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a b s t r a c t

Glioblastoma multiforme (GBM) is the most common malignant primary brain tumor in adults. The pre-

cise identification and distinction of GBM heterogeneity from surrounding brain parenchyma at the cel-

lular level and even at the tissue level are important for GBM therapy. In this study, GBM cells are distin-

guished from normal astrocytes and non-central nervous system (CNS) tumor cells by surface-enhanced

Raman scattering (SERS) based on gold nanoshell (SiO2@Au) particles and support vector machine (SVM)

algorithm. In addition, the gold nanoisland (AuNI) SERS substrates are further developed and explored

for accurate detection of GBM at the tissue level. The distinction between glioma and trauma tissues,

identification of different tumor grades, and IDH mutation are realized with the assistance of orthogonal

partial least squares discriminant analysis (OPLS-DA) in a rapid, non-invasive, and convenient method.

The results show that the developed SERS-based analytical method has the potential for practical appli-

cation for the detection of GBM at the single-cell and tissue levels and even for real-time intraoperative

diagnosis.

© 2024 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

Glioblastoma multiforme (GBM) is regarded as the most malig-

nant primary brain tumor in adults with a poor prognosis [1,2].

Due to intratumoral high cellular heterogeneity, the indistinct mar-

gin of GBM, and its infiltrative growth [3,4], GBM remains a major

therapeutic challenge clinically. GBM tissue contains glioma stem

cells (GSCs) with various differentiation degrees and multiple in-

terstitial cells, which are featured as being pathologically heteroge-

neous [5,6]. This complex environment has been broadly involved

in the clinical treatment of brain cancer patients who have poor

prognoses [7].

To develop strategies for precise diagnosis and treatment of

GBM, cellular-level heterogeneity should be delineated and distin-

guished [8]. Conventional biomedical techniques, such as cell im-

munochemical staining and tissue sectioning, are time-consuming,

complicated, and infeasible to identify tumors promptly and accu-

rately during operation, thus it cannot meet the requirements for
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guiding surgery of GBM [9]. Besides, the degree of cytoreduction in

surgical resection is critical for the treatment of non-central ner-

vous system (CNS) malignancies and is directly correlated to the

overall survival of patients [10–12]. However, because of the het-

erogeneity and aggressive nature of GBM, tumor margin is usually

invisible or indefinable for surgeons [13,14]. Therefore, develop-

ing a new method for non-invasive, highly sensitive, and label-free

identification of GBM to distinguish closely related cellular pheno-

types and tissue samples is in urgent need.

Raman spectroscopy is a powerful optical tool for studying bi-

ological samples in a label-free way and provides the molecular

fingerprints of biological samples [15]. However, the Raman sig-

nal is usually weak and covered by a strong autofluorescence back-

ground [16], which hinders its further clinical application. Surface-

enhanced Raman spectroscopy (SERS) which offers a high Raman

signal of target molecules has been widely developed through the

electromagnetic field enhancement from nanostructured metal or

colloid surfaces [17–19] or chemical enhancement by non-metal

materials [20]. It has been therefore employed extensively as a

non-invasive measurement and a label-free ultra-sensitive tech-

nique for chemical or biomedical analysis [21–23].

https://doi.org/10.1016/j.cclet.2023.109383

1001-8417/© 2024 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia Medica, Chinese Academy of Medical Sciences.



C. Wang, L. Huang, S. Wang et al. Chinese Chemical Letters 35 (2024) 109383

Fig. 1. Schematic illustration of procedures to obtain Raman spectra of glioma cells

(a) and glioma tissues (b).

Furthermore, given the complexity of biological samples and

their corresponding spectra, various artificial intelligence algo-

rithms are employed for spectral analysis and automatic identi-

fication [24–26]. In previous work, lung cancer cells were suc-

cessfully differentiated from circulating tumor cells from periph-

eral blood by intracellular SERS nanoprobes combined with ma-

chine learning [27,28]. The technique has also been applied to ef-

fectively differentiate different pathological stages of carcinoma.

For instance, nasopharyngeal cancer at T1 stage can be success-

fully distinguished from T2–T4 stage by a label-free blood plasma

test based on the SERS technique [29]. Early gastric cancer can be

distinguished from advanced gastric cancer with specific biomark-

ers measurement based on SERS biosensors [30]. These remarkable

achievements underscore the immense potential of the SERS tech-

nique in cancer diagnosis and the identification of various cancer

stages.

Several works have reported label-free discrimination of brain

tumor by SERS technique [31,32]. However, there is still a lack of

detailed differentiation of different pathological types of gliomas

and comparison of various auxiliary algorithms. In this paper, we

aim to develop a sensitive and non-invasive SERS method for

the rapid identification of different GBM cells and tissues. Silica

nanoparticles coated with Au nanoshells (SiO2@Au) were accord-

ingly developed for the detection of GBM at the single-cellular

level (Fig. 1a). Besides, a gold nanoisland (AuNI) 3D SERS substrate

was explored for distinguishing glioma tissues with various patho-

logical types (Fig. 1b). Furthermore, several multivariate analysis

chemometrics methods were employed for the identification and

classification of spectra collected from different samples.

Two SERS-active materials, including SiO2@Au particles and

AuNI substrates, were employed for SERS measurement of GBM

cells and glioma tissue, respectively. The morphology of the pre-

pared SiO2@Au particles was characterized by transmission elec-

tron microscopy (TEM), which shows an average diameter of

171 ± 10nm (Fig. 2a and Fig. S1a in Supporting information). The

extinction spectrum of Au nanoshells in an aqueous solution with a

strong and broad peak centered at 712nm (Fig. 2b). Element map-

ping images and EDX analysis clearly show the gold shell with an

average thickness of 26 ± 3nm (Fig. 2c and Fig. S1b in Supporting

information). In addition, AuNI substrates were prepared on glass

slides by liquid phase growth method. The morphology of the pre-

pared SERS substrate of AuNI was also characterized by field emis-

sion scanning electron microscopy (FE-SEM) (Fig. 2d). The SEM im-

age showed that the glass substrate was covered with a dense layer

of island-shaped gold particles with an average diameter of about

Fig. 2. Preparation and characterization of the SERS-active materials. (a) Transmis-

sion electron microscope electron microscopy image of SiO2@Au particles. (b) Ex-

tinction spectrum of the SiO2@Au in water. (c) HAADF-STEM image of SiO2@Au and

the corresponding element mapping of Au, Si, and their overlap, respectively. (d)

Field emission scanning electron microscopy image of AuNI. The inset is the photo-

graph of the substrate.

50nm, and the spacing between the particles varied from several

to tens of nanometers. The diameter and spacing of island particles

could be controlled by the concentration of the growth solution to

regulate the plasmonic properties (Figs. S2 and S3 in Supporting

information). Typically, a higher concentration of the growth solu-

tion results in a denser substrate and enhances the SERS perfor-

mance. However, when the growth solution concentration is too

high, the island-like particles tend to aggregate closely, causing the

inter-island gaps to vanish, thereby diminishing the SERS effect

(Fig. S2).

The SERS spectra of four different types of cells (including

normal human astrocytes HA1800, human glioma cell lines U87

and U251, and human myeloma cell line U266) were acquired

by incubating the cells with Au nanoshells. Brightfield images

depicting representative examples of four types of cells with

SERS nanoprobes internalization are presented in Fig. 3a. In these

brightfield images, nanoparticle probes, appearing as black points,

can be readily observed within the cells. In multi-cell imaging, it

was observed that the nanoprobes were uniformly dispersed in

most cells (Fig. S4 in Supporting information). According to pre-

vious reports about the cellular location of Au nanoparticles, our

observation indicated that SERS nanoprobes were mainly located

in the cytoplasm [33]. Cytotoxicity test shows that the nanoprobe

has good cytocompatibility (Fig. S5 in Supporting information).

We utilized SERS spectra obtained from specific cells to char-

acterize the cellular biochemical composition of each cell type,

which were subsequently subjected to further statistical analysis.

As shown in Fig. 3b, the average SERS spectra of different cell

types exhibit a general similarity with subtle differences in cer-

tain peak positions and peak intensities. Some typical Raman peaks

are marked with shaded bands. For instance, the Raman peaks

at 1560 and 1586 cm−1 corresponding to tryptophan and pheny-

lalanine, respectively, show a slight difference in their peak inten-

sities. Due to the intricate nature of biological samples, we em-

ployed a range of multivariate statistical methods, including hierar-

chical Cluster Analysis (HCA), principal component analysis (PCA),

and support vector machine (SVM), to enhance the discrimination

of specific cell types. These algorithms leverage the distinctions

present in spectral data by maximizing the variability between dif-
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Fig. 3. Gold nanoprobe-based SERS detection at single cell level. (a) Bright-field im-

ages of four different types of cells (from left to right: HA1800, U266, U87, and

U251) with gold nanoprobes. (b) Averaged SERS spectra obtained from four types

of cells. Fifty cell samples were measured for each type of cell.

ferent groups while minimizing it within the same group. This ap-

proach enables us to effectively differentiate between diverse bio-

logical samples.

We initially employed the HCA method, which was based on

the Euclidean distance and Ward’s algorithm [34], to form clus-

ters according to the specific cell type. This method generated two

major groups as shown in the dendrogram (Fig. 4a). HCA success-

fully distinguished HA1800 cells from the other three tumor cell

types. However, it exhibited limitations in distinguishing between

different types of tumor cells, similar to previous challenges en-

countered in distinguishing lung cancer cells [33,35]. Therefore, the

PCA method was further developed and employed to differentiate

all four different cell types (normal astrocytes vs. glioma cells, and

glioma cells vs. non-CNS tumor cells). Most HA1800 cells can be

distinguished from the other three kinds of tumor cells by SERS

spectra based on the intrinsic differences in both biomolecular

composition and concentration (Fig. 4b). But there were still some

misclassifications for different types of tumor cells. Therefore, an

SVM model with a linear kernel was conducted, which created a

classification model by finding an optimal three-dimensional hy-

perplane to separate the dataset. Consequently, the clustering in

different colors and shapes (Fig. 4c) successfully separated the four

cell types, underscoring the superior capability of the SVM model

in distinguishing complex spectral data.

The SERS spectra of tissue samples from 64 glioma patients and

16 brain trauma patients were obtained (Fig. 5a). The detailed in-

formation of patients is listed in Table S1 (Supporting information).

The research involved human tissues was carried out under guide-

lines approved by Ethics Committee of Wenzhou Medical Univer-

sity (Ethical Approval No. YS2022634). According to statistical anal-

ysis, the normalized peak areas of SERS peaks at 750, 970, 1130,

1230, 1370, 1390, 1560, 1586 and 1635 cm−1 were significantly

lower in the glioma tissue group. These peaks are associated with

amino acids, proteins, nucleic acids, and lipids (as shown in Fig.

5a). The band of amide I at 1390 cm−1 showed higher intensity for

normal brain tissue, suggesting the decrease of collagen in glioma,

which is in agreement with the previous reports [36,37]. Further-

more, the band at 1586 cm−1 corresponds to phosphorylated tyro-

sine, which plays a pivotal role as a Raman biomarker of the phos-

phorylation status in brain tumors [38], reduced in gliomas, sug-

gesting that the tumor’s overall protein phosphorylation level was

low. The decreased intensities of the bands at 970 cm−1 of glioma

correspond to octacalcium phosphate [39], which is attributed to

the formation of hemoglobin and fibrin aggregates [40]. It was re-

ported that a band near 1370 cm−1 was the most pronounced sac-

charide band, which had maximum intensity for gangliosides be-

cause of the increased saccharide content [41]. In our research, the

Fig. 4. Identification and classification of different cells in vitro based on SERS spectra and different multivariate statistical methods. (a) Dendrogram from the hierarchical

cluster analysis of different types of cells (HA1800: red, U251: green, U266: black, and U87: blue). (b) Principal component analysis (PCA) of four types of cells. Each spot

represents one cell and each cell type was coded by different colors and shapes. (c) Analysis result of the support vector machines (SVM) with a linear kernel used for the

classification of four cell types.
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Fig. 5. The average Raman spectra of different tissue samples, including (a) glioma and trauma tissues; (b) glioma tissue samples of patients with different grades; (c) glioma

tissue samples of patients with and without IDH mutation. The shaded areas represented standard deviations of means. (d–f) The corresponding OPLS-DA plot of the above

three groups. The shaded areas represented a 90% confidence interval.

SERS peak intensities obtained from non-tumor trauma brain tis-

sue at 1370 cm−1 were higher than those from glioma tissue.

Furthermore, a more precise distinction of the samples of

glioma patients was performed based on their SERS spectra, in-

cluding the identification of tumor grades and isocitrate dehydro-

genase (IDH) mutations (Figs. 5b and c). The tissues of high tu-

mor grade presented higher spectral intensity than those of low

grade. Specifically, the intensity of peaks at around 970, 1390,

1560, and 1635 cm−1 was significantly stronger in the high-grade

group (Fig. 5b). In addition, the tissues without IDH mutation also

showed higher spectral intensity than those with IDH mutation,

especially for the Raman peaks at 970, 1000, 1080, 1130, 1230, and

1310 cm−1 (Fig. 5c). This indicated that the overall metabolic con-

tent in the tissue showed a downward trend with the progress of

brain glioma. The determination of tumor grade and IDH mutation

are of great significance in the diagnosis, treatment, and clinical

prognosis of glioma [42].

Table S2 (Supporting information) presents SERS bands with

significant differences observed different tissue groups, along with

their corresponding band assignments. OPLS-DA model has an ad-

vantage in removing irrelevant variables and decreasing the risk

of model overfitting, which is beneficial to the analysis of high-

dimensional spectral data. An OPLS-DA model was built to differ-

entiate two tissue groups based on their SERS spectra. The OPLS-

DA plot (Fig. 5d) showed the groupings of glioma and the trauma

brain tissue with good separation. The sensitivity and specificity

of the diagnostic model for distinguishing glioma and trauma

tissues were 100% and 87.50%, respectively, and the total accu-

racy was 97.50%, based on 7-fold cross-validation. OPLS-DA models

were also built to differentiate different glioma tissues visually. As

shown in Figs. 5e and f, the two clusters of the high-grade group

and the low-grade group were separated, while the two groups

with and without IDH mutation showed different dispersion with

partial overlap. The above two models also showed high accuracy

of 100% and 97.96%, respectively (Table S3 in Supporting informa-

tion). ROC curves were plotted for three models, with AUC values

over 0.99 (Fig. S6 in Supporting information), showing the good

performance of the classifiers. These results demonstrated that the

SERS spectral classification method based on OPLS-DA had a strong

ability to identify and screen different glioma tissues.

The relationship between spectral changes and molecular

changes in gliomas at both cell and tissue levels was interrogated

in this work. Two SERS-active materials (Au nanoshells and AuNI)

were prepared to collect SERS spectra from cell and tissue samples,

respectively. The results demonstrated that the rational design of

SERS materials coupled with proper algorithms is crucial for SERS

biological analysis.

We not only achieved differentiation of glioma cell subtypes but

also realized rapid, label-free identification of glioma tissues. Nev-

ertheless, there are certain limitations in this study. Due to con-

straints in the clinical setting, the overall number of available clin-

ical samples remains restricted. The number of samples should be

increased in subsequent studies to identify more glioma subtypes

and obtain more reliable results. Besides the spectral analysis from

single-collection, Raman spectral imaging for biological diagnosis

should also be developed. Although Raman or SERS-based imag-

ing technology has already found applications in histopathological

analysis and tumor resection [43,44], addressing the challenge of

real-time, safe, and efficient in vivo brain tumor imaging for rela-

tively delicate brain organs remains a complex problem requiring

resolution.

Given the simplicity of sample preparation and the high ac-

curacies of classification models, we conclude that SERS spectra

in combination with the intelligent algorithm can be a powerful

method for the discrimination of different glioma cell subtypes and

the distinction between glioma tissue and non-tumor tissue. Fur-

thermore, this method is expected to be used to examine tumor

heterogeneity and distinguish the tumor margins in operation. The

fast identification of glioma cell subtypes and glioma tissues by

SERS spectra with multivariate analysis can assist doctors in choos-

ing the appropriate treatment as quickly as possible. Further work

needs to be carried out for large-scale validation of the reliability

of this SERS-based detection method.
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