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Abstract 

Label-free surface-enhanced Raman scattering (SERS) technique with ultra-sensitivity becomes more and more desir-
able in biomedical analysis, which is yet hindered by inefficient follow-up data analysis. Here we report an integrative 
method based on SERS and Artificial Intelligence for Cancer Screening (SERS-AICS) for liquid biopsy such as serum 
via silver nanowires, combining molecular vibrational signals processing with large-scale data mining algorithm. 
According to 382 healthy controls and 1582 patients from two independent cohorts, SERS-AICS not only distinguishes 
pan-cancer patients from health controls with 95.81% overall accuracy and 95.87% sensitivity at 95.40% specificity, 
but also screens out those samples at early cancer stage. The supereminent efficiency potentiates SERS-AICS a prom-
ising tool for detecting cancer with broader types at earlier stage, accompanying with the establishment of a data 
platform for further deep analysis.

†Shilian Dong, Dong He and Qian Zhang contributed equally to this work.

*Correspondence:
Fubing Wang
wfb20042002@sina.com
Jing Hu
jinghu_somed@uestc.edu.cn
Xiangheng Xiao
xxh@whu.edu.cn
Full list of author information is available at the end of the article

http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s43593-023-00051-5&domain=pdf
elight.springeropen.com
http://orcid.org/0000-0001-9111-1619


Page 2 of 11Dong et al. eLight            (2023) 3:17 

Cancer is a major public health problem and the sec-
ond leading cause of death worldwide, and China alone 
accounts for approximately 4,820,000 new cancer cases 
and 3,210,000 cancer deaths in 2022 [1]. Increasing sur-
vival rates of cancer patients mainly rely on early inter-
vention, which is largely determined by earlier screen-
ing and diagnosis of lesions. Compared to imaging or 
histopathology, laboratory test particularly using blood, 
urine or other liquid biopsy, is a low-cost, non-invasive 
and easily repeated manner for early cancer prediction by 
detecting specific cancerous biomarkers such as circulat-
ing tumor DNA, proteins, cancer metabolites, and even 
cell-derived exosomes and circulating tumor cells [2–4]. 
But challenges still remain, which include: 1) no valid and 
plentiful tumor biomarkers for diverse cancer types; 2) 
no widely viable approaches for cancer detection espe-
cially at asymptomatic stages; 3) no comprehensive ana-
lytical platform for big datasets to differentiate healthy 
and cancerous populations [5]. In order to tackle these 
problems, surface-enhanced Raman scattering (SERS) 
technology has been recently introduced towards struc-
turally amplified fingerprinting of low-concentration 
molecules and can distinguish subtle changes between 
healthy people and cancer patients [6]. Despite of its 
advantages in sensitivity and selectivity, these reported 
SERS-based cancer detection methods either focus on 
single or a few biomarkers tested in limited cancer types 
with insufficient samples [7], or stick on the preliminary 
stage lacking friendly data interpretation based on more 
efficiently high-throughput analysis [8]. To overcome 
the above bottlenecks, a few pioneering attempts have 
been made for optimization of either SERS technique or 
data analysis. For example, in SERS probe construction, 
researchers have proposed biocompatible top-down or 
bottom-up SERS platforms for cellular analysis for moni-
toring multiple biomolecules [9–12]. But the bio-specific 
binding currently relied upon for these new methods 
makes testing for large volumes of samples expensive. 
And the coincubation process of nanomaterials with bio-
logical samples which new technologies exist, results in 
very time-consuming pre-processing, all of which limit 
the effective roll-out of universal screening for pan-can-
cer. In addition, Huang et. al proposed to use various 
machine learning models for dimensionality reduction, 
feature extraction and analysis of Raman data [13–16]. 
For example, combining principal component analysis 
with support vector machines (SVM) is able to achieve 
accurate identification of breast cancer subtypes [13]. 
But it is difficult for operators to obtain large sets of inde-
pendent SERS data. In most cases, large sets of data were 
obtained by dependent and repeated measures. And pre-
vious effective dimension screening mechanism used in 
the algorithm model is not comprehensive enough. Often 

only less than 10 of the thousands of Raman dimensions 
could be selected for operation, which might output 
unsatisfactory results on another dataset due to over-
fitting. Therefore,  a highly accurate SERS-based strat-
egy with simple sample preparation and efficient fitting 
method for large-volume clinical samples is in critical 
needs for practical pan-cancer screening.

Here we analyzed a tremendous data set of 382 
healthy controls and 1582 patients from two independ-
ent cohorts, and  reported a label-free SERS-Artificial 
Intelligence combined method for Cancer Screening 
(SERS-AICS), attempting to consolidate the detection 
advantages of canonical SERS system with the calcula-
tion strengths in the most updated big data analytic tools 
(Fig. 1). We utilized as low as 15 µl of patient serum sam-
ple each for lung, colorectal, hepatic, gastric and esopha-
geal cancers, which are among the most lethal cancer 
types in either gender in China [17–19], and examined it 
by liquid phase SERS appliance in a mixture with diam-
eter around 70–120  nm Ag nanowires (Ag NWs) [20], 
which is a solider and more viable one than other plas-
monic nano-substrates (Additional file 1: Figs S1, S2A). By 
comparing the SERS spectroscopy of same serum under 
different materials and morphologies of SERS probe (Au 
nanoparticles and Au bipyramid nanoparticles) enhance-
ment, we found that Ag NWs nanowires still exhibit the 
best SERS enhancement even when compared to other 
SERS probe particles with salt-induced aggregation, 
shown in Additional file 1: Fig S1. Generally, the Raman 
characteristic peaks of organic compounds in biologi-
cal samples are located in the range of 600–1800  cm−1, 
which is also the fingerprint region of Raman spectra. 
Therefore, the testing range from 600 cm−1 to 1800 cm−1 
was selected. The Raman peak at 957 cm−1 corresponds 
to cholesterol, which is generated by the C–C backbone 
vibration. The peaks at 1004 cm−1 and 1156 cm−1 are due 
to CC- bond stretching and the deformation of C-CH3. 
The peaks from 1230  cm−1 to 1282  cm−1 correspond to 
amide III, which are due to the bending vibration of the 
peptide bond caused by the combination of N–H and 
Cα-H bonds. The peak of phospholipids (1447  cm−1) is 
formed by the CH3-CH2 bending of phospholipids and 
the protein side chains. The peak at 1515 cm−1 is due to 
the vibration of cytosine [21–24]. Additionally, we tested 
the system using Ag NWs and found that it didn’t intro-
duce background noise (Additional file  1: Fig S2B) or 
experience dramatic changes in spectral peaks within 
36 h processing (Additional file 1: Fig S2C). After acquir-
ing the dichotomous raw data sets of SERS spectra from 
a large quantity of clinical serum samples including can-
cerous and healthy sources, we firstly performed pre-pro-
cessing for dimensionality reduction and feature picking 
by using covariance matrices [25]. The trimmed data with 
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minimized features were further analyzed with the SVM 
model [26–29] for screening out patients of top-5 lead-
ing cancers from healthy people even at very early stage 
(Fig.  1). SVM is a classic binary classification machine 
learning model that has significantly lower computational 
requirements compared to those of deep learning mod-
els. A large number of past studies have shown that SVM 
performs exceptionally well in classifying tabular data, 
especially for non-linear dataset when using Gaussian 
kernel function. And it has also been reported in some 
cancer detection applications [13], so SVM was chosen as 
an appropriate tool for our SERS non-linear dataset from 
serum samples. Moreover, comparison of output features 
among different types of cancer via covariance matrix 
calculation, can not only screen out up to 50 Raman fea-
ture dimensions for classification and recognition of the 
algorithm model, but also continue to search out some 
potential shared dimensions for cancer lesion according 
to our accumulating database platform (Fig. 1).

The SERS-AICS assay was established and then tested 
for pan-cancer screening from internal cohort. The inter-
nal cohort composed of 1375 individuals that include 
324 healthy controls (HC) and 1051 patients diagnosed 
with stage I–IV cancers according to American Joint 
Commission on Cancer (AJCC) [30]: lung cancer (LC, 
n = 244), colorectal carcinoma (CRC, n = 216), gastric 
cancer (GC, n = 195), hepatocellular carcinoma (HCC, 
n = 203), esophageal carcinoma (ESCA, n = 193). Each of 
these cancer types was further split into a training group 

and an internal validation group with a ratio of 8:2. And 
the allopatric cohort was collected for external valida-
tion, which consists of 58 healthy controls and 237 can-
cer patients. The full information with details of both the 
patients and controls is summarized in Additional file 1: 
Table  S1. In this way, we guaranteed the quantities and 
diversity of clinical samples for following data collection 
and analysis based on SERS-AICS. Based on Ag NWs 
SERS probe which is suitable for serum analysis, we per-
formed Raman tests and obtained SERS average spec-
trum for all serum samples from the above five cancers 
and healthy controls. We found no significant differences 
in the main Raman peaks for all samples, with only minor 
differences in some Raman peaks that were difficult to 
detect with the naked eye (Additional file  1: Fig S2D). 
Actually, one of the biggest challenges for the current 
label-free SERS technique is that the Raman spectra data, 
especially from serum with complex composition, are 
difficult to distinguish the subtle differences embedded 
in cancerous group from healthy controls. For Raman 
spectral data with large dimensionality, the dimensional-
ity reduction step of the original algorithm data is crucial, 
which can largely reduce the difficulty of model construc-
tion. We firstly analyzed the differences in all the effec-
tive dimensions of 5 cancer samples and healthy control 
samples, and selected the top 10 effective dimensions 
with the largest differences to plot a violin diagram for 
each cancer or the mix group compared to healthy con-
trol (Fig.  2), which features a kernel density estimator 

Fig. 1  The workflow diagram of SERS-AICS. A drop of 15 µl serum was used for label-free SERS spectrum detection by Ag NWs. After dimensionality 
reduction of covariance matrix of high-dimensional serum spectral data, cancer related dimension database of bond level can be obtained. The 
subsequent support vector machine algorithm not only carries out accurate pan-cancer screening for five kinds of cancers with high mortality, 
but also achieves the identification between early-stage cancers and common diseases
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of the underlying distribution for the overall probability 
density. The cancer group showed a significant difference 
in intensity parameter from the healthy control at the 

10 representative Raman shift peaks, which were pref-
erential for the following SVM model. Interestingly, for 
most cancers, we found that the cancer/HC showed the 

Fig. 2  Dimension discrimination of Raman spectral data for cancer groups versus healthy controls. Violin plots show intensity distributions at 10 
typical Raman peaks of A LC,  B CRC, C GC, D HCC, E ESCA or F mixture cancer group vs healthy control group selected by SERS-AICS. The middle 
dash lines indicate median value of the Raman intensities of each corresponding peak while the upper and lower dotted lines indicate intensity 
values of first quartile and third quartile. White represents healthy control group while the other colors represent different cancer type or mixture 
group
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greatest difference in intensity at the peak of 1156 cm−1, 
which overlapped the telescopic vibration of the C = O 
and implicated the predictive potentials of components 
harboring C = O in serum.

For pan-cancer detection, we firstly started from raw 
data of training cohort for LC, the largest sample group 
among five cancer types, to perform AICS-based analysis. 
Our analysis owns highly advances in coupling of covari-
ance matrix calculation and the SVM modeling for more 
delicate characterization of slight alterations in spectra. 
In order to simplify the effective dimensions for the SVM 
model, we pretreated the raw SERS data by calculating 
the covariance of 195 LC samples together with 259 HC 
ones. Considering to reduce computational complexity 
and the impact of noise peaks, a larger interval would 
be better. However, an interval that is too large would 
result in significant information loss after dimensional-
ity reduction, so we have chosen a moderate interval of 
60 dimensions. All 1465 real dimensions ranged from 
600  cm−1 to 1800  cm−1 in spectra were divided with an 
interval of 60 dimensions, and then the two features with 
the least correlation at all intervals with repetition were 
selected until all features were selected from the cancer 
group. The final representative 50 dimensions were then 
undergone by SVM calculation for finding nonlinear 
binary classification between cancerous and normal data. 
In order to evaluate the performance of the SERS-AICS 
system based on training data, we further analyzed the 
internal cohort of LC, which includes 49 patients and 65 
healthy controls, for dimension reduction to 60 dimen-
sions with the greatest differences in Raman spectrum for 
lung cancer (Additional file 1: Fig S3 and Additional file 1: 
Table S2). The dichotomies SVM classifier separated the 
244 LC samples and 324 HC samples from both training 
and internal cohorts. As shown in Receiver Operating 
Characteristic (ROC) curve [31, 32], the area under the 
curve (AUC) [33] of the LC/HC model was 0.90 for dis-
criminating lung cancer patients against healthy controls 
(Fig. 3A).

To test whether the SERS-AICS system applied for the 
other four cancers (CRC, GC, HCC and ESCA) with high 
death rates, we repeated the whole workflow for lung 
cancer and screened out the representative 50 dimen-
sions with the greatest differences in serum-based Raman 
spectrum between patients with each cancer type and 
healthy controls (Additional file 1: Fig S4–S7 and Addi-
tional file  1: Tables S3–S6). The SVM classifier further 
generated AUC of each cancer model compared with 
the corresponding healthy control, which resulted in a 
value of 0.84 for CRC (Fig. 3B) and 0.99 for GC, 0.97 for 
HCC and 0.96 for ESCA (Fig. 3C–E). In order to mimic 
the real-life analysis of serum sample that is not known 
ahead of time as cancerous or healthy one, we also 

randomly selected 80 samples from each of the above five 
cancer serum samples to obtain a 400 mixed cancer sam-
ple set and found that our strategy still works well to pick 
up cancerous data unbiasedly. Consistently, we found 
that the AUC of the fusion model was 0.89 for 400 Mix 
/324 HC set, showing high identification results to sepa-
rate pan-cancerous patients from healthy people (Fig. 3F, 
Additional file 1: Fig S8 and Additional file 1: Table S7).

Sensitivity and specificity are two fundamental meas-
ures for judging cancer detection, which implicates the 
ability of the test to correctly identify those individu-
als with or without cancer, separately. Thus, we further 
calculated the sensitivity, specificity and accuracy of 5 
individual cancer groups and the mixed dataset. All data 
sets exhibited satisfying distinguishment from any can-
cerous samples to normal samples, showing the confu-
sion matrix with an overall accuracy of 95.81% where the 
individual accuracy varied between 94.10% for LC and 
98.25% for CRC (Fig. 3G). Similarly, the overall sensitiv-
ity of the confusion matrix was as high as 95.87%, exhib-
iting the individual sensitivity ranging from 91.84% for 
LC and 98.75% for mixed cancer among different cancer 
types, mixed cancer group and control (Fig.  3H). The 
overall specificity of the confusion matrix was as high 
as 95.40%, exhibiting the individual sensitivity rang-
ing from 90.63% for mixed cancer and 98.57% for CRC 
among different cancer types, mixed cancer group and 
control (Fig.  3I). Besides, we further validated our ana-
lytic strategy in external datasets from allopatric cohort, 
and also acquired high separation between samples from 
5 individual or mixed cancer groups and healthy con-
trols (Additional file 1: Fig S9–S15 and Additional file 1: 
Table  S8–S13). Notwithstanding SERS spectroscopy 
data with massive dimensions, our results showed that 
artificial intelligence algorithm can precisely capture the 
subtle differences between different spectral data sets of 
cancer samples and health control, and establish the clas-
sification of fusion models to distinguish them effectively 
with high accuracy and sensitivity at high specificity as 
well, suggesting its high potential for pan-cancer screen-
ing in clinical practice.

Failing to predict cancer before developing to later 
stage or discriminate against other diseases is another 
bottleneck in the field for reaching effective treatment of 
cancer and alleviating patients suffering. How to accu-
rately cull samples at early stage out of common disease 
samples is very critical for the following diagnosis and 
treatment plan (Fig. 4A). To test whether our SERS-AICS 
method could achieve this goal, we collected non-can-
cerous disease-related clinical serum data sets from four 
types of disease and compared to their corresponding 
cancerous samples at AJCC stage I and II from internal 
cohort. Similar to pan-cancer characterization outputs, 
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our SERS-AICS strategy could also separate precancer-
ous samples from those with other diseases, as the results 
showed an AUC value of 0.81 for 45 disease/35 early can-
cer set in lung, 0.94 for 42 disease/32 early cancer set in 
colorectum, 0.89 for 39 disease/36 early cancer set in gas-
tric, and 0.93 for 33 disease/32 early cancer set in liver 
(Fig. 4B–E, Additional file 1: Figs S16–S19 and Additional 
file 1: Tables S14–S17). We determined the accuracy, sen-
sitivity and specificity of four early cancers identification 
and found the best separation for gastric group sets with 
an accuracy of 93.33% and a sensitivity of 100% at 85.71% 
specificity, and hepatocellular group with an accuracy 
of 92.31% and a sensitivity of 85.71% at 100% specificity 

(Fig.  4F). For lung and colorectal datasets, we could 
still obtain overall satisfying prediction for early cancer 
patients out of population with non-cancerous diseases, 
except those with a slightly lower specificity of 77.78% 
and sensitivity of 66.67%, respectively (Fig.  4F), which 
may be due to variation from small number of samples 
for analysis but still provide a potential tool when there 
aren’t good non-invasive screening methods for these 
two types of cancer at early stage. Thus, the SERS-AICS 
system described here might become an option for 
screening asymptomatic population before they develop 
cancer to advanced stages.

Fig. 3  SERS-AICS characterization of five cancers with high mortality. ROC curves with covariance matrices-assisted SVM model for distinguishing 
A 244 lung cancer patients, B 216 colorectal carcinoma patients, C 195 gastric cancer patients, D 203 hepatocellular carcinoma patients, E 193 
esophageal carcinoma patients, F 400 mixture cancer patients from 324 healthy controls in the internal cohort. The G accuracy, H sensitivity and I 
specificity of single or multiple cancers/healthy control, the overall accuracy, sensitivity and specificity of all cancers could reach at 95.81%, 95.87%, 
95.40%. The 400 mixed cancer patients were obtained by randomly selecting 80 samples from the five types of cancer each
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Another limitation impeding development of cancer 
screening is the lack of database to store, construct and 
trace the massive profiling of individual cancer patients, 
permitting ongoing deep analyses like exploring 
shared characteristic features as new cancer biomark-
ers. According to our data, the SERS-AICS detection/
analysis system has not only collected and processed 

1964 serum samples in total, but also exhibited high 
accuracy, sensitivity and specificity for identification of 
the top five most lethal cancers out of healthy controls. 
More importantly, our proposed covariance-assisted 
SVM classification strategy has unique advantages for 
the analysis of serum-based Raman data with a large 
sample pool approaching two thousand cases. This 

Fig. 4  Early screening for four representative cancers by SERS-AICS. A The SERS-AICS method could also effectively distinguish common diseases 
from early cancers in stage I and II with high accuracy. B ROC curves with covariance matrices-assisted SVM model for distinguishing 45 common 
disease patients from 35 early-stage cancer patients about lung. C ROC curves with covariance matrices-assisted SVM model for distinguishing 
42 common disease patients from 32 early-stage cancer patients about colorectum. D ROC curves with covariance matrices-assisted SVM model 
for distinguishing 39 common disease patients from 36 early-stage of cancer patients about gastric. E ROC curves with covariance matrices-assisted 
SVM model for distinguishing 33 common disease patients from 32 early-stage cancer patients about liver. F The accuracy, sensitivity and specificity 
of different common disease/early stage of cancer
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allows for more reliable spectral-omics data across five 
representative cancers, providing an important guide-
line for future universal cancer screening (Fig.  5A). 
Taking lung cancer sample dataset as an example 
for dimension reduction, the 30 true dimensions of 
the first group were distributed between 600  cm−1 
and 623.77051  cm−1, two of which with a correla-
tion closer to 0 representing more variability between 
dimensions [34], and the dimension at 600  cm−1 and 
618.03276  cm−1 showed the minimal correlation in 
the representative heatmap [35–38] of the covariance 
matrix for lung cancer and healthy controls (Fig.  5B). 
Based on the attribution statistical analysis of the above 
cancer-related specificity dimensions, we can calculate 

the shared identical Raman peak positions of all the 
5 types of cancers, any combination of different types 
of cancer, and/or comparison between precancerous 
condition and corresponding specific regular diseases 
(Fig. 5C and Additional file 1: Fig S20–S22), which are 
probably utilized as common features for cancer char-
acterization. Compared to current individual molecular 
biomarkers, these distinct Raman peaks may implicate 
the full capacity of molecular vibrational spectrum for 
cancer screening [39–42], suggesting a potential meas-
urement standard to correlate the spectral and biomo-
lecular identity in future exploration.

Early detection of cancer, which is critical to improve 
survival rates, always comes with challenges including 

Fig. 5  Construction of cancer-related database at bond level by SERS-AICS. A The original spectral data of 1465 dimensions of serum 
with no obvious specificity can obtain 50 valid dimensions with the best specificity after the correlation between dimensions is judged 
by the covariance matrix, which related to the molecular bond energy information in serum associated with cancer or disease. B Heatmap 
of the covariance matrix formed on 30 true dimensions between 600 and 623.77051 cm−1 using peak data for lung cancer and healthy controls, 
the dimension at 600 cm−1 and 618.03276 cm−1 showed the minimal correlation. C List of common valid dimensions of different cancers compared 
with normal control group or common disease
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the possibility of accurate prediction. In comparison 
to the currently developed cancer screening assays, our 
SERS-AICS technology provides a more sensitive sig-
nal capture based on Raman scattering technology, and 
a more reliable artificial intelligence algorithms coupling 
with unbiased dimension selection by covariance matrix 
and precise classification by SVM. The integrated SERS-
AICS detection/analysis approach is able to not only 
distinguish major types of cancer from normal samples 
effectively, but also pick up samples at precancerous sta-
tus out of the ones with non-cancerous diseases with high 
accuracies. Based on the multiplexing analysis described 
above, our assay can also construct a systematic cancer-
related database simultaneously, providing a platform 
for information collection and management for future 
exploration. Moreover, unlike the generally applicable 
biomedical methods such as mass spectrometry and high 
throughput sequencing for focusing on specific protein/
nucleic acid biomarkers, our SERS-AICS technique are 
specially designed to capture all unique vibrational spec-
tra information of the whole molecules within the serum 
samples and rebuild an analytical model by all-inclusive 
profiling for better discrimination of subtle dimensional 
differences among samples from cancer patients and 
healthy people, providing a “panorama” view for cancer 
identification at molecular energy level. In addition, our 
non-probe method could reflect subsistent features of 
the sample to avoid possible false positives and also har-
bor the advantages of fast spectral acquisition, low cost 
and high throughout, implicating a solid and affordable 
approach for clinical translation. In summary, the SERS-
AICS technique provides a promising comprehensive 
tool for real-world cancer detection in conjunction with 
routine physical exams for both ordinary population at 
risk and cancer patients. And it could also serve as a fea-
sible preceding test before imaging tests for a definitive 
diagnosis. The SERS-AICS tool aims to further expand 
the application to a variety of cancer types, extend the 
monitoring throughout the management of cancer 
patients especially at very early stage, and establish a 
modeling system for large-scale data recording, restoring 
and researching.
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