoparticles

BPH Bening Prostatic Hyperplasia
BW Biological Window

CNNs Convolutional Neural Networks

COVID-19 Coronavirus Disease 2019
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CTC Circulating Tumor Cell

CVD Cardiovascular Disease

DRS Diffuse Reflectance Spectroscopy
DNA Deoxyribonucleic Acid

dsRNA  Double-Stranded RNA

DualWKNet Dual-branch Wide-Kernel Network

EVs Extracellular Vesicles

GBC Gradient Boosted Classifier

hk2 Human Kallikrein 2

KNN k-Nearest Neighbor

LASSO  Least Absolute Shrinkage and Selection Operator
LDA Linear Discriminant Analysis

miRNA  Micro RNA

ML Machine Learning

MRSA  Methicillin-Resistant Staphylococcus Aureus
MSSA Methicillin-Sensitive Staphylococcus Aureus
NGK Nonnegative Garrote method on the Kernel machine
NNs Neural Networks

NP Nanoparticle

NPC Nasopharyngeal Cancer

NIR Near Infrared

PCA Principal Component Analysis

PCa Prostate Cancer

PCA-KNN Principal Component Analysis-k-Nearest Neighbor
PCA-LDA Principal Component Analysis- Linear Discriminant Analysis

PDT Photodynamic Therapy

PLS Partial Least Squares

PLS-DA Partial Least Squares- Discriminant Analysis
PLSR Partial Least Squares Regression
PSA Prostate Specific Antigen

PSMA Prostate-Specific Membrane Antigen
QDA Quadratic Discriminant Analysis

RF Random Forest

RNA Ribonucleic Acid

RS Raman Scattering

SERS Surface-enhanced Raman Scattering
shRNA  Short-Hairpin RNA

siRNA  Small Interfering RNA

ssDNA  Single-Stranded DNA

ssSRNA  Single-Stranded RNA

SVM Support Vector Machine
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