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A B S T R A C T   

Diagnoses of viral infections are a challenge when facing a crisis like COVID-19, where their speed and reliability 
are critical to minimize diseases spread. The gold standard of diagnostics, quantitative Polymerase Chain Re-
action, is time- and reagent-consuming and requires qualified personnel. Therefore, it is necessary to find new 
detection techniques to overcome these barriers. Surface Enhanced Raman Spectroscopy (SERS) is a detection 
method, based on light and metallic particles admixed with the samples, already used in different fields of 
research. In this study, we discriminate three respiratory viruses using a combination of SERS and Artificial 
Intelligence (AI). Our technique appears to be fast, reproducible, and reliable, achieving between 95 % and 100 
% of accuracy, standing out as a powerful tool usable for viral diagnostics.   

1. Introduction 

Viruses are one of the major causes of diseases in the world [1]. They 
exhibit multitude of structural forms and have evolved many mecha-
nisms to infect people and animals. Viruses of interest, as they can cause 
epidemics, include coronaviruses like the Severe Acute Respiratory 
Syndrome Coronavirus (SARS-CoV), as well as Influenza viruses. Viral 
epidemics occur regularly and can reach pandemic status according to 
the infectivity and method of transmission, like COVID-19 outbreak, 
which started in Wuhan in 2019. To control these epidemics, it is crucial 
to quickly detect infected people and to treat or isolate them before the 
virus spreads to others [2,3]. Currently, the gold standard for detecting 
viruses is quantitative Polymerase Chain Reaction (qPCR). This is pre-
ceded by a Reverse Transcription (RT) step if the viral genetic material is 
RNA instead of DNA. Based on molecular biology principles, this tech-
nique is very sensitive and specific but requires qualified personnel, 
specialised equipment and expensive reagents, and is time consuming 
[4,5]. Thus, qPCR is not appropriate when fast detection and isolation is 
required as a strategy and unsuitable as point-of-care test. Other tech-
niques are also used to detect viruses, such as antigenic or serologic tests. 
These are faster than qPCR but present other issues. Antigenic tests have 
too poor sensitivity and specificity [6,7], and serologic tests can only be 
used several weeks after the emergence of symptoms because it detects 

antibodies produced in reaction to infection [5]. Because these tests are 
not ideal tools for pandemic control, we need new innovative ways to 
detect and diagnose with fast, accurate, and reliable performances. 

Last decades, Raman spectroscopy has emerged as a non-invasive, 
non-destructive and versatile technique to provide molecular informa-
tion [8–12]. The signal obtained from the samples is defined by a dif-
ference in energy between the incident photon and the emitted one, that 
can be higher or lower. This difference creates a shift in the wavelength 
of the photon called Raman shift [13,14]. This shift depends on the 
chemical composition of the samples, which is why we obtain a unique 
fingerprint for each sample analysed with Raman spectroscopy or SERS 
[15]. Compared to Raman signal, which is very weak, SERS allows an 
enhancement by several orders of magnitude [10,16]. This enhance-
ment is a combination of electromagnetic and chemical factors and is 
observed with different kind of nano- and microstructures, mainly 
metallic [10,14]. Surface Enhanced Raman Spectroscopy (SERS), thanks 
to its ability to provide valuable information about complex samples 
[16,17] is used in different fields such as detection of food contaminants 
[18], environmental field [4,14], or biomedical applications [4,19]. 

Raman spectroscopy and SERS are widely used in the biological field, 
and particularly for pathogens detection [9,20], and present several 
advantages compared to other spectroscopic techniques for this kind of 
studies. In Raman spectroscopy and SERS, there is no interference of 
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water in the signal, a molecule very abundant in all biological samples, 
thus it is possible to analyse aqueous samples very easily. These tech-
niques do not need any preparation of the sample, are very fast and are 
non-destructive. Moreover, Raman spectroscopy and SERS are very 
precise, as they result in a fingerprint of the whole sample, with infor-
mation on specific chemical bond vibrations of the sample [10,14]. But, 
even with these advantages, their application in routine is limited [9,19, 
21–23]. This can be explained by reproducibility issues [9,19,21], dif-
ficulties to interpret the results [12,22], lower sensitivity than gold 
standards like qPCR or Enzyme Linked Immunosorbent Assay (ELISA) 
for example [20,23]. These problems may have different origins: a 
protocol that gives inconsistent results, a substrate or a laser wavelength 
not optimal to analyse the sample, difficulties on analysis of the spectra 
and various sources of noise [24–26]. To improve reproducibility and 
sensitivity, it is possible to functionalize the nanoparticles to target the 
analyte of interest [20]. A first treatment of spectra with statistical al-
gorithms or the use of AI have also been proposed as solutions to 
improve reliability and reproducibility of SERS technique [9,24,27], but 
these solutions are not unique, as each lab has its own combination of 
algorithms. To improve SERS technique and be able to use it in routine 
in virus detection, we lack a common way of acquiring and treating data 
for analysis. 

Different types of machine learning algorithms can be used to anal-
yse SERS data. We chose Relevance Vector Machines (RVM) as they are a 
parsimonious probabilistic model used for regression and classification. 
This model is based on finding the optimal margin hyperplane which, 
where possible, properly classifies or separates data while being as far 
away as possible from all observations. The principle is to find a clas-
sifier, or a discrimination function, which quality of forecast is as great 
as possible. Furthermore, RVM is a technique based on a probabilistic 
formulation that not only provides a prediction, but also gives an 
informative predictive distribution [28,29]. 

In this work, we combined AI tools and SERS measurements to detect 
the presence of three respiratory viruses in cell cultures. We used gold 
particles, chosen for their biocompatibility, their efficacy, and because 
their signal in the SERS spectra does not overlap the signal of our ana-
lysed samples. These particles were not functionalized, and we used the 
same protocol for the whole study. This protocol is very simple as it 
consists solely of a direct mix of the sample and the particles, which is 
then deposited on an aluminium slide. We chose aluminium as it does 
not present any Raman activity with our choice of laser wavelength. 
SERS spectra acquired for each virus helped to build individual pre-
dictive models to distinguish positive and negative samples for each 
virus. Then, a global classification model was created to differentiate the 
viruses from one another with an accuracy of 95 %. 

This work aims to improve the analysis of SERS spectra with an 
automation of the technique using the AI and to integrate this in a fast 
diagnostic solution. In SERS spectra, we can sometimes spot differences 
between samples with the naked eye, but it is difficult to determine to 
which sample these spectra correspond without an expert and tables of 
bands assignment. Our technique is very advantageous as it can recog-
nize a sample automatically, by scanning a database in only a few sec-
onds. Thus, it can become a helpful tool for diagnosis and recognition of 
biological samples. Our technique is also faster and need very few re-
agents compared to the current gold standard and, with the use of AI, it 
is easier and more reliable than other SERS detection techniques. 

2. Materials and methods 

SARS-CoV-2 viral strain (hCoV-19/Singapore/2/2020; GISASID 
Accession ID EPI_ISL_407987), human coronavirus 229E (ATCC; VR- 
740) and influenza A H1N1 were used for this study. Vero-E6 (CRL- 
1586), MDCK (CCL34) and MRC-5 (CCL171) cell lines were previously 
obtained from ATCC, USA. The SARS-CoV-2, hCoV-229E and Influenza 
A H1N1 viruses were grown in Vero-E6, MRC-5 and MDCK cells, 
respectively. Culture medium used for all these cell lines and viral 

cultures was Dulbeccos Modified Eagles Medium (DMEM, Gibco, Grand 
Island, NY, USA) complemented with 10 % Foetal Bovine Serum (FBS). 
The spectrometer STRam was purchased from Metrohm (USA) and 
operated with a 785 nm laser connected to a golden probe, furnished 
with the spectrometer. Spectral resolution of the spectrometer is under 
6,0 cm− 1 at 912 nm, according to the manufacturer. The spectrometer 
was calibrated with a polystyrene reference (furnished by the manu-
facturer) at the beginning of each day of experiment. Gold particles were 
purchased from Metrohm (USA). These particles were characterized by 
the provider: mean size of 100 nm, spherical shape and stabilized in 
Sodium citrate buffer. The initial concentration of these particles is 0,15 
g.L− 1, corresponding to a molar concentration of 7,62.10− 4 mol.L− 1. 
Aluminium slides were purchased from Jeulin (France). 

Cells were infected with viruses at Multiplicity of Infection (MOI) of 
0.5–1 and the supernatant was harvested two to three days after infec-
tion, depending on the cytopathic effect on the cells, observed under a 
microscope. The harvest consisted in pipetting 100 µL of supernatant 
and transferring it into a 1.5 mL tube. All culture samples were analysed 
just after this transfer, except for 12 samples (hCoV-229E) that were 
frozen and analysed the next day. For each virus, similar initial con-
centration was added to the cell culture and the virus grew in the same 
conditions, for the same number of days. Thus, the concentrations per 
virus were considered similar for all samples of this virus. 

The gold particles were centrifuged for 45 min at 800 g at 4 ◦C and 
concentrated by discarding part of the supernatant (final concentration: 
3,75 g.L− 1, corresponding to 1,90.10− 2 mol.L− 1). These concentrated 
particles were then used for one to two weeks of experiments. The 
samples were prepared for SERS analysis by pipetting 10 µL of gold 
particles in a 1.5 mL tube and adding twice the volume of culture sample 
to the same tube. Then, the solution of particles and sample was mixed 
by pipetting several times to have uniformly dispersed gold particles 
inside the mix before being deposited on an aluminium slide. Three 
droplets of equal volume were deposited per sample. The slide was then 
placed under the laser for spectral acquisition. The laser probe was 
placed at 1 cm above the sample, as advised by the manufacturer, in 
order to have the best excitation of the whole sample. Nine spectra were 
acquired per sample, three for each droplet, with an acquisition time of 
30 s at 100 % laser power (495 mW at the source, and 420 mW at the 
sample, according to the manufacturer). All experiments involving 
SARS-CoV-2 viral cultures were performed in a BSL-3. Other viruses 
were handled in BSL-2. 

Spectra acquired from the samples were first analysed visually then 
using statistical algorithms. Different pretreatments were investigated to 
extract most of the discriminating information between samples, such as 
signal power normalization with Standard Normal Variate (SNV) [30], 
normalization by rescaling data between 0 and 1, or normalization by a 
simple maximum rescaling, resulting in a new maximum of 1 in all data. 
Other pretreatments can be used, like smoothing or derivative of the 
spectra using Savitzky-Golay (SG) algorithm [31], baseline reduction 
with Asymmetric Least Squares smoothing (ALS) [32,33] or dimen-
sionality reduction with Principal Component Analysis (PCA) [34]. 
Signal power normalization pretreatments consist of a subtraction of the 
spectrum by its own mean followed by a division by its variance or its 
standard deviation. ALS smoothing consists of a calculation then 
correction of the baseline, allowing a better visualisation of the peaks. 
The baseline will be estimated using a polynomial fitted from the raw 
spectrum, which will then be subtracted from the spectrum. Smoothing 
consists of reducing signal noise. From a frequency point of view, this 
consists of attenuating, or even eliminating, the high parasitic fre-
quencies that are considered not to be part of the RAMAN spectrum, 
while keeping the information useful. The derivative, on the other hand, 
reduces the drift of the baseline and highlights the spectral ranges that 
contain the discriminant information. In the case of a first derivative, the 
operation will emphasize the bandwidths, while the second derivative 
will emphasize the position of the peaks. These methods can be managed 
by applying the same algorithm, named Savitzky-Golay [31]. Finally, 
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Dimensionality reduction with PCA is characterised by a reduction of 
the number of variables describing the spectra, while conserving most of 
the information, that allows a simplification of their analysis. All these 
pretreatments were selected as they do not modify the shape of the 
spectra and can improve the signal-to-noise ratio then, consequently, the 
analysis of the information contained in the spectra by the model. 

We used the Relevance Vector Machines (RVM) method as the 
classification algorithm [28,29]. This model was optimized using the AI 
developed by GreenTropism which selected the best pretreatments to 
apply as well as the best set of initialization parameters for the RVM. 
This selection of pretreatments is indicated for each virus analysis. The 
RVM algorithm was not modified. 

To ensure robustness of the model and reliability of the predictions, 
we split our data into training and validation sets. The training set en-
ables the algorithm to recognise and learn from existing data. The sec-
ond step in the process of building the AI model is to optimize modelling 
parameters and hyperparameters. For this purpose, we used the K-Fold 
cross validation technique [35]. The last step of building a reliable 
model is to see how well it performs on unseen data, which is the aim of 
the validation phase. One can build a perfect model on the training data 
with no error, but it may fail to generalise for unseen data, phenomenon 
known as “overfitting”. Thus, after training and validating the model 
using K-fold cross validation, we applied the chosen model on a new, 
completely independent dataset, the test set, to measure the models 
predictive power and ensure its robustness and generalisation capacity. 
The samples constituting the test sets of each virus were left out of 
training and validation and their spectra were taken several days after 
the ones of the training and validation sets to ensure independency. 

To note, the spectra were analysed as a whole, without looking for 
specific bands. Raw data spectra are measured in “Relative intensity”. 
This intensity is the one resulting from a subtraction of the background 
signal, automatically performed by the spectrometer as follow. The in-
strument collects the signal of the sample during the excitation by the 
laser, then collects the signal without any light (background signal) for 
the same amount of time. For example, here, we did acquisitions of 30 s. 
This means that the laser was on during 30 s, then the laser was off 
during 30 s and the instrument collected the signal during these 60 s. 
Thus, it is the relative intensity between the one collected from the 
sample under laser excitation and the one collected from the back-
ground. The baseline observed in the spectra is mainly caused by re-
sidual Rayleigh scattering at low Raman shift values or by the 
fluorescence of organic molecules intrinsic to the analysed sample or by 
contamination of the sample [36]. 

For visualisation purposes, we present here spectra pretreated with 
SNV and ALS. These two pretreatments were chosen as they allow a 
better comparison with naked eye between samples or classes (positive 
and negative) on the figures. SNV allows a reduction of differences in the 
global intensities of the signals and removes the multiplicative in-
terferences of scatter and particle size without modifying the shape of 
the spectrum [30]. ALS smoothing allows a better observation of the 
peaks by correcting the baseline [32,33]. 

3. Results 

Three different respiratory viruses are analysed in this study: two 
Coronaviruses and one Influenza virus. Our first choice of coronaviruses 
was Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2), 
the virus at the origin of the current pandemic and causative agent of 
Coronavirus Disease 2019 (COVID-19). This virus is an enveloped 
betacoronavirus with its genetic information encoded in a positive-sense 
single-stranded RNA and is thought to have zoonotic origins [37,38]. 
The second coronavirus is an enveloped alphacoronavirus, the seasonal 
human coronavirus 229E (hCoV-229E). This virus is not zoonotic, with 
negative-sense single-stranded RNA [38]. These viruses cause mainly 
upper respiratory tract disorders but can also be associated with lower 
tract disorders. The third virus chosen for this study was the Influenza A 

swine virus H1N1. This virus infects mainly pigs but can spread to 
humans, causing upper and lower respiratory tract disorders that can be 
lethal. Like the two other viruses studied here, H1N1 virus is an envel-
oped single-stranded RNA virus [39]. 

3.1. Study of coronaviruses 

3.1.1. Study of SERS reproducibility 
Because reproducibility is a major issue in experiments using SERS, 

we firstly validated our protocol on this topic. Supplementary Fig. S1 
shows the results of this first experiment with 6 SARS-CoV-2 positive 
samples, coming from 6 different viral cultures. We observed a very 
good reproducibility between the 54 spectra of these samples (see 
Supplementary Fig. S1a) and between the 9 spectra acquired from one of 
these samples (see Supplementary Fig. S1b). An analysis of variance was 
realized to validate the previous results (see Supplementary Fig. S2). The 
analysis was done between the 6 positive samples described above, 
averaging 54 spectra, (see Supplementary Fig. S2a) and between the 9 
spectra acquired from Sample 1 (see Supplementary Fig. S2b). These 
experiments also asserted the reproducibility of the particles in them-
selves to validate the information obtained from the provider. We also 
measured three spectra of the aluminium slide as a negative control and 
almost no signal was obtained from it, as expected at this laser excitation 
wavelength. We can observe that the signal coming from aluminium 
slide is at the same level as the background signal, thus, the signal we 
observed in our experiments is considered coming solely from the 
samples (see Supplementary Fig. S3). The reproducibility obtained here 
is representative of the whole study, thus we show mean spectra with 
standard deviation for the following sections of this article. 

3.1.2. Study of coronaviruses 
After this first step of protocol validation, we began our work with 

the study of coronaviruses. We acquired the spectra of a total of 56 
samples of SARS-CoV-2 (27 negative and 29 positive, including the six 
samples used for protocol validation), and 64 samples of hCoV-229E (32 
positive and 32 negative). These samples came from different viral 
cultures with not-infected cell culture supernatant used as a negative 
control, and at different time points to ensure day by day and hour 
variability, to observe the representative variation that can exist be-
tween samples. The mean spectra with standard deviation acquired from 
the training and validation sets of these coronaviruses, and their cor-
responding negative samples, pretreated with a Standard Normal 
Variate (SNV) [30] and an Asymmetric Least Squares (ALS) [32,33] are 
shown on Fig. 1. We chose these pretreatments for visualization pur-
poses only, as they allow a better comparison between two classes of 
spectra when observed with the naked eye. We can observe for 
SARS-CoV-2 that some regions show clear differences between the two 
populations of samples, as marked on Fig. 1a. Similarly, we can see 
differences for hCoV-229E marked on Fig. 1b. These differences are part 
of the signal analysed by the AI model but the fact they are visible to the 
trained eye does not necessarily mean they would be the most 
discriminant sections of the spectra for the AI to give its result. 

We can also observe that some bands differ from positive and 
negative samples. For SARS-CoV-2, only visible on positive samples are 
four main bands: at 755 cm− 1, 1123 cm− 1, 1352 cm− 1 and 1535 cm− 1. 
And for hCoV-229E, we can see the same four bands present in SARS- 
CoV-2 positive samples, suggesting they can represent common mole-
cules of these two coronaviruses. We can also notice three more bands, 
at 860 cm− 1, 1430 cm− 1 and 1564 cm− 1(see Supplementary Table S1 
for tentative assignment of these bands). 

These spectra constitute a database on SARS-CoV-2 and hCoV-229E 
in these conditions of culture. It was used to build and optimize the AI 
model before testing it. After collecting all the spectra for training and 
cross-validation sets [35], several types of pretreatments were checked 
by our AI to reduce the background signal, clean the data, and validate 
the models parameters before the analysis with the RVM algorithm. The 
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combination of pretreatments with the RVM is called afterwards “AI 
model” or “model”. 

For SARS-CoV-2, the combination of pretreatments that gave the best 
results was a normalization followed by a Principal Component Analysis 
(PCA) [34] using 15 components with the following RVM. Next, this AI 
model was used on a test set containing 10 independent samples (5 
positive and 5 negative) to evaluate a bad learning step: over or under 
fitted, and ensure its robustness and ability to give accurate predictions. 
The model produced perfect classification on this new dataset with 100 
% accuracy (see Supplementary Fig. S4), predicting the class of all 
samples without any mistake. This means that the spectra of 
SARS-CoV-2 cultures, taken in their entirety, show sufficient differences 
between positive and negative samples to be perfectly classified by this 
model. 

Concerning hCoV-299E, after data preprocessing with SNV followed 
by a dimensionality reduction by PCA using 15 components, the results 
obtained by the RVM algorithm in validation of the training set were 
excellent. However, we encountered some lack of generalization with 
the test set of 24 samples (12 positive and 12 negative), with a global 

accuracy of 64 %, a sensitivity of 18 %, and a specificity of 93 % (see 
Supplementary Fig. S5a). Additional analysis shows that the poorly 
recognized samples were from a frozen batch and can explain these 
results. Indeed, except for these 12 samples that were frozen, all samples 
of this study were analysed fresh, just after observation under the mi-
croscope for integrity and cytopathic effect when considered (positive 
samples only). 

The frozen samples were removed from the database to fine-tune the 
model once again. With the exact same AI model algorithms as the one 
previously used for hCoV-229E, we improved the accuracy of the pre-
diction to 93 %, with a sensitivity of 100 % and a specificity of 89 % (see 
Supplementary Fig. S5b). As expected, the frozen samples were the 
major cause of misclassification with the model. This highlights the fact 
that samples in test phase that are too different than the one from 
training and validation phase cannot be precisely predicted and may 
lead to errors. 

These results validate our protocol combining SERS and AI as a 
technique capable of detecting positive and negative samples in viral 
cultures of coronaviruses. To ensure these results are reproducible, we 

a

b

755 cm-1

1352 cm-1

1123 cm-1

1535 cm-1

860 cm-1

755 cm-1

1535 cm-1
1564 cm-1

1430 cm-1

1352 cm-1

1123 cm-1

Fig. 1. SERS mean spectra (dark line) with standard 
deviation (light area) of train and validation sets of 
coronaviruses SARS-CoV-2 (purple) and hCoV-229E 
(orange) after preprocessing with SNV and ALS. A se-
ries of 9 spectra per sample have been collected to 
ensure a variability among the data. All spectra were 
acquired with a unique protocol. a) Spectra of SARS- 
CoV-2 positive (purple) and negative (black) samples. 
Coming from different viral cultures, 24 positive sam-
ples and 22 negative samples have been analysed. b) 
Spectra of hCoV-229E positive (orange) and negative 
(black) samples. 20 samples for each class were 
analysed.   
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analysed another family of viruses. 

3.2. Study of H1N1 

After analysing these two coronaviruses, a respiratory virus from a 
different family was studied. We chose an Influenza A virus, H1N1. 
Because MDCK cells are very easy to cultivate and H1N1 infects them 
rapidly, it was possible to have more samples than for the other two 
viruses. We analysed a total of 166 samples (80 positive and 86 nega-
tive), including 69 samples (34 positive and 35 negative) in the test set. 
Spectra of the training and validation sets are shown on Fig. 2 after 
preprocessing with SNV and ALS. 

We can observe marked differences between positive and negative 
samples on the mean spectra. Notably, between 600 cm− 1 and 
800 cm− 1, there are bands only visible on the positive spectra (see 
Supplementary Table S1 for bands assignment). Similarly to our study of 
the coronaviruses, we obtained excellent results in the training and 
validation phases, highlighting the fact that the positive samples could 
be almost perfectly distinguished from the negative samples by the 
model. During the optimisation process realised here by the AI, the best 
results of RVM were achieved using the following combination of pre-
treatments: a second order derivative with Savitzky-Golay (SG) algo-
rithm [31], followed by a SNV and a PCA with 15 components. This 
model predicted the status of the test samples with an accuracy of 96 %, 
a sensitivity of 91 %, and a specificity of 99 % (Supplementary Fig. S6). 

3.3. Comparison between the three viruses 

After analysing the viruses one by one and comparing them to their 
corresponding negative samples, we examined the possibility to differ-
entiate them from one another with our technique. To do so, we used the 
database previously created with the acquisitions from the analysis of 
each virus. We merged all the samples from the training and validation 
phases and mixed them together in a new dataset. We then separated 
them in two new sets: 80 % of the samples for training and 20 % for 
validation. We also merged the previous test sets to constitute a new test 
set for this experiment. Fig. 3 shows the mean spectra of the new training 
and validation sets with standard deviation of each virus after pre-
processing with SNV and ALS. 

When we compare the spectra of the three viruses we analysed, we 

can observe some bands present only in one virus as the one around 
550 cm− 1, higher in intensity for SARS-CoV-2, the band between 
650 cm− 1 and 700 cm− 1 only present in H1N1 virus signal, or the band 
at 1450 cm− 1 higher in intensity and a little bit shifted compared to the 
other two viruses, for hCoV-229E (see Supplementary Table S1 for bands 
assignment). But we can also notice that the three spectral signatures are 
very similar. Because the culture medium is the same for all the samples, 
this similarity is consistent with the fact that the medium is the most 
present component and probably contributes the most to the whole 
signal. 

Before analysing the new dataset with our AI model, we wanted to 
assess the natural separability of the groups. To do so, we used a Prin-
cipal Component Analysis with 3 components to visualise clusters of 
data and eventual consistency with the viruses (Fig. 4). 

The PCA analysis (Fig. 4a) showed general clustering and separation 
of the three classes with some degree of overlap between hCoV-229E and 
H1N1 in PC1. Class separation improved markedly with PC2, which 
represents 10 % of the data, and where we can see three separated 
groups representative of each virus. Because this analysis is an unsu-
pervised classification, we can observe that the three viruses can linearly 
separate themselves naturally. The loadings of the PCA (Fig. 4b) show 
that several bands contribute to the Principal components. For PC1, 
representing most of the variance (89 %), the main contribution comes 
from the band at 1352 cm− 1, that we observed for the three viruses (see 
Supplementary Table S1). For PC2, representing 10 % of the variance of 
the PCA, in addition to the previous band observed, the bands that 
contribute the most seem to be the one at 1123 cm− 1, common to the 
three analysed viruses, and the band at 860 cm− 1, particularly observ-
able in hCoV-229E. Finally, for PC3, we can observe a contribution of 
the 1352 cm− 1 band once again, as well as the band at 734 cm− 1. 

These findings were confirmed by building and testing an AI model, 
which gave excellent predictions in the new test set with an accuracy of 
99 %, a sensitivity of 97 % and a specificity of 99 % (see Supplementary 
Fig. S7). The pretreatments used in this case were a second order de-
rivative with SG algorithm, followed by a SNV and a PCA with 15 
components. Thus, our technique is capable of classifying SARS-CoV2, 
hCoV-229E and H1N1 viruses with near-perfect accuracy and 
sensitivity. 

After this comparison, we also added the negative samples to the 
previous datasets to build a four classes algorithm with the same 

659 cm-1

734 cm-1

1352 cm-1

1123 cm-1

1535 cm-1

Fig. 2. SERS mean spectra (dark line) with standard deviation (light area) of train and validation sets of Influenza virus H1N1 (blue) after preprocessing with SNV 
and ALS. Coming from different viral cultures, 46 positive samples (light blue) and 51 negative samples (black) have been analysed using the same protocol. Once 
again, a series of 9 spectra per sample have been collected to ensure a certain level of variability among the data. 
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repartition as the previous ones: addition of the negative samples from 
training and validation sets of individual viruses to the new training and 
validation set, and addition of the negative samples from the test sets of 
individual viruses to the new test set. Once again, we can observe 
excellent results with a global accuracy of 95 %, a sensitivity for hCoV- 
229E, H1N1, SARS-CoV-2 and negative samples of 90 %, 97 %, 99 % and 
96 %, respectively, as shown on Fig. 5. 

We can see that 276 out of 288 negative spectra were correctly 
classified, 9 were misclassified as H1N1 positive spectra and 3 as SARS- 
CoV-2 positive spectra. 81 out of 90 hCoV-229E spectra were correctly 
classified and 9 were misclassified as negative spectra. 102 out of 105 
H1N1 spectra were correctly classified and 3 were misclassified as hCoV- 
229E spectra. 80 out of 81 SARS-CoV-2 spectra were correctly classified 
and 1 was misclassified as a negative spectrum. 

4. Discussion 

In this study, we analysed three respiratory viruses: two coronavi-
ruses, hCoV-229E and SARS-CoV-2, as well as an Influenza A virus, 
H1N1, with a combination of SERS and AI. We observed that these vi-
ruses are perfectly identifiable from their corresponding negative sam-
ples, and that it is possible to accurately differentiate them from one 
another, using gold particles not functionalized nor flagged. All the 
spectra and results obtained in this study constitute the beginning of a 
database on viruses analysed with our technique. We plan to broaden it 
to be able to detect and discriminate more viruses in the future. Once the 
database is created, the detection will be even faster and reliable as the 
best AI algorithms models will already be preselected. 

For SERS detection of viruses, or biological samples in general, the 
use of metallic particles is the most described in previous studies. Gold 
and silver are the metals that are the most used in SERS experiments [1, 
40]. Both kind of particles give good results in SERS experiments and 
react differently to the samples. In our work, we decided to use gold 
particles as they are thought to be more biocompatible and less prone to 
oxidisation. Moreover, silver has antimicrobial activity than can be 
problematic when studying pathogenic microorganisms [41]. These 
parameters seemed important to us to guaranty a good reproducibility of 
our technique, so we carefully analysed them to determine which would 
be better with our protocol. Particles can also be functionalised with 
antibodies, aptamers, or other structures capable of catching the analyte 

of interest and concentrate it. This functionalisation is widely used in 
SERS applications for biological samples [12,22,23,40]. Here, we wan-
ted to use a simple protocol that can work with different types of ana-
lytes and decided to use bare nonmagnetic particles for this study. 

We can observe with the preliminary experiments on reproducibility 
that there are some fluctuations in intensity of the signal of these sam-
ples. This is a particularity of SERS experiments, as this technique gives a 
fingerprint of the whole sample and not two samples are exactly the 
same. Our AI model, by analysing the spectra on their entirety and using 
pretreatments, can recognise patterns in the database that are not 
influenced by the slight differences in intensity. The AI model can 
recognise patterns that are statistically representative of the information 
we want to analyse. 

The algorithms and models used to classify the spectra were not 
trained to recognize specific bands corresponding to chemical vibrations 
in the sample. On the contrary, they were trained to analyse the spectra 
as a whole and to highlight the differences and discriminate between 
positive and negative samples. To validate the results, we realized an 
analysis on the prominent bands for each virus [42–46]. Supplementary 
Table S1 presents these observations: these bands are only visible in 
positive samples and match with chemical bonds mostly present in 
proteins, which is coherent with the results given by the AI. Bands 
associated with Tyrosine and Tryptophan, particularly, are observed in 
the spectra we obtained. These two amino acids play a role in viral 
infection and replication, thus their presence is coherent with our 
analysis. One of the bands can also be representative of RNA, at 
1123 cm− 1, as previously observed in literature [45], but, as we did not 
analysed RNA samples in our experiments, we cannot discriminate be-
tween a protein band and a RNA band. 

In this study, we used viruses with different concentrations, between 
105 TCID50.mL− 1 and 1011 TCID50.mL− 1, to infect the cell cultures and 
were able to discriminate between positive and negative for all of them. 
These concentrations were the ones from the native viruses, with hCoV- 
229E at the concentration of 105 TCID50.mL− 1, SARS-CoV-2 at a con-
centration between 107 TCID50.mL− 1 and 108 TCID50.mL− 1, and H1N1 
at the concentration of 1011 TCID50.mL− 1. 

When comparing the different spectra, we can observe differences 
between negative samples. This can be explained by the fact that three 
different cell lines were used in this study, Vero-E6, MDCK and MRC-5. 
However, the culture medium used to grow these cell lines and 

659 cm-1

734 cm-1

1430 cm-1

755 cm-1 1123 cm-1

1352 cm-1

1535 cm-1

860 cm-1 1564 cm-1

Fig. 3. SERS mean spectra (dark line) with standard deviation (light area) of three respiratory viruses (hCoV-229E in orange, H1N1 in blue and SARS-CoV-2 in 
purple) after preprocessing with SNV and ALS. Coming from different viral cultures, 20 hCoV-229E samples, 24 SARS-CoV-2 samples and 46 H1N1 samples have been 
analysed using different cells but same protocol. Bands underlined in green are common to the three viruses. 
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undertake the experiments was the same, DMEM. As we used the su-
pernatant of the cell cultures to do the analysis, it can be slightly 
different because of the cell lines. 

Studies on differentiation of bacteria with SERS already exist in 
literature [41], even if Raman spectroscopy is more used than SERS. For 
example, Ding et al. analysed three different strains of Salmonella with a 
combination of SERS and Convolutional Neural Network (CNN) [47]. 
Here, we validated our protocol of acquisition and analysis on viral 
culture samples, in a same culture medium. We demonstrated that SERS 
can give very reproducible and accurate results, as shown on the viruses 
analysed here. The combination of SERS with artificial intelligence gives 
very promising results in these conditions and could be used to detect 
rapidly viruses in more complex samples. A new study on samples in 
other media would be interesting, as well as one on patient samples, 
where there is more variability because of the microbiota of the patients. 
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presents the same spectra than Fig. 3 with each point 
corresponding to the PCA score for one spectrum. The 
purpose is to study the separability of the three viruses 
on a three-dimensional space. The percentages repre-
sent the variance corresponding to each component 
(PC1/2/3). b) This figure represents the loadings for 
the three principal components of the presented PCA.   
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[8] E. Cordero, I. Latka, C. Matthäus, I. Schie, J. Popp, In-vivo Raman spectroscopy: 
from basics to applications, J. Biomed. Opt. 23 (7) (2018) 1–23, https://doi.org/ 
10.1117/1.JBO.23.7.071210. 

[9] C.-C. Andrei, et al., SERS characterization of aggregated and isolated bacteria 
deposited on silver-based substrates, Anal. Bioanal. Chem. 413 (5) (2021) 
1417–1428, https://doi.org/10.1007/s00216-020-03106-5. 

[10] R. Pilot, R. Signorini, C. Durante, L. Orian, M. Bhamidipati, L. Fabris, A review on 
surface-enhanced Raman scattering, Biosensors 9 (2) (2019), https://doi.org/ 
10.3390/bios9020057. 

[11] M. Fleischmann, P.J. Hendra, A.J. McQuillan, Raman spectra of pyridine adsorbed 
at a silver electrode, Chem. Phys. Lett. 26 (2) (1974) 163–166, https://doi.org/ 
10.1016/0009-2614(74)85388-1. 

[12] S. Tanwar, S.K. Paidi, R. Prasad, R. Pandey, I. Barman, Advancing Raman 
spectroscopy from research to clinic: Translational potential and challenges, 
Spectrochim. Acta Part A: Mol. Biomol. Spectrosc. 260 (2021), 119957, https:// 
doi.org/10.1016/j.saa.2021.119957. 

[13] C.V. Raman, K.S. Krishnan, A new type of secondary radiation, Nature 121 (3048) 
(1928), https://doi.org/10.1038/121501c0. 

[14] C.L. Haynes, A.D. McFarland, R.P. Van Duyne, Surface-enhanced Raman 
spectroscopy, Anal. Chem. 77 (17) (2005) 338 A–346 A, https://doi.org/10.1021/ 
ac053456d. 

[15] R. Wang, P. Yuan, M. Han, S. Xu, T. Wang, X. Wang, Asymmetry of Raman 
scattering by structure variation in space, Opt. Express OE 25 (15) (2017) 
18378–18392, https://doi.org/10.1364/OE.25.018378. 

[16] K.C. Bantz, et al., Recent progress in SERS biosensing, Phys. Chem. Chem. Phys. 13 
(24) (2011) 11551–11567, https://doi.org/10.1039/C0CP01841D. 

[17] S.-C. Luo, K. Sivashanmugan, J.-D. Liao, C.-K. Yao, H.-C. Peng, Nanofabricated 
SERS-active substrates for single-molecule to virus detection in vitro: a review, 
Biosens. Bioelectron. 61 (2014) 232–240, https://doi.org/10.1016/j. 
bios.2014.05.013. 

[18] R. Pilot, SERS detection of food contaminants by means of portable Raman 
instruments, J. Raman Spectrosc. 49 (6) (2018) 954–981, https://doi.org/ 
10.1002/jrs.5400. 

[19] S. Abalde-Cela, P. Aldeanueva-Potel, C. Mateo-Mateo, L. Rodríguez-Lorenzo, R. 
A. Alvarez-Puebla, L.M. Liz-Marzán, Surface-enhanced Raman scattering 
biomedical applications of plasmonic colloidal particles, J. R. Soc. Interface 7 
(2010) S435–S450, https://doi.org/10.1098/rsif.2010.0125.focus. 

[20] F. Saviñon-Flores, et al., A review on SERS-based detection of human virus 
infections: influenza and coronavirus, Biosensors 11 (3) (2021), https://doi.org/ 
10.3390/bios11030066. 

[21] J.D. Driskell, Y. Zhu, C.D. Kirkwood, Y. Zhao, R.A. Dluhy, R.A. Tripp, Rapid and 
sensitive detection of rotavirus molecular signatures using surface enhanced 
Raman spectroscopy (avr), PLOS ONE 5 (4) (2010), e10222, https://doi.org/ 
10.1371/journal.pone.0010222. 

[22] O. Ambartsumyan, D. Gribanyov, V. Kukushkin, A. Kopylov, E. Zavyalova, SERS- 
based biosensors for virus determination with oligonucleotides as recognition 
elements, Int. J. Mol. Sci. 21 (9) (2020), https://doi.org/10.3390/ijms21093373. 

[23] V.I. Kukushkin, et al., Highly sensitive detection of influenza virus with SERS 
aptasensor (avr), PLOS ONE 14 (4) (2019), e0216247, https://doi.org/10.1371/ 
journal.pone.0216247. 
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