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Objective: The objective of this study is to evaluate the performance and feasibility of

surface-enhanced Raman spectroscopy coupled with a filter membrane and advanced multi-

variate data analysis on identifying and differentiating benign and malignant thyroid tumors

from blood plasma.

Patients and Methods: We proposed a membrane filter SERS technology for the differ-

entiation between benign thyroid tumor and thyroid cancer. That is to say, by using filter

membranes with optimal pore size, the blood plasma samples from thyroid tumor patients

were pretreated with the macromolecular proteins being filtered out prior to SERS measure-

ment. The SERS spectra of blood plasma ultrafiltrate obtained using filter membranes from

102 patients with thyroid tumors (70 thyroid cancers and 32 benign thyroid tumors) were

then analyzed and compared. Two multivariate statistical analyses, principal component

analysis-linear discriminate analysis (PCA-LDA) and Lasso-partial least squares-

discriminant analysis (Lasso-PLS-DA), were performed on the SERS spectral data after

background subtraction and normalization, as well as the first derivative processing, to

analyze and compare the differential diagnosis of benign thyroid tumors and thyroid cancer.

Results: SERS measurements were performed in blood plasma acquired from a total of 102

thyroid tumor patients (benign thyroid tumor N=32; thyroid cancer N=70). By using filter

membranes, the macromolecular proteins in blood plasma were effectively filtered out to

yield high-quality SERS spectra. 84.3% discrimination accuracy between benign and malig-

nant thyroid tumor was achieved using PCA-LDA method, while Lasso-PLS-DA yields

a discrimination accuracy of 90.2%.

Conclusion: Our results demonstrate that SERS spectroscopy, coupled with ultrafiltration

and multivariate analysis has the potential of providing a non-invasive, rapid, and objective

detection and differentiation of benign and malignant thyroid tumors.

Keywords: surface-enhanced Raman spectroscopy, thyroid tumor, filter membrane, silver

nanoparticles, blood plasma

Introduction
The thyroid, which produces thyroid hormone, is one of the most critical and

reactive endocrine organs, and playing a vital role in regulating body function

and maintaining the proper environment, as well as promoting homeostasis,

which controls the production of heat and energy.1,2 In 2018, close to 567,000

cases of thyroid cancer were reported worldwide, ranking in ninth place for
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incidence,3 and the overall incidence rate of thyroid tumor

has increased by 6% per year, a fourth most common

cancer in women.4

Traditional diagnostic modalities such as thyroid iso-

tope scanning, Computerized Tomography (CT), Magnetic

Resonance Imaging (MRI) scanning, b-mode ultrasound

examination, and other approaches provide specific aux-

iliary diagnostic information.5,6 However, CT and MRI

have poor diagnostic sensitivity and specificity for thyroid

nodules due to the lack of biological information, and are

challenging to detect small lymph nodes in the neck. Fine-

needle aspiration biopsy (FNAB) provides pathological

information but is invasive and subject to inter-observer

discrepancy.7 Moreover, the differentiation of benign and

malignant thyroid tumors is difficult to achieve via FNAB

given the limited biopsy accuracy and cytological simila-

rities between benign and malignant tumors. Therefore, to

provide a real-time monitoring of thyroid cancer from

diagnosis to post-treatment, a non-invasive repeatable

biopsy that provides molecular information is urgently

needed, especially those rapid, more accurate, and objec-

tive methods that can complement existing clinical settings

to greatly improve diagnostic sensitivity, specificity and

differentiation.

Undoubtedly, tumors are initially caused due to bio-

chemical changes in the cells or tissues.8 Along with the

tumor development, abnormal expression of oncogenes in

tissues or cells will directly fluctuate with variations of

disease-related biochemical substances. Moreover, specific

antigens and secretions closely related to the disease are

more or less presented in the abnormal tissues and body

fluids of patients.9 Raman spectroscopy provides molecular

fingerprint information of tested samples with the advan-

tages of being performed in a non-destructive and label-free

manner, and thus has been widely used for characterization

and analysis of tumor tissues and single cells.10 Moreover,

the surface-enhanced Raman scattering (SERS) can tremen-

dously overcome the shortcomings of the conventional

Raman signal by providing highly sensitive and specific

characteristic Raman fingerprints of the analytes being mea-

sured, thereby significantly improving detection sensitivity

(up to trace level).11 SERS has now been employed for

label-free detection of biomarkers in various body fluids

such as blood plasma, urine, and saliva.12–14 For tumors of

different types, grades and stages, the biochemical composi-

tion of the patient’s blood plasma and the relative expression

of disease-related biomarkers may be different, which may

eventually result in unique SERS spectral signatures. In

other words, differences in fingerprint characteristics in the

SERS spectrum can provide an objective basis for the

potential differential diagnosis of cancer.15 In our previous

studies, we have employed the SERS technique to distin-

guish benign and malignant thyroid tissue samples coupled

with principal component analysis-linear discriminate ana-

lysis (PCA-LDA).16 The development and application of

non-invasive diagnostic tools based on blood plasma geno-

typing (also known as “liquid biopsy”) is beneficial in redu-

cing the need for tissue biopsy, thus bringing new insights

into cancer diagnosis and prognosis. We hypothesize that

label-free SERS measurements would provide an unbiased

snapshot of the totality of all biomolecular species (rather

than focusing on a single entity) in the blood plasma speci-

men and, when combined with multivariate analysis, would

capture latent biological differences that are encoded in the

vibrational fingerprints.

Herein, we proposed a filter-based label-free SERS

method for optimization of the SERS signal from blood

plasma samples of thyroid tumor patients, followed by in-

depth multivariate data analysis to accurately and objec-

tively identify and distinguish benign and malignant thyroid

tumors. By using filter membrane with proper cut-off

weights, the macromolecular proteins in the blood plasma

can be effectively filtered to obtain high-quality SERS spec-

tra. Unlike the drying strategies involved in conventional

SERS detection, SERS detection of blood plasma was per-

formed in a liquid environment to ensure reliable and objec-

tive detection of proteins and analytes under physiological

conditions. Furthermore, SERS spectroscopy of blood

plasma samples combined with advanced multivariate data

analysis, such as PCA-LDA and Lasso-partial least squares-

discriminant analysis (Lasso-PLS-DA), was evaluated for

the differential diagnosis of benign and malignant thyroid

tumors. As a proof-of-concept, our results show that the

combination of filter-based SERS spectra and multivariate

analysis can provide and highlight potential pathological

diagnostic information that reflects biochemical differences

and changes at the molecular level. The integration of mole-

cular level detection with routine pathological diagnosis is

expected to pave the way for accurate classification and

pathological diagnosis of thyroid tumor.

Materials and Methods
Chemicals
All chemicals were purchased from Sigma-Aldrich, unless

otherwise stated. All aqueous solutions were prepared with

Liang et al Dovepress

submit your manuscript | www.dovepress.com

DovePress
International Journal of Nanomedicine 2020:152304

http://www.dovepress.com
http://www.dovepress.com


deionized water (resistivity of 18.2 MΩ.cm) purified with

a Milli-Q reagent grade water system (Merck Millipore,

Billerica, MA, USA).

Patients and Samples Collection
The blood plasma samples from 102 thyroid tumor

patients were provided by Fujian Provincial Cancer

Hospital. All 32 benign thyroid tumor patients were histo-

logically confirmed as 30 nodular goiter and 2 follicular

adenoma, with an average age of 50±12; while all 70

thyroid cancer patients were classified as 67 papillary

carcinoma and 3 follicular carcinoma, with an average

age of 46±14. All participants provided written informed

consent for enrollment in this study, ethics approval was

obtained from Fujian Provincial Cancer Hospital Ethics

Committee (Approval No. SQ2016-034-01), and the

study followed the guidelines of Declaration of Helsinki.

After 12 hrs of overnight fasting, 2 mL of blood samples

from each patient was first collected into a tube containing

an anticoagulant (EDTA) between 7:00 and 8:00 am.

Blood plasma was then obtained after centrifugation at

3000 rpm for 10 min and stored at −80°C until further

SERS analysis.

AgNPs Synthesis and Characterization
Silver nanoparticles (AgNPs) were prepared using the

method reported by Leopold et al’s.17 Briefly, 4.5 mL of

0.1 M NaOH was mixed with 5 mL of 60 mM HONH3Cl,

followed by the addition of 90 mL of 1.1 mM AgNO3

rapidly. The mixture was vigorously stirred until the solu-

tion turned milky gray. The freshly prepared AgNPs was

then centrifuged at a speed of 10,000 rpm for 10 min.

TEM image of AgNPs was characterized by a transmission

electron microscope (Hitachi, H-7650) at an accelerating

voltage of 80kV, and the absorption spectra were collected

with a UV–Vis spectrometer (PerkinElmer, Lambda 950)

at room temperature.

Preparation of Blood Plasma Ultrafiltrate

and SERS Measurement
In preparation of blood plasma ultrafiltrate, Millipore

Amicon Ultra 0.5 mL centrifugal filter devices (Merck,

Germany), of cut-off weights of 10 kDa, 30 kDa, 50 kDa,

and 100 kDa were employed to reduce the interference of

large amounts of high-abundance proteins,18 thus retaining

and concentrating low-molecular-weight proteins with

high diagnostic value from each blood plasma sample.19

20 µL of blood plasma ultrafiltrate mixed with identical

volume of AgNPs were prepared and an aliquot of 5 µL of

each sample was placed on a clean aluminum block. SERS

spectra were acquired using a confocal Raman system

(Renishaw) with an excitation laser of 785 nm. A 20×

long working distance (NA = 0.25) objective was used to

focus the laser and to collect the scattered light from

sample surface. Prior to large-scale experiments, detection

parameters such as integration time (30 s) as well as laser

power (2 mW) were optimized to yield high performance.

Raman spectra were collected over a range of 400 to

1800 cm−1 using the WiRE 3.4 software, which covers

the fingerprint region of the blood plasma samples. Each

sample was represented with the average spectrum calcu-

lated from triplicate, random measurements of the sample

droplet.

SERS Spectral Pre-Processing and

Multivariate Data Analysis
The Raman instrument was wavenumber calibrated using

the wafer 520 cm−1 band. Raman spectra recorded were

intensity normalized to compensate for spectral response

due to effects caused by laser power variations at the

sample, and restricted to the fingerprint wavenumber

region (400–1800 cm−1) for analysis.

PCA was applied to analyze the variance of spectral

data, which reduces the dimensionality of the spectral

dataset to a few dimensions characteristic of the maximum

variance in the dataset.20 This transformation converts

a set of spectral recordings into a set of values of linearly

uncorrelated variables that form an orthogonal basis set.

Similar to our previous multivariate statistical analysis,21

PC scores with lowest p-values (PC1, PC3, and PC17)

based on the independent T-test were firstly selected.

Linear discriminant analysis (LDA) was then used to

achieve the diagnostic line (decision boundary, which

separated the data-points into regions that were actually

the classes they belong to); where the discriminant func-

tion coefficients were calculated using the three PCs from

PCA with significant differences and the known classifica-

tion as inputs. Finally, the leave-one-out and cross-

validation method were then performed to avoid overopti-

mistic results and assess their validity. After the PCA-

LDA analysis, posterior probabilities are computed using

SPSS software, which represent the probabilities of being

classified as benign thyroid tumor and thyroid cancer
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patients based on the corresponding blood plasma SERS

spectra.

Least absolute shrinkage and selection operator (Lasso)

is essentially a compression estimate, basically based on

the form we are familiar with representing multiple linear

regression. In general, the advantage of Lasso is that it

drives the parameters to zero, eliminating the characteris-

tics of regression.22 Therefore, Lasso automatically selects

more relevant features and discards other features during

the iteration. This advantage also leads to a reasonable

noise suppression effect of the Lasso. A sparse model

with a small non-zero coefficient can be obtained using

the Lasso model. After obtaining useful spectral variables

with Lasso, we noticed that some spectral regions have

more useful variables than others. To avoid noise interfer-

ence with some variables’ uncertainty on the prediction

results, we chose an integrated SERS spectral range con-

taining one or more useful spectral variables to establish

a further model. PLS-DA is then employed to classify the

benign and malignant thyroid tumor based on the spectral

regions selected above.

PCA-LDA and Lasso-PLS-DA23 were both used to

analyze and compare the differential diagnosis of benign

thyroid tumors and thyroid cancer, and to avoid over-

optimistic results, they were then both validated using

leave-one-out cross-validation. The receiver operating

characteristic (ROC) curve was calculated from the pos-

terior probabilities derived from the above analysis and

represents the diagnostic performance of the model and

the corresponding area under the curve (AUC) was cal-

culated (see Figure S1 for the flow chart of multivariable

model steps).

The SPSS 19.0 software package (SPSS Inc., Chicago,

Illinois) was used for independent T-test, PCA, LDA, and

ROC analysis. Homemade program in Matlab (Matlab

R2013b, Mathworks, USA) was employed to conduct the

Lasso-PLS-DA analysis. Origin 2017 software

(OriginLab, USA) was employed to create the scatter

plots as well as the Raman spectra figures.

Results and Discussion
Optimization of SERS Signals
Representative UV–Vis spectrum of AgNPs solution

was shown in Figure S2, where the maximum peak

locating at 416 nm indicates the characteristic localized

surface plasmon resonance (LSPR) peak of AgNPs. The

inset shows the representative TEM image of AgNPs,

with an average particle size of 35±4 nm. Rather than

using the original concentration, for the following

experiment, the AgNPs colloid was centrifuged and

adjusted to 20 times the initial concentration for better

performance.24 785 nm laser excitation was purposely

chosen for Raman spectroscopy, since it offers an excel-

lent balance between Raman efficiency, sample fluores-

cence, and heat absorption.25 Although the maximum

LSPR peak is far from our excitation wavelength, com-

ponents in the blood plasma (such as proteins, analytes,

and salts) can contribute to the analyte–colloid and

colloid–colloid interactions, which finally cause nano-

particles to aggregate, resulting in a red-shift of the

LSPR.26 This phenomenon can be easily confirmed by

plotting the absorption spectra with different volume

ratios of blood plasma and concentrated AgNPs (see

Figure S3). To investigate the effect of volume ratios

between concentrated AgNPs and blood plasma to SERS

effects, various volume ratios between them were pre-

pared to achieve the optimum SERS enhancement and

the most reliable SERS spectral results. It was discov-

ered that when the concentrated AgNPs was mixed with

the blood plasma sample at a volume ratio of 1:1, the

SERS spectrum relatively shows the best signal strength

enhancement over the entire wavenumber range and the

greatest signal-to-noise ratio (SNR) (see Figure S4). The

reasonable explanation is that low volume ratio of blood

plasma to AgNPs will not generate sufficient SERS

enhancement; however, excessive AgNPs in the mixture

tend to form aggregates and cause precipitation, thus

result in lower SERS enhancement, which finally leads

to unstable and irreproducible SERS performance. In

addition, we found that the most intense SERS spectrum

occurs when the LSPR is blue-shifted from the 785 nm

excitation, which agrees well with the recent studies by

Turzhitsky et al27,28 that the maximum SERS signal is

recorded when the excitation wavelength is red-shifted

to the LSPR, due to the competitive relationship

between SERS enhancement and extinction in nanopar-

ticle colloids and the resulting balance of incident light

and scattered Raman signals.

Blood plasma contains a large amount of substances

that can be used for disease diagnosis. Although Raman

spectroscopy was deemed to provide detailed molecularly

specific fingerprints of compounds in blood plasma, fluor-

ophores with molecular weights greater than 10 kDa27 are

considered to be the main source of interference when

using Raman to detect potential diagnostic biomarkers
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such as low-abundance proteins and small molecules. By

applying ultrafiltration via filter-membranes with proper

cut-off weights, it is expected to effectively filter out

macromolecules that cause fluorescent and Raman back-

grounds rather than useful diagnostic signals,29 which is

also confirmed by our results (see Figure S5). To further

comprehensively evaluate the SERS detection of blood

plasma ultrafiltrate, we compared the SERS enhancement

of blood plasma ultrafiltrate after treatment with various

membrane pore sizes. Our experimental results showed

that the most intense SERS spectral signals and the corre-

sponding high signal-to-noise ratio SERS spectrum were

obtained (see Figure S6) by mixing the concentrated

AgNPs with the blood plasma filtrated using the 50 kDa

membrane filter.

SERS Spectral Features of the Blood

Plasma Samples
Figure 1 shows the average SERS spectra of blood

plasma obtained from benign thyroid tumor samples

(blue line with green-shaded area) as well as thyroid

cancerous samples (red line with pink-shaded area), and

their difference spectrum (bottom curve). From the aver-

age SERS spectra, a series of prominent peaks can be

observed, ie, 495 cm−1 (C-OH3 torsion of the methoxy

group), 638 cm−1 (C-S stretch and C-C twisted protein

tyrosine), 726 cm−1 (adenine, C-S (protein)), 740 cm−1

(C-S stretch (one of the three thiocyanate peaks)),

1133 cm−1(palmitic acid, fatty acid), 1207 cm−1 (mainly

tyrosine), 1326 cm−1 (nucleic acids and phosphates),

1445 cm−1 (methyl (CH3) and sub-methyl (CH2)), indi-

cating a similar Raman profile which shares the major

Raman peaks between these two groups, while the major

spectral differences occur at peak intensities due to the

difference in relative concentration of relevant biochem-

ical components. To facilitate better visualization and

highlight the spectral differences between these two

groups, difference spectrum was also calculated, which

features that the main difference lies in the relative inten-

sity of the bands at 495 cm−1, 592 cm−1, 638 cm−1,

726 cm−1, 740 cm−1, 1326 cm−1, and 1445 cm−1. For

example, at 592 cm−1 and 1326 cm−1, the C-H bond

vibration in nucleic acids and phospholipids was

observed, especially the peak intensity of 1326 cm−1 in

thyroid tumor was significantly higher than that in the

cancer group. The peak intensity of 1445 cm−1 in thyroid

tumor was clearly higher than those from thyroid cancer,

which was mainly attributed to the different bending

degrees between methyl (CH3) and sub-methyl (CH2).
30

Our blood plasma SERS assay is performed in solution

rather than air-dried conditions, thereby effectively

avoiding inconsistencies in Raman signals caused by

spatial heterogeneity. In addition, as the brownian motion

of the molecules during the measurement process essen-

tially aids in achieving average of the SERS signal

throughout the sample, thus ensuring the stabilization of

the natural functional structure of biomolecules and pro-

tein molecules in blood plasma as well as the accomplish-

ment of reproducible and reliable SERS detection.31 The

tentative band assignments based on the SERS spectra of

reference compounds with biological origin32 are listed in

Table 1.

Multivariate Data Analysis for Differential

Diagnosis
The complexity of biomolecular components in blood

plasma can lead to a significant overlap of vibrational

modes observed in Raman data. As mentioned above,

SERS spectra from benign thyroid tumor and thyroid

cancer shared a high similarity in spectral profiles. In

order to effectively reveal the spectral differences and

evaluate the ability of SERS to distinguish between benign

and malignant thyroid tumor samples, two multivariate

analysis methods, PCA-LDA and Lasso-PLS-DA, were

adopted in the experiment. After dimensionality reduction

by PCA, the PC scores and loadings were obtained.33

However, not all PCs are meaningful. Some are due to

noise, and some may have insignificant meanings.

Figure 1 Average SERS spectra of blood plasma samples from benign thyroid

tumor (n=32, blue curve) and thyroid cancer (n=70, red curve), where the green-

and pink-shaded areas indicate their corresponding standard deviation. The black

curve shows the difference spectrum of blood plasma samples obtained from benign

thyroid tumor and thyroid cancer.
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Subsequently, an independent T-test was performed to

screen for the most diagnostically significant PCs (PC1,

PC3 and PC17, accounting for a variance of 47.5%, 8.5%,

and 0.5%, respectively), where p-values for PC3 and PC17

are smaller than 0.05, except that p-value for PC1 is

slightly larger than 0.05, thereby enhancing the reliability

of SERS analysis.

Figure 2 shows the scatter plot of PCA in the benign

thyroid tumor group and the thyroid cancer group, where

the dotted lines indicate the best separation of the two

groups. It can be seen that different combinations of PC

components with significant p-value differences can yield

different discriminant classification effects.34 According to

the calculation results, the corresponding sensitivities were

84.3%, 64.3%, and 61.4%, respectively; the specificities

were 43.8%, 43.8%, and 53.1%, respectively (as shown in

Table 2). The results indicate that different PC combina-

tions provide different differential accuracies between

benign thyroid tumor and thyroid cancer samples. PCA

here does not yield the best classification results for our

SERS data, although it offers a great way to summarize

high dimension datasets into subsets of variables.

To improve the diagnostic results of blood plasma

SERS spectra, three PC components (PC1, PC3, and

PC17) with the lowest P-values were introduced into

the LDA model in three different combinations for dif-

ferential classification (as shown in Figure 3). LDA

arranges discriminant functions by maximizing the var-

iances in the SERS data between different sample

groups while minimizing the variances between the

samples of the same group.35 After the loading of diag-

nostically significant PCs into the LDA model, leave-

one-out cross-validation on the limited Raman data

sheet was implemented to avoid biased diagnostics.

The threshold on the posterior probability for the deci-

sion boundary is 0.5.36 The diagnostic classification

results (sensitivity, specificity, and diagnostic accuracy)

based on PCA-LDA analysis of blood plasma SERS

spectra for separation of thyroid cancer and benign

thyroid tumor subjects were: 90.0% (63/70), 43.8%

(14/32) and 75.5% (77/102) for the PC1 vs PC3

group; 65.7% (46/70), 59.4% (19/32) and 63.7% (65/

102) for PC1 vs PC17; 71.4% (50/70), 56.3% (18/32)

and 66.7% (68/102) for PC3 vs PC17 (as shown in

Table 3).

To assess the prediction accuracy of the PCA-LDA-

based diagnostic algorithm, we plotted the receiver oper-

ating characteristic curve (ROC) (as shown in Figure 4),

Table 1 Tentative Major Raman Peak Assignments in the Obtained SERS Spectra of Blood Plasma

Peak/cm−1 Region/cm−1 Assignment

495 490–505/8 L–arginine; Glycogen; C–OH3 torsion of the methoxy group

592 589–596 Glycerol; Phosphatidylinositol; Nucleic acids; nucleotides

638 630–640 Glycerol; C–S stretching & C–C twisting of proteins tyrosine

726 725–726 Hypoxanthine; C–S (protein); CH2 rocking; adenine

740 735–746 C–S stretch (one of three thiocyanate peaks); T (ring breathing mode of DNA/RNA bases)

811 810–811 Phosphodiester (Z–marker); O–P–O stretching RNA

888 885–889 Disaccharide (cellobiose);(C–O–C) skeletal mode; Methylene rocking

959 957–960 Hydroxyapatite; carotenoid; cholesterol;Calcium–phosphate stretch band (high quantities of cholesterol); ν

(C–C) valine

1011 1008–1016 Phenylalanine; ʋ(CO), ʋ(CC), δ(OCH), ring (polysaccharides, pectin); Carbohydrates peak for solids

1098 1096–1099 Phosphodioxy (PO2 –) groups; ʋ(C–N)

1133 1131–1149 Palmitic acid; Fatty acid; Carbohydrates peak for solids

1207 1206–1208 Hydroxyproline; tyrosine (collagen assignment); ʋ(C–C6H5); tryptophan; phenylalanine (protein assignment);

A, T (ring breathing modes of the DNA/RNA bases)–amide III (protein)

1326 1325–1330 CH3CH2 wagging mode in purine bases of nucleic acids; Typical phospholipids; Region associated with DNA &

phospholipids; Collagen; Nucleic acids and phosphates

1445 1445 δ(CH2), δ(CH3), collagen (protein assignment); δ(CH2), δ(CH3), scissoring, phospholipids (lipid assignment);

CH2CH3 bending modes of collagen & phospholipids; CH2 scissoring; CH2 bending mode of proteins & lipids–

being of diagnostic significance; CH2 bending and scissoring modes of collagen and phospholipids; Methylene

bending mode (a combination of proteins & phospholipids); CH2 bending modes; CH2 deformation

1582 1582–1583 δ(C==C), phenylalanine;

1652 1652/3–1653 Lipid (C==C stretch); Carbonyl stretch (C==O)
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in which the ROC was used to assess the performance of

the discrimination of PCA-LDA for benign thyroid tumor

and thyroid cancer. The ROC curve represents how the

true positive rate (Sensitivity) changes with the false-

positive rate (1-Specificity) for different cut-offs. The

area under the curve (AUC) value indicates the ability

of the algorithm to distinguish these two categories. For

the discrimination of benign thyroid tumor and thyroid

cancer based on three different PC combinations, the

calculated AUC results are: 0.675, 0.613, and 0.627,

respectively, indicating that PCA-LDA based diagnostic

algorithms yield in average an acceptable discrimination

result for benign thyroid tumor and thyroid cancer

patients.37

Although the signal-to-noise ratio of the spectrum sig-

nal may be reduced in some cases, the use of derivative

spectroscopy can reduce or eliminate the spectral overlap

caused by the relatively wideband components; then high-

light the subtle differences in the two spectra, and ulti-

mately improve the diagnosis sensitivity. So far, the

derivative spectroscopy has been commonly used in the

interpretation and exploitation of data obtained from near-

infrared and ultraviolet spectroscopy.38 However, there are

few studies on the optimization and improvement of the

application of derived analytical methods to Raman data.39

Figure 5 compares the original SERS spectra and the

corresponding first derivative spectra of benign thyroid

tumors in the range of 400–1800 cm−1. The red-dotted

frame shows three representative peak regions such as

450–500 cm−1, 650–800 cm−1, 1350–1700 cm−1. It is

evident that the first-derivative spectrum not only remark-

ably highlights the shoulder and overlapping Raman bands

hidden in the original SERS spectrum, but also shows

richer Raman peaks and significantly increase the resolu-

tion of the SERS spectrum, which might potentially pro-

vide high-quality data for further discrimination analysis

input.40

The mean first-order derivative and difference SERS

spectrum for benign thyroid tumor (32, blue curve) and

Figure 2 Scatter plot of PCA in the benign thyroid tumor group and the thyroid

cancer group. (A) PC1 vs PC3; (B) PC1 vs C17; (C) PC3 vs PC17 as X, Y axes.

Diagnostic line (−0.10889 = −0.49PC1 + 0.887PC3; 0.085 = 0.617PC1 + 0.8PC17;

−0.12 = 0.829PC3 - 0.594PC17). The diagnostic sensitivity of benign thyroid tumor

and thyroid cancer samples was 84.3%, 64.3%, 61.4% and the specificity were 43.8%,

43.8%, and 53.1%, respectively.

Table 2 Differentiation of Benign Thyroid Tumor and Thyroid

Cancer Group Based on Different PC Combinations

PC1 vs PC3 PC1 vs PC17 PC3 vs PC17

Sensitivity 84.30% 64.30% 61.40%

Specificity 43.80% 43.80% 53.10%
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thyroid cancer (70, red curve) are compared in Figure 6,

while the black curve indicates the corresponding differ-

ence spectrum. Compared with the conventional filter

SERS spectrum, the first-order derivative filter SERS spec-

trum has a significant number of negative and positive

peaks. For instance, in the range of 750–800 cm−1 (within

the red-dotted frame), the two positive peaks (726 cm−1,

740 cm−1) in the difference spectrum of the conventional

blood plasma ultrafilter SERS spectrum (see Figure 1) is

now turned into two positive peaks (721 cm−1, 738 cm−1)

and two negative peaks (729 cm−1, 748 cm−1) after the

first-order derivative transformation.

Since not all of the useful variables were distributed

in each SERS bands, and some bands had more useful

variables than others, therefore, to achieve better classi-

fication, removal of irrelevant and correlated data are

required. Meanwhile, weak peaks may make large con-

tributions to discrimination. To address these limitations,

three spectral regions (981–972, 1520–1511, and

1572–1562 cm−1) containing the most critical spectral

variables from the SERS spectrum were selected for

further analysis using Lasso-PLS-DA. In addition, the

minimum angle regression is used as the Lasso model

parameter, because it is more intuitive to relate to useful

features than other parameters.

The Lasso algorithm coupled with leave-one-out cross-

validation (LOOCV) was used to extract the SERS spec-

tral features closely associated with different cancer

pathologies.41 In LOOCV, one sample (ie, one spectrum)

was taken out from all these 102 samples, and the rest of

blood spectra were then used for reconstruction by the

Lasso algorithm for classification of the selected spectrum.

This process is repeated until all blood plasma samples

that are retained are classified.

To assess the prediction accuracy of the Lasso-PLS-

DA based diagnostic algorithm, the ROC was plotted

(Figure 7), with the AUC of being 0.714.

Compared with the PCA-LDA results, the sensitivity

was significantly increased by 90.0% (63/70), and the

specificity was 59.4% (19/32). The diagnostic accuracy

Figure 3 Scatter plots of posterior probability of blood plasma SERS spectra

belonging to benign thyroid tumor and thyroid cancer, based on (A) PC1 and

PC3, (B) PC1 and PC17, and (C) PC3 and PC17.

Table 3 The Diagnostic Classification Results of PCA-LDA in

Blood Plasma SERS Spectra of Thyroid Cancer and Thyroid

Tumors

PC1 vs PC3 PC1 vs

PC17

PC3 vs

PC17

Sensitivity 90.0%(63/70) 65.7%(46/70) 71.4%(50/70)

Specificity 43.8%(14/32) 59.4%(19/32) 56.3%(18/32)

Diagnostic

accuracy

75.5%(77/

102)

63.7%(65/

102)

66.7%(68/

102)
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of posterior probability scatter plot for separating the

benign thyroid tumor and thyroid cancer is 80.4%

(Figure 8). In this regard, the Lasso-PLS-DA algorithm

provides better results for differentiating benign thyroid

tumor and thyroid cancer by establishing a classification

model based on significant Raman characteristics.

Based on the capability of the derivative spectroscopy

to extract fine spectral features, we distinguished the SERS

spectra of benign and malignant thyroid tumors by con-

verting their mathematical spectral curves into first-order

derivatives, expecting to enhance and highlight the sensi-

tivity of the fine spectral features. Figure 9 shows the

Figure 4 Receiver operating characteristic (ROC) curves of the classification results for separating thyroid cancer and benign thyroid tumor using the PCA-LDA algorithm

based on (A) PC1 and PC3; (B) PC1 and PC17; and (C) PC3 and PC17. The areas under the ROC curves (AUC) are 0.675, 0.613 and 0.627, respectively.

Figure 5 Comparison of conventional SERS spectra between first-derivative SERS

spectra. SERS spectrum (blue line) and the corresponding first derivative SERS

spectrum (orange line) of the benign thyroid tumor over the range of 400 cm−1

to 1800 cm−1.

Figure 6 Plot of first derivative SERS and difference spectrum for benign thyroid

tumor (32, blue curve with the green-shaded area) and thyroid cancer (70, red

curve with the gray-shaded area), the black curve indicates the corresponding

difference spectrum.

Figure 7 Receiver operating characteristic (ROC) curve of the classification results

for separating thyroid cancer and benign thyroid tumor using the Lasso-PLS-DA

analysis. The area under the ROC curve (AUC) is 0.714.
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posterior probabilities of blood plasma belonging to

benign thyroid tumor and thyroid cancer, together with

Lasso-PLS-DA algorithms with LOOCV. Specifically,

SERS technique together with Lasso-PLS-DA and

LOOCV modeling provides a diagnostic accuracy of

90.2% (sensitivity of 97.1%; specificity of 75.0%) for

differentiation between benign thyroid tumor and thyroid

cancer, which is superior to the results calculated by the

other methods described above.

Similarly, we compared the first-order derivative of the

normalized SERS spectral data based on Lasso-PLS-DA

analysis. The receiver operating characteristic curve

(ROC) is plotted (Figure 10), showing an AUC of 0.812.

Conclusions
In summary, we demonstrated the successful combination of

filter membrane with SERS spectroscopy to obtain the SERS

detection and effective optimization of blood plasma SERS

signals from patients with benign thyroid tumor and thyroid

cancer under physiological environment. Moreover, coupled

with advanced multivariate analysis such as Lasso-PLS-DA

and first-derivative analysis on the SERS data, a better dif-

ferential diagnosis between benign thyroid tumor and thyr-

oid cancer was obtained, with a diagnostic accuracy of

90.2%. This study demonstrates the potential of employing

label-free SERS method as a practical and reliable technique

to complement the existing clinical methods for the differ-

entiation of benign and malignant thyroid tumors.
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Figure 8 Scatter plot of posterior probabilities for differentiation between benign

thyroid tumor and thyroid cancer using Lasso-PLS-DA. The diagnostic accuracy for

differentiation between benign thyroid tumor and thyroid cancer is 80.4%.

Figure 9 Scatter plot of posterior probabilities for differentiation between benign

thyroid tumor and thyroid cancer using Lasso-PLS-DA together with the first

derivative spectral data. The diagnostic accuracy of this separation line for differ-

entiation between benign thyroid tumor and thyroid cancer is 90.2%.

Figure 10 Receiver operating characteristic (ROC) curve of the classification

results for separating thyroid cancer and benign thyroid tumor using the Lasso-

PLS-DA analysis based on the first-order derivative normalized data. The integrated

area (AUC) under the ROC curve is 0.812.
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