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ABSTRACT

Surface-enhanced Raman spectroscopy employed in conjunction with post-processing machine learning methods is a promising technique
for effective data analysis, allowing one to enhance the molecular and chemical composition analysis of information rich DNA molecules. In
this work, we report on a room temperature inhomogeneous broadening as a function of the increased adenine concentration and employ
this feature to develop one-dimensional and two dimensional chemical composition classification models of 200 long single stranded DNA
sequences. Afterwards, we develop a reservoir computing chemical composition classification scheme of the same molecules and demonstrate
enhanced performance that does not rely on manual feature identification.

© 2022 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license (hitp://

creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0075528

Surface-enhanced Raman spectroscopy (SERS) is a well-
established nondestructive and label-free sensing technique, which
admits high specificity inherent to Raman spectroscopy, as well as
high sensitivity due to electromagnetic (EM)' and chemical enhance-
ment (CE)Z’3 mechanisms, and is, therefore, prospective to address
various biological and medical needs.” ™ In particular, SERS-based
classification of information rich DNA molecules’ based on their
chemical composition holds promise for future applications in medical
diagnosis'”'" and bio-analysis.'”'* However, the complexity of the sig-
nal and its low amplitude often limits applicability of SERS to meet
modern clinical/medical* and chemical applications,” thus stimulat-
ing research directions uncovering additional features in SERS spectra
such as power peak ratios of different dominant peaks'®'” and Raman
peak broadening effects.®'” In particular, the homogeneous (internal)
broadening originates due to internal molecular properties, whereas
the inhomogeneous (external) broadening stems from the perturba-
tion imposed on the relevant molecule by the environment,”’ thus
making the inhomogeneous broadening as a highly relevant feature
when studying the interaction between the SERS active single stranded
DNA (ssDNA) molecule and the adsorbing metal substrate. An inde-
pendent and additional information processing based approach, which
allows it to improve the accuracy of SERS, and Raman methods
including various machine learning (ML)-based techniques of different

elaboration levels starting from linear regression models, which are
based on manual extraction of key features in the spectra, through prin-
ciple components analysis”' and neuromorphic-based schemes, to more
advanced feedforward neural networks (FNNs) and deep learning tech-
niques,”””” have been successfully employed to achieve superior perfor-
mance. Among different ML-based methods, reservoir computing
(RC)*™ ° that emerged as a subset of the recurrent-neural network
(RNN) paradigm introduces a computationally plausible possibility to
keep the internal weights fixed and tune only the output weights. It was
demonstrated that this simplification allowed to bypass significant com-
putational efforts needed to train the internal weights of RNNG, but at
the same time still enhanced computational stability and in some cases
even provided higher performance compared to RNNs,” leading to var-
ious applications including decision making,”® dynamical systems con-
trol,”””” classification,” etc. With those advantages in mind and the
discussion above, it is reasonable to assume that RC is a promising
method to be implemented on the feature-rich SERS spectra, and one
can expect that future advancement of SERS and Raman sensing tech-
nology will rely on both identification of additional features in the corre-
sponding signal spectra as well as development and implementation of
dedicated ML-based methods.

In this Letter, we report an inhomogeneous peak broadening in
the SERS signal at room temperature of the adenine specific mode p4
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(680770 cm™") in ssDNA molecules. The width of the adenine peak
is composed of homogeneous broadening due to temperature driven
fluctuation, which is not expected to vary among different experi-
ments, and an inhomogeneous broadening which increases with the
number of adenine bases in ssDNA molecules. Therefore, effectively,
only the inhomogeneous peak broadening effect is the dominant con-
tributing factor to the observed broadening effect. While previous
works reported the inhomogeneous Raman/SERS peak broadening as
a function of temperature,'® the phase change transition from solid to
liquid,”"** or at cryogenic temperatures, ”'® our results indicate
broadening at room temperature as a function of number of adenine
bases in the molecule. We then employ this feature to build one- and
two-dimensional (1D and 2D) regression models for ssDNA chemical
composition analysis, performing the classification task depending on
the number of adenine bases in the molecule. In particular, we employ
the broadening feature in the 1D linear regression model (as illustrated
in Fig. 1) and further combine it with the peak ratio feature'” in the
2D regression model. The two prominent peaks that are used to form
the ratio feature are p4 and phosphate backbone-related mode pgp
(1050-1150 cm ') and described in Fig. S1 in Appendix A of the sup-
plementary material. We then implement a more general RC method
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that does not depend on manual feature identification to demonstrate
the enhanced performance compared to FNNs in terms of computa-
tion time and accuracy.

For our experiment, the SERS spectra are collected by using a
Renishaw inVia Raman spectrometer. The settings include an excita-
tion wavelength of 785 nm, a laser power of 50 mW, an acquisition
time of 5 s, and one accumulation per spectrum. The objective magni-
fication is 50x with NA = 0.75. The grating type used is 1200 1/mm
at 785 nm. The grating setting in the built-in spectrometer software is
set to a static regime with acquired spectrum range extending between
600 and 1700 cm™'. The resultant spectral resolution in our setup is
approximately 1 cm ™. In order to prevent the nanorod SERS substrate
(see sample fabrication details in our previous work™) from excessive
oxidation, which would affect the signal to noise ratio (SNR), we made
the substrates fresh the night before measurement, drop-cast the
ssDNA solution on them to dry overnight, and measured all-samples
within several minutes. In so doing, we also minimized potential dif-
ferences due to oxidation-driven effects across all samples. Figure 1(a)
presents average SERS spectra taken over 1000 clean measurements
of 200-base long ssDNA molecules bonded to a silver nanorod
surface capturing the adenine peak for different adenine molecular
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FIG. 1. (a) Experimental results of SERS spectra presenting the adenine related peak for different adenine concentrations in ssDNA molecules; we consider the following six
cases: 0%, 25%, 50%, 54%, 75%, and 100%, where the concentration is defined as the number of adenine bases in ssDNA molecule divided by the total number of bases
(200). All peaks are normalized and shifted so their Raman shifts are aligned to enhance the visibility of the peak broadening. The value of the adenine peak of the sSDNA mol-
ecule with 0% adenine concentration is only a fraction of ~25 compared to the value of the adenine peak that corresponds to 100% adenine concentration; its non-zero value
at 0% signals that the signal stems from the presence of other molecular components in sSDNA molecules and is not related to the presence of adenine bases. Consequently,
in terms of the linear regression model, the adenine peak value for the 0% case serves as a constant bias for all cases. (b) and (c) Magnified side section of the peak denoted
by black rectangles in (a). (d) 1D linear regression model based on the peak broadening effect and the predicted test data. The horizontal and the vertical axes represent the
adenine concentration (A) and average peak width (w), respectively, whereas the corresponding linear fit for the peak width is given by w(A) = 0.097 x A + 60.89.
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composition percentages, whereas Fig. 1(d) presents the corresponding
inhomogeneous broadening as the adenine concentration, ie., the
number of adenine bases in the ssDNA molecule divided by the total
number of bases, grows from 0% to 100%. While previous works
employed increasing maximal power of the adenine peak as a feature
for ssDNA classification,'"” the normalized data presented in Figs.
1(a) and 1(b) clearly indicate that the width of the peak is an increas-
ing function of the adenine concentration, albeit less pronounced than
maximal power change. Note that the normalization, i.e., dividing the
adenine peak in each spectrum by its maximal value, is performed for
visualization purposes only in order to bring all peaks to the same
unity height, thus eliminating peak amplitude modulation across dif-
ferent cases. In order to generate and train our models more effec-
tively, first our input data are cleaned from possible outliers including
those occurred due to unwanted systematic noise, cosmic ray, or
impurities (dust) on the sample’s surface using the Robust principal
component analysis (PCA) technique. This technique works by find-
ing the low-rank and sparse high-rank (noise) components of the col-
lected raw data (see Appendix B of the supplementary material). SERS
spectra with higher values of the sparse components are identified as
outliers and eliminated from our data set before further processing.
Appendix C of the supplementary material shows in detail how the
data cleaning process happens in our work, where Fig. S3 illustrates
how the inlier and outlier measurements look like. For the ease of
interpretation, all the peaks here have been normalized to the same
height and shifted to the same origin position on the Raman shift axis,
whereas the peak width is quantified as a distance between the succes-
sive minima points around the corresponding peak [as shown in Figs.
1(b) and 1(c)]. While the different curves present minor changes near
the peak, it shows more pronounced differences near the minima
points, which appear in all five sets of measured data taken on differ-
ent days, as illustrated in Fig. $4 in Appendix D of the supplementary
material. To employ this feature for the 1D linear regression classifica-
tion model, we combine all data sets, then use two thirds as training
data to derive the corresponding linear fit model [see Fig. 1(b)], and
finally use it to predict the adenine percentage in the remaining third
test data. We repeated the process of dividing the total data set into
training and testing and performed model learning and classifying for
five times. Table I second column presents the corresponding average
root-mean-squared error (RMSE) of the predicted adenine composi-
tion for five different cases for this 1D model. For our previous work,
we have utilized the 1D linear regression model for the peak ratio fea-
ture, stating an RMSE of 5.17% for gold and 5.46% for silver.”” In
order to improve the detection efficiency in this work, we increase the
number of features used in the regression model and construct a 2D
model that employs the peak broadening feature together with the
peak ratio feature. In particular, since the natural logarithm of the
adenine-related peak p, and the backbone-related peak pgp ratio
admits a linear dependence on the number of adenine bases in ssDNA
molecules,””” we combine this quantity with adenine peak widths
leading to the following quadratic fit:

A(w,7) = —558.22 4 33.09 - w — 1848.78 -
4299 -w-r—0.375-w? — 45.56 - 2. (1)
Here, A is the adenine concentration in ssDNA molecules, whereas r

and w are the logarithmic ratio of peak ratios and the peak width,
respectively; the fit is illustrated in Fig. 2. The corresponding RMSE
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TABLE I. RMSE values comparing the performance of 1D, 2D, and RC models of
ssDNA molecule classification based on the number of adenine bases for five differ-
ent data partitions into training and test.

Partition # 1D RMSE (%) 2D RMSE (%) RC RMSE (%)

1 6.69 3.05 0.229
2 5.39 2.81 0.341
3 6.85 1.02 0.511
4 4.87 5.69 0.829
5 5.75 5.25 0.279
Average 591 3.56 0.438

for five different data partitions into training and test data is presented
in Table I third column, indicating enhancement in the classification
efficiency of the 2D model compared to the 1D model from 94% to
96.5%. It is worth mentioning that the quadratic model leads to supe-
rior performance when compared to the linear peak amplitude-based
linear regression model (see Table II in Ref. 22).

In the second part of this work, we utilize the dedicated RC
scheme, which allows us to employ the whole SERS spectra without
manually identifying specific features (as opposed to the linear
regression approach above) and furthermore allows us to demon-
strate the superior performance compared to our previous work
where we used the FNN.”” Figure 3 presents the schematic descrip-
tion of the proposed RC architecture, where the N=1021 dimen-
sional SERS spectra of a given measurement in the range between
608 and 1721 cm™ ', denoted as u(1) where # is the positive integer,
are concatenated together with the bias parameter, b, forming
together a 1022 dimensional input vector. This input vector is then
mapped by a fixed random matrix W;, into the reservoir space of
dimension N, where each neuron x(n) is subject to the following evo-
lution equation:

* Train data
—— 2D polynomial fit
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FIG. 2. 2D quadratic fit between the experimentally acquired peak width (w) and
peaks ratio (- = pa/pas) to the corresponding adenine concentration (A). The qua-
dratic fit is described in Eq. (1), and the inset presents projection on the w-log(r)
plane indicating that w and log(r) are both a growing function of the adenine
concentration.

Appl. Phys. Lett. 120, 023701 (2022); doi: 10.1063/5.0075528
© Author(s) 2022

120, 023701-3

SZ:L1'81 €20z Isnbny 67


https://www.scitation.org/doi/suppl/10.1063/5.0075528
https://www.scitation.org/doi/suppl/10.1063/5.0075528
https://www.scitation.org/doi/suppl/10.1063/5.0075528
https://www.scitation.org/doi/suppl/10.1063/5.0075528
https://scitation.org/journal/apl

Applied Physics Letters

Input Reservoir

Output

FIG. 3. Schematic description of the proposed RC architecture for SERS spectra
chemical composition analysis/classification. The N=1021 dimensional SERS
spectra vector serves as an input state and generates a reservoir state x(n) of
dimension N x 1, subject to Eq. (2) with a=1, b=1 and random fixed matrices
Wi, and W of dimensions N x (N + 1) and N x N, respectively. Note that in the
employed RC architecture both the input state and the reservoir state are mapped
to the output layer, reflecting Egs. (3) and (5).

x(n) = (1 —a)x(n—1) + atanh(Wi,, ( an)) + Wx(n — 1)>.

(@)

Here, W is a fixed N x N matrix from the reservoir space to itself, b is
a constant (i.e., n-independent) bias value, and a is the so-called leak-
ing rate. In our RC analysis, we employ a total of K= 6000 SERS spec-
tra corresponding to six different adenine concentrations in the
ssDNA molecule (each concentration consists of 1000 SERS spectra)
with each spectra serving as an input state u(n), n=1,...,K. In
particular, we employ two thirds of the spectra for training and one
third for testing, corresponding to 2/3 x 1000 x 6 ~ 4002 and 1/3
%1000 x 6 =~ 1998 spectra, respectively, and employ five arbitrary
partitions of the data into training and testing to quantify heterogene-
ity of our dataset. To train the data, first we notice that the output of
the RC model is given by

Yirain = Wour - Xerain, (32)

Xiain = (b, u(1),x(1)); ... (b, u(k), x(k))), (3b)

where XL . is the k x (2N + 1) dimensional matrix and k= 4002 is

the number of training measurements. The components of the

1 x (2N + 1) dimensional output matrix W,,, are determined by
employing ridge regression, leading to

Wout = thinXg;am (XtminXT + ﬁI)_lu (4)

train

where f3 is the corresponding regularization parameter. After the train-
ing stage, the corresponding W, then operates on the (2N + 1) x [
dimensional test matrix Xi,, where [ is the number of input test spec-
tra (I=1998), thus leading to the following expression for Y. predict-
ing the number of adenine bases in the ssDNA molecule

Yiest = Wour » Xtest, (52)
Xige = ((b,u(1), x(1)); ... (b, u(1),x(1))). (5b)

Here, Y, is a list of predicted adenine concentrations for the test
spectra. Each predicted value in the list is depicted by y(n), which
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corresponds to each test input u(n) (see Fig. 3). Our analysis indicates
that the leaking rate value a=1 and reservoir dimensionality
N=1021 are optimal in terms of the RMSE value (see Fig. S5 in the
supplementary material).

In order to optimize our model efficiency, we use cross validation
(CV) in our training process. CV is a technique where the entire data
set can be divided into # subsets. Out of which (n — 1) subsets will be
used in training, and one subset will be used for validation of the effec-
tiveness of the model. The number of subsets is determined by the
number of folds (number of times we repeat the process of division
into subsets). We choose #n =5 in our simulation, which means the
division, training, and validating process will be repeated for five times
before we pick out the process in which the model gives out the lowest
RMSE. Furthermore, we rerun this CV process for five times, and each
time we pick out a model with the lowest RMSE to be our best model.
Table I fourth column lists the best RMSE values for five runs and the
average RMSE of the whole process of this RC model. The classified
(predicted) results are plotted against their ground truth values in
Fig. 4 and almost completely overlap on the presented scale due to the
small average error value presented in the last column in Table I. With
a classification efficiency of about 99.5%, the RC model proves to be
superior in accuracy to other models we employed so far such as linear
regression, PCA linear regression, or FNNs.”

To summarize, in this work, we reported three methods of differ-
ent computational complexity to perform the SERS-based chemical
composition analysis of 200 base long ssDNA molecules. The first lin-
ear model was implemented by employing the peak broadening effect
in ssDNA molecules with the increased width of the adenine peak as a
function of the increased molecular adenine concentration serving as
only feature. In the second model, we employed the peak broadening
effect with the previously reported peak power feature of the adenine
peak to construct a quadratic model with enhanced performance.
Finally, we constructed a dedicated RC computational platform capa-
ble of outperforming the first two models above and also our previ-
ously employed FNN model for the chemical composition model*
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FIG. 4. Comparison between the RC-predicted concentration of adenine bases in
ssDNA molecules and the actual value. Note that the small RMSE error 0.438%
specified in Table | fourth column above leads to practical overlap of the two curves.
For each type of the ssDNA molecule, we employed 2000,/6 ~ 333 test samples.
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both in training time and accuracy. In this work, we use adenine and
cytosine DNA bases, because these admit non-intersecting peaks and,
thus, are separable in the spectral domain. Nevertheless, other DNA
bases may admit interfering peaks,” thus masking potential broaden-
ing effects unless the peaks are separated by modifying substrate prop-
erties (e.g., metal properties).

We believe that the observations and the methods reported in
our work will stimulate future research of pure scientific directions
aiming to enhance our understanding of both basic SERS effects and
development of dedicated ML algorithms for SERS data analysis, as
well as applicative directions, where employing additional features
in ML methods will allow more efficient optical-based composition
and chemical analysis of complex molecules. In particular, from a
purely scientific perspective, the inhomogeneous broadening effect
reported above provides an example where the CE effect in SERS
enables to observe room-temperature broadening, opening another
research direction aiming to map the factors that affect the intricate
underlying interaction mechanisms between complex molecules and
SERS substrates. While at this point, we can only hypothesize that
the peak broadening for the adenine specific peak occurs due to
increased number of binding configurations of adenine to the
metal,”** each potentially admitting a different spatial orientation
and the CE effect and leading, in turn, to degeneracy lifting of nor-
mal mode frequencies’ and to higher spectra variance for suffi-
ciently large number of adenine bases in the molecule; future
research may lead to more detailed understanding. Another question
our study raises from a materials science perspective: is it possible to
control substrate properties in order to allow more binding configu-
rations for a given base, thus selectively introducing an inhomoge-
neous broadening feature for some DNA bases and not for other
bases for composition analysis scheme? Potentially, it may also allow
the use of computationally inexpensive linear regression schemes to
achieve composition analysis in cases where peak ratio feature is not
well expressed. Another question is how the liquid environment,
presenting ionic and molecular substances, affects the peak broaden-
ing of adsorbed molecules. From an application perspective, obser-
vation of the inhomogeneous peak broadening effect of DNA bases
at room temperature may allow a variety of composition analysis
technological applications without the need to employ energy expen-
sive and bulky cooling systems. Furthermore, as we demonstrated
within the framework of the quadratic model, implementing several
features allows us to implement a computationally inexpensive
regression model of enhanced accuracy compared to a single feature
linear model. From the ML perspective, our results indicate that
employing a dedicated RC method for molecular composition analy-
sis opens a way to employ computationally feasible neural network
schemes supporting faster data processing of information rich SERS
spectra without compromising on the corresponding accuracy, thus
serving as a stepping stone for future applications, where RC and
other neuromorphic-based models allow reduced processing time
and, hence, faster acquisition rate.

See the supplementary material for the full SERS spectra of the
ssDNA adsorbed on silver nanorod substrate, further analysis of the
data cleaning process using robust PCA, the repeatability of the peak
broadening effect, choosing the optimum reservoir size, and the calcu-
lation of RMSE in this Letter.
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