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ARTICLE INFO ABSTRACT

Keywords: Taking advantage of surface-enhanced Raman scattering (SERS) methodology with its unique ability to collect
DNA abundant intrinsic fingerprint information and noninvasive data acquisition we set up a SERS-based approach for
Photo-damage recognition of physically induced DNA damage with further incorporation of artificial neural network (ANN). As
SDE];Sction and recognition a proof-of-concept application, we used the DNA molecules, where the one oligonucleotide (OND) was grafted to
Artificial neural network the plasmonic surface while complimentary OND was exposed to UV illumination with various exposure doses
and further hybridized with the grafted counterpart. All SERS spectra of entrapped DNA were collected by
several operators using the portable spectrometer, without any optimization of measurements procedure (e.g.,
optimization of acquisition time, laser intensity, finding of optimal place on substrate, manual baseline
correction, etc.) which usually takes a significant amount of operator’s time. The SERS spectra were employed as
input data for ANN training, and the performance of the system was verified by predicting the class labels for
SERS validation data, using a spectra dataset, which has not been involved in the training process. During that
phase, accuracy higher than 98% was achieved with a level of confidence exceeding 95%. It should be noted that
utilization of the proposed functional-SERS/ANN approach allows identifying even the minor DNA damage,
almost invisible by control measurements, performed with common analytical procedures. Moreover, we
introduce the advanced ANN design, which allows not only classifying the samples but also providing the ANN
analysis feedback, which associates the spectral changes and chemical transformations of DNA structure.

et al., 2017).
The solution of the above-stated challenges was proposed through
the surface modification of plasmon-active substrates for the formation

1. Introduction

Surface-enhanced Raman scattering (SERS) is considered as the most

promising analytical tool for (bio)sensing due to the reliable opportu-
nities for the simple, specific and non-destructive detection of various
(bio)molecules (nucleic acids, lipids, peptides, and proteins) (Shan et al.,
2018; Bruzas et al., 2018; Puebla and Marzan, 2012), as well as for in
vivo sensing, diagnostics and therapy (Vendrell et al., 2013; Lane et al.,
2018; Chao et al., 2016). Despite the potential of SERS for (bio)analytes
monitoring, certain critical challenges remain unsolved for wide-world
applications: (i) poor reproducibility of SERS and (ii) interference of
SERS signal due to the complex structure of biological molecules (Yuan

of sites for selective analyte entrapping (Szlag et al., 2018). The most
common methods for functionalization include grafting of antibodies,
enzymes, aptamers, and molecular imprinted polymers (Jazayeri et al.,
2016; Ochsenkiihn and Campbell, 2010; Cottat et al., 2015; Ashley et al.,
2017). This approach can increase the SERS reproducibility and selec-
tivity; however, the problem connected with spectral interference re-
mains unsolved and leads to the complicated interpretation of spectral
data. Moreover, the surface grafting by selective “bio-ligands” gives only
limited information about target/molecules, and it is unable to register
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other potentially important changes in (bio)sample composition.

To address the issue connected with complicated spectra analysis
and interpretation, mathematical data processing of massive amount of
SERS spectra was recently proposed (Santos et al., 2017; Etchegoin
et al., 2007; Kahraman et al., 2017). In these regards, different methods
can be employed, including the commonly used principal component
analysis, 2D correlation, partial least squares, linear discriminant anal-
ysis, and support vector machine (Moore et al., 2005; Zhang et al., 2010;
de Groot et al., 2001; Shin et al., 2018; Hoonejani et al., 2015; Gromski
etal., 2015; Li et al., 2013). However, in contrast to these linear spectral
analysis methods, the artificial neural networks (ANN) have proved
their superior capability (Naik et al., 2016; Egrioglu et al., 2015). The
main advantages of ANN over classical approach are the ability to find
nonlinear dependencies, what is more appropriate for complex (bio)
samples, which do not obey the linear laws, providing the unique pos-
sibility to solve urgent challenges in the field of analytical chemistry
(Chan et al., 2016a, 2016b; Lake et al., 2015; Kermany et al., 2018;
Segler et al., 2018).

Starting from the utilization of ANN for Raman-based detection of
glucose content and the discrimination of sugar additives in honey, the
ANN is lately shifted to SERS application (Ozbalci et al., 2013; Amato
et al,, 2013). Recent examples of SERS sensing followed by ANN
implementation include detection of small organic molecules in human
urine, identification of tumor suppressor genes, classification of aqueous
pollen extracts and drug derivatives (Kasera et al., 2015; Shi et al., 2018;
Seifert et al., 2016; Alharbi et al., 2015). However, up to date, ANN was
used only for differentiation or classification of samples to specific
groups and no attempt for obtaining of information about significant
and meaningful spectral changes associated with the composition of
(bio)analyte (in another word, the spectra interpretation feedback,
obtaining using the ANN interpretation of SERS data) has not been
reported.

Here, for the first time, we demonstrate that functionalized SERS
substrate in combination with ANN is suitable for the collection of in-
formation about the molecular structure of analyte and simultaneous
interpretation of spectra in the automated regime. As an explicit
example, we realized the detection of UV-induced damage of oligonu-
cleotide (OND) using surface plasmon-polariton supported gold gratings
grafted by probe OND. Specific spectral changes were highlighted by
using a novel feature selection method, binary stochastic filtering
(Trelin and Prochazka, 2019), which allows finding of specific spectral
changes corresponding to chemical transformations of OND. The pro-
posed approach allows detecting the UV-induced damage in OND
structure, which can be hardly measured by alternative methods (Goto
et al., 2015; Peccia and Hernandez, 2002).

2. Experimental
2.1. Materials

Acetic acid (reagent grade, >99%), diethyl ether, deionized water, 4-
aminobenzoic acid (>99.0%), p-toluenesulfonic acid monohydrate (ACS
reagent, >98.5%), high-purity water (EMD-Millipore) were purchased
from Sigma-Aldrich. The oligonucleotides (ONDs) were obtained from
Biosynthesis (Russia). The OND sequences used in this study are pre-
sented in Table S1.

2.2. Preparation of samples

Grating preparation. Briefly, deposited by spin-coating Su-8 thin
films were patterned by excimer laser (3500 laser pulses, 9 mJ cm 2
laser fluencies). The Au thin film was deposited onto a patterned poly-
mer surface by vacuum sputtering (discharge power of 7.5 W, sputtering
time 200 s, resulted in thickness 25 nm) (Guselnikova et al., 2017a). The
working SERS active area was 1 x 0.5 cm?.

Au grating surface modification. The obtained gratings were
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spontaneously modified by soaking in 1 mM freshly prepared aqueous
solution of 4-carboxybenzenediazonium tosylate (ADT-COOH), previ-
ously prepared according to the procedure described in (Guselnikova
et al., 2019a) for 20 min. After modification Au substrates were rinsed
under sonication sequentially with water, methanol, and acetone for
10 min and dried in a desiccator.

Probe OND grafting. 0.5nmol of OND 1 (5-NHy(CH)e-5'-cg CCAA-
TAC GACCAAATCCG-3') was grafted to the surface through EDC/sulfo-
NHS coupling: 4 mL of 0.5 mM solution of EDC (MES buffer pH 4.5) and
1.25mM Sulfo-NHS-SO3Na (MES buffer pH 4.5) were mixed and
modified gold grating was immersed in EDC/sulfo-NHS solution for
20 min. Afterward, the sample was washed by MES buffer and ultrapure
water. For the covalent grafting between probe OND and sulfo-NHS ester
on surface, 100 pL of probe OND (0.5 nmol) was dissolved in 5 mL of PBS
buffer (pH = 7.2) and activated Au grating was immersed in this solution
for 2 h, after coupling modified grating was washed by PBS bulffer, ul-
trapure water and dried.

UV irradiation and hybridization. Solutions (3 mL) of complemen-
tary OND at concentration 5 x 10~° M (annealing buffer) were placed in
a cuvette (S=1cm?) and irradiated by LED-lamp light at wavelength
375nmfor1.5,2,3,7,10, 12, 20, 24 h. After this solution was diluted by
annealing buffer to the concentration 1 x 10~ M for the following hy-
bridization. For the hybridization experiments annealing buffer (10 mM
Tris, pH 7.5, 50 mM NaCl, 1 mM EDTA) was used. Briefly, the Au grating
grafted by probe OND in the irradiated solution was heated to 95 °C and
gradually cooled to 25°C. Afterward, the sample was washed by
annealing buffer, ultra-pure water and dried at ambient conditions. The
samples were further grouped according to the expected UV-induced
OND damage into four groups: non-damaged (labeled as 0), slightly
damaged (labeled as 1), moderately damaged (labeled as 2), and
significantly damaged (labeled as 3). Detailed samples referring,
grouping, and description is presented in Table 1.

Table 1
Samples referring and description.
Samples Time of UV Description Samples label,
designation illumination, h according the
expected UV-
induced OND
damage
p-OND 0 Probe OND, grafted to -
gold grating surface
OND-0 0 Fully 0 (not damaged)
complementaryOND
OND-1.5 1.5 UV damaged 1 (slightly
complementary further damaged)
coupled with p-OND
OND-2 2 UV damaged
complementary further
coupled with p-OND
OND-3 3 UV damaged
complementary further
coupled with p-OND
OND-7 7 UV damaged 2 (moderately
complementary further damaged)
coupled with p-OND
OND-10 10 UV damaged
complementary further
coupled with p-OND
OND-12 12 UV damaged
complementary further
coupled with p-OND
OND-20 20 UV damaged 3 (significantly
complementary further damaged)
coupled with p-OND
OND-24 24 UV damaged

complementary further
coupled with p-OND
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2.3. Measurement techniques

The X-ray photoelectron spectroscopy (XPS) was performed using an
Omicron Nanotechnology ESCAProbeP spectrometer fitted with mono-
chromated Al K Alpha X-ray source working at 1486.6 eV (pass energy -
30eV, analyzed area -2x3 mmz). Concentrations of elements were
calculated in at. % using the manufacturer’s sensitivity factors. For
characterization of the sample surface and nanomechanical mapping
before and after the surface modification, the peak force AFM technique
with the Icon (Brucker) microscope was used. UV/Vis absorption spectra
were measured by using a Lambda 25 UV/Vis/NIR Spectrometer (Per-
kinElmer, USA) at a scanning rate of 480 nm min ..

Raman scattering was measured on a portable ProRaman-L spec-
trometer (Laser power 35 mW) Raman spectrometer with 785 nm exci-
tation wavelengths. Each spectrum was averaged from 30
measurements, each of them with 3 s accumulation time. The spectra
were measured by four operators (Ph. D. students with different level of
experience with Raman spectrometer). In general, 1800 spectra were
collected from 60 SERS substrates. The measurements were carried out
on the randomly chosen places on the active area of the sample
1x0.5cm?

Control measurements of UV-induced OND damage. Solutions of
Probe OND and illuminated were analyzed by FTIR-ATR, Matrix-assisted
laser desorption/ionization, agarose electrophoresis, and qPCR for high
resolution melting analysis. For detailed experimental procedures and
related discussion, see Supporting Information (SI).

2.4. SERS data analysis

Data preprocessing. Before feeding in the neural network, the
collected spectral data was initially processed, using the developed
automatic algorithm, which also eliminates the potential learning/
validation uncertainty due to spectral background disturbance. The data
preprocessing includes following subsequent steps:(i) - background
subtraction (according to (Eilers and Boelens, 2005)); (ii) - noise sup-
pression (using the mathematical procedures, described in (Savitzky,
1951; Meurer et al., 2017a)); (iii) - MinMax normalization; (iv) — la-
beling. A detailed description of data preprocessing is given in SL

ANN architecture. Obtained spectra, labeled according to Table 1,
were processed with deep convolutional neural network (CNN), a spe-
cial kind of ANN. The classification problem was formulated, having
given spectrum as an input and the corresponding degree of damage as
an output (Meurer et al., 2017b). The created network consists of the
feature extraction module, composed from a few convolutional layers
and multilayer perceptron made from fully-connected layers. It was
found experimentally that convolutional layers improve the model ac-
curacy in comparison to classical multilayer perceptrons. Proposed CNN
model consists of 4 convolutional layers with an increasing number of
kernels (8, 16, 32, 64) and Leaky ReLU activation with negative slope
coefficient a = 0.3, alternated with max pooling layers which increase
information density by performing the two-fold reduction of the previ-
ous layers outputs dimensionality. Each pooling layer is followed with
batch normalization layer, which stabilizes the training process (loffe
and Szegedy, 2015). Those set of layers form feature extraction module,
the output of which is flattened and then passed to the fully-connected
classifier. This module is built from 5 fully-connected layers with
ReLU activation and output layer, having probabilistic softmax activa-
tion. Consequently, categorical cross-entropy was used as a loss func-
tion, which is the standard loss in classification problem. Dropout
(rate = 0.5) was added to the fully connected layers to improve gener-
alization ability (Srivastava et al., 2014). The model structure is visu-
alized in Fig. S1. CNN was implemented in Python programming
language with Keras framework (Abadi et al., 2016) using TensorFlow
library (Chollet, 2017) as back-end.

ANN Training and validation. The model was trained by Adam
optimizer with the following parameters, recommended in the original
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article (Kingma and Ba, 2014) - learning rate equal to 5 x 10~* and zero
learning rate decay. The model was trained in total for 500 epochs,
which finally led to training loss equal to 3.53 x 10~* and validation loss
equal to 0.0217. Validation was performed by comparing CNN predicted
labels for validation dataset with actual ones after each training epoch.
Such an on-line approach allows estimation of CNN generalization
ability during weights evolution, and initial convergence was achieved
in less than 200 epochs (Fig. S2).

3. Results and discussion
3.1. Experimental concept and SERS grating creation

In this work, we propose a simple experimental route for label-free
detection of DNA damage in an extremely fast and reliable way. Our
approach is based on the combination of unique advantages provided by
SERS and ANN combination. It is well known that the SERS method is
favorable for detection of a molecular fingerprint with very low detec-
tion limit (Guselnikova et al., 2017b; Chen et al., 2018), but it is more
suitable for recognition of low molecular weight analytes. The compli-
cations caused by the presence of interfering Raman signal from
different compounds in a sample are a major drawback for the appli-
cation of SERS for real biomedical samples, containing biomolecules
with high molecular weight. At this moment utilization of ANN seems to
be a promising alternative, allowing finding even exiguous spectral
features in highly noised Raman signal. So, a combination of the high
sensitivity of SERS and ability of ANN to discriminate minimal key
spectral features despite the highly intensive background can become an
upcoming alternative for DNA analysis.

Schematic description of the proposed experimental concept is given
in Fig. 1. As plasmonic support, we utilized the periodic Au grating
surface, created by excimer laser patterning. The single probe-OND (p-
OND) (Fig. 1) was grafted to the Au grating surface using the two steps
approach, including surface covalent grafting by 4-carboxyphenylene
moieties and their further coupling with amino-terminated p-OND.
Simultaneously complementary OND (hereinafter referred as OND-x,
where the x is a time of UV illumination) was exposed to UV-A light,
which causes the damage of OND-x structure and presents the main
endanger for human health (Sinha and Hader, 2002). The spectral range
of used UV light is presented in Fig. S3 and the degree of OND damage
were regulated using the time of illumination. In the next step, we
applied the hybridization of OND-x with grafted p-OND and measured
the raw SERS data. The measured SERS spectra were then used as a data
set for ANN learning and testing.

According to the previous report (Guselnikova et al., 2017a, 2019a),
we utilized the highly regular Au grating surface (Fig. 2A), which pro-
vide the homogeneous distribution of plasmon intensity along the SERS
substrate and minimize the uncertainty, related to the random distri-
bution of hot spots, typical for many SERS measurements (Guselnikova
et al., 2017b, 2019a, 2019b; Eilers and Boelens, 2005). The grating
parameters were tuned to obtain the SPP related plasmon absorption
band near the 785 nm, in consistence with further used SERS excitation
wavelength (Fig. 2B). Utilization of SPP-based SERS approach (instead
of more known LSP - localized surface plasmon resonance) allows the
more smoother decay of plasmon evanescent wave above the grating
surface, making the analysis of relatively large (bio)molecules possible.
Consequently, the SERS enhancement factor (EF) of the created plas-
monic substrate reaches 10° (Fig. S4, details of the EF calculation are
given in SI). The numerical simulation of the distribution of plasmon
intensity under the illumination with 785 nm is presented in Fig. 2C. The
uniformity of the substrate was evaluated experimentally by analyzing
SERS spectra obtained from different randomly selected points (five
spectra were taken from each point) on the grating surface with
deposited R6G as a model SERS analyte (Fig. S5). Quantitatively, the
measured relative standard deviation (RSD) value of SERS intensity
between the different points on several substrates was found to be as low
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Fig. 1. Schematic of proposed experimental concept.

Fig. 2. Characterization of gold grating properties
and functionality: (A) - AFM measured surface
morphology of Au grating; (B) - results of numerical
simulation of electric field distribution on Au grating
0.3 surface under the illumination with 785 nm; (C) —
UV-Vis spectra of Au grating surface measured with
light polarization, perpendicular to grating orienta-
tion; (D) - Raman spectra, measured at different
stages of probe OND grafting. . (For interpretation of
the references to color in this figure legend, the
l reader is referred to the Web version of this article.)
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as 5.5%.

The grafting of probe OND to the Au grating surface was confirmed
using the SERS and XPS techniques. XPS results (Table S2) shows the
apparent increase of carbon and oxygen surface concentration as well as
attenuation of Au 4f signal and appearance of N1s peaks after the surface
decoration with probe OND. In turn, characteristic spectral features
(Fig. 2D) after the grafting of ADT-COOH and p-OND confirm the suc-
cessful grating surface functionalization with p-OND (detailed peak
affiliation is given in Table S3). So, both methods (SERS and XPS)
convincingly confirm the surface functionalization with probe OND,
which further serves as reactive moieties for entrapping of OND-x from
solution. In addition, XPS based calculation allows to approximately
estimate the p-OND grafting density which was founded to be
1.08*10 '* mol/cm? (detailed description is given in Supplementary
Information).

3.2. UV-induced OND damage

In the next step, the UV illumination of OND was used to induce the
chemical transformations resulting in the damage of DNA damage. The
control measurements were performed using the FTIR, MALDI, elec-
trophoresis, and temperature resolved DNA dehybridization. Results of
IR (Fig. S6 and related discussion in SI) indicate the gradual changes of
IR spectra, which becomes more apparent with increasing of UV illu-
mination time. In turn, MALDI results show negligible changes of OND-x
mass under the slight or moderate illumination time. Only in the case of
prolonged UV triggering, the changes of MALDI spectra were observed
on the border of distinguishability of this method (Fig. S7).

Further control experiments include electrophoresis test of hybrid-
ized p-OND and OND-x, but in this case, no significant signal of DNA
damage was observed (compare to control, uncomplimentary OND-
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Fig. S8A and related discussion). Finally, advanced control experiments
of p-OND and OND-x hybridization were performed using the
temperature-resolved luminescence measurements (Fig. S8B and related
discussion). After the statistical evaluation of obtained results, the
apparent effect of UV illumination became evident, but mainly in the
case of samples with a long UV-illumination time. So, the results of
control measurements can be summarized as follow: (i) UV illumination
leads to chemical changes in the OND structures (FTIR), (ii) such
chemical changes are not accompanied by significant changing of mo-
lecular mass (MALDI), (iii) observed changes affect the DNA hybridi-
zation (i.e., potential DNA mutation), which can be detected only in the
case of prolonged UV-illumination time and with utilization of time-
consuming techniques.

3.3. SERS measurements and ANN

After the control experiments, we performed the hybridization of
complementary or UV damaged ONDs with grafted probe OND and the
SERS measurements. It should be noted that the grating morphology
cannot affect the orientation of grafted p-OND or hybridized DNA, due
to mismatch in the surface curvature (amplitude — 27 nm, periodicity —
350 nm) and DNA sizes (approximately 6.5 nm). We tried to maximally
complicate the initial ANN task with the aim to maximally highlight its
capability in the final. In particular, we avoided the procedure for
optimization of SERS measurements procedure and did not apply any
baseline correction. Moreover, the spectra were independently collected
by several (4) operators to introduce additionally the ,human factor
error (Brougham et al., 2011). The raw SERS data for different irradi-
ation time is presented in Fig. 3 for different sets, obtained after the
hybridization of OND-x with surface grafted p-OND. As can be expected,
the measured at such unpretentious conditions SERS spectra represents
sophisticated interference pattern. It is almost impossible to recognize
separated, DNA-base related vibration bands as well as recognize the
difference between the sets of SERS spectra (i.e., to determine the time of
UV illumination).

In the next step, we applied the raw datasets of SERS data for ANN
learning and validation. Among the different ANN design, the so-called
Convolutional Neural Network (CNN) has been used for data processing.
This architecture is proven to work efficiently in the background
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presence or even to unwind the signal-baseline interference, (the
convolution operation may be thought of as a form of digital filtering
(Liu et al., 2017)). In addition, the present ANN design is featured by
analysis feedback, which associates the spectral changes and related
biochemical changes in DNA structure. It is well known that identifi-
cation of ANN response to changes in specific input features (in our case
— determination of spectral region, responsible for recognition of the
DNA damage) is a great challenge. ANN operates with data of extreme
dimensionalities, and it is usually considered to be a “black box”, which
is able of efficient solving of specific kind of problems, but the process
how the solution is done cannot be analyzed. To overcome this problem,
and introduce the new, attractive possibility in the ANN-based SERS
spectra interpretation, so-called Binary Stochastic Filtering (BSF) was
introduced, which allows highlighting of SERS spectra features respon-
sible for DNA damage identification (Trelin and Prochazka, 2019). BSF
estimates the importance of every input feature (value of each pixel in
the spectrum) thus recognizes regions of interest in the original spectra
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Fig. 4. Raman areas of interest, determined by ANN during the SERS spectra
evaluation, responsible for discrimination of UV damages degree.
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Fig. 3. Set of raw SERS spectra, measured after the interaction of grafted probe OND with pristine UV illuminated for different time intervals complementary OND.
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(i.e. spectral regions responsible for the estimation of DNA damage).
These regions are presented in Fig. 4 (and Table 2) and further inter-
preted from the spectroscopic point of view. Generally, observed spec-
tral pattern perfectly corresponds with typical DNA spectrum and
include cytosine (C), guanine (G), adenine (A), or thymine (T) Raman
bands. The major part of “peaks of interest” (the detailed assignation of
the area of interest is given in Table 2) can be attributed to the nitrog-
enous ring stretching and bending, and vibration of amino groups,
bringing us to the conclusion that the UV illumination results in chem-
ical transformations of heterocyclic fragments of DNA. With a high
probability, these transformations result in formation of cyclobutane
pyrimidine dimer (CPD) and (6-4) photoproducts, which are typical
products of UV induced damage for double and single-stranded oligo-
nucleotides (Fornace et al., 1976; Doddridge et al., 1998). Also, we
found that the peaks assigned to symmetrical stretching of PO?~ take
part in the classification of SERS spectra. We suppose that the contri-
bution of PO?>~ peaks can be associated with changes in the chemical
environment of phosphate groups, proved by the effect of C=0
stretching, due to the CPD formation or sugar part oxidation (Doddridge
et al., 1998). The perfect coincidence of ANN estimated spectral features
with typical DNA SERS fingerprints convincingly proofs that the created
network can highlight the most informative spectral regions that have
real physical meaning. Thus, the developed method allows finding
specific spectral and even chemical patterns, which accompany DNA
damage.

3.4. SERS/ANN based DNA damage classification

The predictive power of ANN (in terms of neither, slight, moderate,
or strong UV-induced OND damage — see Table 1) was studied with
validation dataset and obtained results of ANN training are presented in
Fig. 5. For data evaluation, the training part of the spectral dataset (i.e.
the data with defined UV-illumination time, but previously unknown for
ANN) was used as the input to the ANN classifier. Results of ANN-based
spectra evaluation provide their class, e.g. the recognition of a sample
was performed as it belonging to the specific class (for example, to the
class 2, which corresponds to [0, 0, 1, 0] output). Obtained outputs were
compared with known times of illumination, corresponded to different
OND damage and stacked forming a 2D array, which was visualized as
an image (Fig. 5), where each row corresponds to class probabilities for
each sample. So, in Fig. 5 the rows of the image correspond to the
probabilities (encoded with colors) that the input spectra belong to the
given class. The real classes are depicted with curly braces on the left
classification map; the corresponding braces on the right are omitted for
obvious reasons. It is visible that only single datum (highlighted with a
red arrow — Fig. 5A) was incorrectly classified, this fact indicating
maximum probability of correct classification in the other classes. Black
arrows highlight SERS data that were classified correctly (in terms of
DNA damage), but with a lower degree of confidence (Fig. 5A). So,
classification and correspondence maps demonstrate predictive accu-
racy of the present model higher than 98%, and the fact that from the 58

Table 2
Affiliation of SERS peak from the areas of interest for the discrimination of UV
damages oligonucleotides.

Number of peaks Frequency, cm ™’ Affiliation

1 1660 Str C_O, sciss NH,

2 1585 str C_C, str N-C

3 1480, 1510 str N-C

4 1378 bend C-H, str C-N-C

5 1270 str N-C

6 1056, 1098 Symm str POy

7 904 str C-C

8 802-843 Symmstr O-P-O, bend N-H, C-H
9 674-703 Ring breath, bend C-C,

N-C

Biosensors and Bioelectronics 145 (2019) 111718

validation spectra, only one was predicted incorrectly. The probable
reason for this inconsistency is spectral collection errors or random
source of noise, such as cosmic spikes. Overall, this experiment dem-
onstrates that the model is able of highly accurate classification of SERS
spectral data and precise estimation of DNA damage (Fig. 5B and C).
Especial and strong attention also deserves the fact that the proposed
methods give the opportunity to recognize even negligible DNA damage,
which can hardly be detected by common analytical route (see control
experiments section). This ability is convincingly proved by perfect
classification of previously “unknown” spectra labeled as 1 (low degree
of OND damage, undetectable by MALDI or electrophoresis) or 2
(moderate degree of DNA damage).

Considering the applicability of SERS biosensor in real conditions,
the one of the ultimate goals is the preparation of stable functional SERS
substrate. For the test of proposed substrates stability, the p-OND grafted
Au gratings were kept under ambient conditions (room temperature and
laboratory lightning, in an air atmosphere) for several months — Fig. SOA
(or continually measured during the first month of storage — Fig. S9B).
From the Fig. SXXB it can clearly be seen that the samples provide the
highly stable SERS signal for at least 30 day, while Fig. S9A indicates the
slight decrease (by ca 10%) of measured SERS signal after the 3 months
of previous samples storage. So, proposed functional SERS substrate can
considered as relatively stable (their stability can be further increased by
improving of storage conditions - inert atmosphere, dark, etc.).

3.5. Advantages of proposed route and future perspective

Finally, it should also be noted that the proposed route for identifi-
cation of UV induced DNA damage is significantly favorable for its po-
tential portability, fast processing times (after the ANN training, the
time is limited only by spectra collection, which usually takes less than
30 min in the case of manual collection and could be improved by
process automation), simplicity and low cost. The developed approach
does not require the more complicated and time-consuming chromato-
graphic separation and mass spectrometry techniques. The developed
method can be automated with ease for high throughput analyses and
could have a tremendous impact on a broad range of applications.
Additionally, the proposed route allows the correct evaluation of the
degree of DNA damage despite demonstrated operator-induced sources
of variation. It should be also noted that proposed algorithm of DNA
analysis is not restricted to the damage induced by UV, but also can be
potentially applied for the discrimination of mismatched DNA, or for
screening responsible for development of relevant mutation (for
example, detection of antimicrobial resistance genes (Kuo et al., 2015)).
Our further work will be focused on the analysis of long DNA molecules.
In this case the two main questions will be further solved: (i) the
maximal (or optimal) lengths of DNA fragments (or OND), which can be
discriminated by SERS/ANN combination, (ii) the ability to perform
DNA fragmentation, before analysis and applicability of this approach
for the analysis of relevant DNA molecules. In particular, the future
works will be focused on expanding of our approach for the analysis of
longer DNA structures (like New Delhi Metallo-p-Lactamase
(NDM)-coding gene and TEM -Lactamase (blaTEM) Genes) with the
utilization of specific restriction enzyme, which have recognition signs
and separate the sights of our interest.

4. Conclusion

In this study, a SERS spectroscopy in combination with ANN is
proposed for the identification and quantification of light-induced DNA
damage. The experimental set-up includes the plasmon-active Au
grating surface, which provides the high SERS enhancement factor and
homogeneous distribution of SERS intensity. The grating surface was
grafted with single OND for entrapping of complementary or UV-
damaged OND from solution. SERS spectra collection was performed
without any optimization of measurements procedure and obtained
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Fig. 5. (A) - classification maps, produced with trained model for training SERS spectra dataset (left) and testing SERS spectra dataset (right); (B) — table of labels

»

corresponding to the “zero”, “low”,
damaged OND.

spectra were processed by ANN. It was successfully demonstrated that
proposed experimental concept is able to recognize even invisible by
common analytical route DNA damage. Additionally, the developed
method allows finding specific spectral and even chemical patterns,
which accompany DNA damage. Proposed route for identification of
DNA damage is favorable for its sensitivity, portability, processing
times, simplicity, low cost and possibility to be automated with ease for
high throughput analyses.
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