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1. Introduction

The LOC system, including microfluidics and SERS technologies will improve 
the obtained spectra quality and increase the informativeness of the analysis. 
In general, the developed LOC system may provide the opportunity of human 
biofluids precise optical analysis and may allow for effective screening of 
cancer pathologies and detection of microorganisms in body fluids. 

5. Conclusion

Fig. 9 Raman spectra of glycerine

Тable 1. A posteriori probability of lung cancer 
separation from other tumors

5. Conclusion

* SERS substrates were produced by...

S E R S subst ra tes  o f  var ious 
c o n fi g u r a t i o n s  a r e  u s e d .
gold plate_1:roughness~ 1μm   
gold plate_2:roughness~ 500 nm
silver plate_1:roughness~ 1 μm 
silver_plate_2:roughness~ 2 μm.
 
A plate with optimal parameters is 

 selected.Utilizing SERS for dye 
anlysis provided the achievement of 
R a m a n  i n d i v i d u a l  b a n d s 

5amplification  by 10  and more. 

Recognition of surface-enhanced Raman spectra of organic media based on 
deep learning

Table 1. Observed vibrational bands of human blood Raman spectra. Here general 
organic components of biochemical blood test are marked with (*) symbol; 
e x p e r i m e n t a l  p e a k s  o b s e r v e d  i n  o u r  s t u d y  a r e  i n  b o l d  t y p e .

2.  Lab-on-a-chip system 
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Fig. 6 Scheme of a LOC system being developed 

 

Wavenumber, 
cm-1 

Substances 

493 Bilirubin* 

679 Creatinine* 

756 L-tryptophan 
(is part of 
several 
organic 

components) 
829 Collagen 
846 Creatinine* 

941 Protein* 

1002 Protein* 

Urea* 

Hemoglobin* 

1128 Glucose* 

 

Wavenumber, 
cm-1 

Substances 

 
1225 

 
L-tryptophan 

(is part of 
several 
organic 

components) 

1336 Protein* 

Bilirubin* 

1451 Protein* 

Bilirubin* 

1500 Bilirubin* 

1556 Hemoglobin* 
Fibrin 

1623 Hemoglobin* 

 

 The constructed regression model 
allows for discriminating the lung cancer 
from other tumors with the sensitivity, 
specific i ty  and accuracy of  the 
constructed model were 0.75, 0.81 and 
0.76, respectively

Table 2. Сorrelations between the biochemical studies results and body fluids 
spectral characteristics.

4.  Conventional Raman and SERS of ascitic fluid 

Fig. 6 Raman spectra of dye on plates with 
different surface geometries

3.  Experimental studies of human blood via Raman 

1. Introduction

In this work, we used amino acids as model 
media and investigated the possibility of 
determining the structural features of organic 
compounds by means of a combinating 
Raman spectroscopy and one-dimensional 
convolutional neural networks (CNN).

Fig. 7 Raman spectra of tested blood 
samples

Fig. 4 Polynomial approximation of urine 
samples AF

The porphyr ins (n i t rogen-conta in ing 
pigments) accumulates in sites of active cells 
division and excretes with urine. Changes in 
the AF urine spectrum reflect changes and 
m e t a b o l i c  i m b a l a n c e  i n  p o r p h y r i n 
metabolism. Therefore, the AF intensity of 
urine can be used as an informative criterion 
of oncopathology growth. 
Towards improving the study informativeness 
the performing more complex analysis and 
the using a combination of RS and AF for the 
simultaneous study of blood and urine are 
required.

Fig. 5 Raman spectra of tested urine 
samples
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Fig. 9 Scheme of a developed LOC system

The developed approach may become the basis for the non-invasive 
method of cancer screening, for example, when used in 
Lab-on-a-chip (LOC) systems.

 

Fig. 7 Raman spectra of blood plasma 

Plasma was used as a bulk sample. 
As a sample for SERS analysis, a 
plasma solution in distilled water with 

-2  a concentration of  10 g/l was 
used.Results of SERS technology 
app l i ca t ion  fo r  b lood  p lasma 
microdose  spectral characteristics 
testing demonstrated potential of 
SERS applicability with proposed 
experimental setup for the precise
body fluids analysis.

Conclusion 

џ The analysis of the results demonstrates that the use of surface-enhanced technology allows for achieving the increase in the intensity of individual 
Raman bands of blood serum by a factor of 200 - 78000.

џ The obtained results demonstrate that the proposed SERS technique is stable.

џ A comparative study of experimental data of Raman scattering and surface-enhanced Raman scattering of human blood serum demonstrated that the use 
of SERS has the potential to increase the information content of the analysis of the component composition of human blood serum in order to detect 
pathological-associated changes, in particular, kidney failure.
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џ Data analysis

Repeated k-fold cross-validation (k=10) was performed in training set for the 
analysis of CNN model.

1. Introduction

Despite numerous highly efficient optical methods introduced into 
analysis of tissues and fluids, only a small number of them actually 
reach clinics. One possible reason for this phenomenon is the 
complexity of spectral data and the problems associated with 
statistical analysis of spectral datasets. This study provides a detailed 
demonstration of how database of  complex organic media SERS 
spectra can be used for classification and recognition by means of 
multivariate analysis. Human blood serum was chosen as a complex 
organic medium as an object of study of practical interest.

џ Silver structures based on dried silver colloid are utilized to achieve 
surface enhancement of Raman scattering in the near infrared 
range. A silver colloid was obtained by reduction from an aqueous 
solution of silver nitrate with sodium citrate at the temperature of 95 
°C for 20 minutes.

џ For SERS analysis, each serum sample was dropped in a volume of 
2 µl on aluminum foil with a layer of silver structures and dried for 30 
minutes. The analysis of the serum spectral characteristics was 
carried out using an experimental stand consisting of a 
spectrometric system (EnSpectr R785, Spektr-M, Chernogolovka, 
Russia) and a microscope (ADF U300, ADF, China). The spectra 
were excited in the near infrared range using a laser module with the 
center wavelength of 785 nm. A 50x LMPlan Objective was used to 
focus the radiation on the sample and collect the scattered radiation. 

џ The preprocessing of raw SERS serum spectra consisted of two 
sequential stages: noise smoothing and normalization. Smoothing 
the raw spectra was performed by the Savitzky-Golay filter the with 
filter window width of 15, the first-order of the polynomial used for 
smoothing and the zero-order of derivative to take (no derivative). 
After noise smoothing, the spectral characteristics of the serum were 
normalized by means of a standard deviation of the normal variate 
method (SNV).

џ The data were analyzed through supervised learning. The 
classification model was trained on a full sample (50 spectra of 
serum from healthy subjects vs 50 spectra of serum from the patients 
with cardiovascular diseases) and on a reduced sample (10 spectra 
of serum from the healthy subjects vs 10 spectra of serum from the 
patients with cardiovascular diseases). The analysis of the model 
stability was implemented using the k-fold cross-validation (k  =  7). 
When constructing the models, the importance of predictors in 
accomplishing the classification task was assessed by means of the 
distribution of the variable importance (VIP) in the constructed 
model. 

2. Materials and methods

According to the provided example of SERS database 
classification , we can formulate several steps required to avoid 
overestimation during model construction :
1. Divide the data into the calibration and the test sets, or 
perform CV with a limited available data; make this division 
sample-sensitive;
2. Run multiple divisions of data and check the model 
performance during different runs;
3. Choose several metrics (not a single parameter) to evaluate 
model performance. Analyze RMSE even for binary 
classification;
4. Evaluate LV shape to discard noise contribution;
5. Select only those LVs that provide stable results and contain 
useful spectral information;
6. Present performance as “Mean±SD” for multiple runs or add 
confidence interval estimation for the presented performance;
Describe all the details of the performed analysis in the Materials 
Section and present all the details of the performed statistical 
analysis (possibly as supplementary) in order to give the readers 
the possibility to replicate the research findings.

Conclusion 
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Fig. 1 Performance of classification model: accuracy (a) 
and RMSE (b) for one random data division into the 
calibration and the test sets; RMSE (mean ± SD) for 

calibration (c), CV (d) and test (e) for 10 repeated data 
splits (during each split a new portion of the spectral 

data appears in the test set).

Fig. 2 LVs (loading vectors) shape for one split in PLS-DA: LV1, LV6 and LV11 (a) carry useful spectral 
information, while high-order LVs (e.g. LV20 and LV50) (b) carry only noises
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Fig. 3 VIP (variable importance in projection) for PLS-DA classification: utilizing the first LVs changes the shape 
of VIP distribution (a), while utilizing the high-order LVs does not change the shape of VIP distribution (b).
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The process of spectral data classification requires separation of the dataset under analysis 
into the calibration (train) and the test sets. This step is crucial for verifying the stability of the 
resulting classification model. An important conclusion about Fig.An important conclusion 
about Fig. 1 is that a single split of data can provide unstable results. A classification model built 
on only one data split may easily become overestimated and provide overoptimistic results.  1 
is that a single split of data can provide unstable results. A classification model built on only one 
data split may easily become overestimated and provide overoptimistic results. 

Fig. 2 demonstrates LVs 1, 6, 11, 21 and 50 for one random split of the analyzed dataset . One 
can see that with the increased LV number, the amount of useful spectral data carried by LV 
decreases. An approach that highlights LVs with useful spectral data is a variable importance in 
projection (VIP). VIP is a weighted sum of LVs, and if the LVs' intensity is relatively small, it should 
not change the shape of the VIP distribution. 
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