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core–shell nanochains†
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Surface-enhanced Raman spectroscopy (SERS) has great potential in the early diagnosis of diseases by

detecting the changes of volatile biomarkers in exhaled breath, because of its high sensitivity, rich chemi-

cal molecular fingerprint information, and immunity to humidity. Here, an accurate diagnosis of oral

cancer (OC) is demonstrated using artificial intelligence (AI)-based SERS of exhaled breath in plasmonic-

metal organic framework (MOF) nanoparticles. These plasmonic-MOF nanoparticles were prepared using

a zeolitic imidazolate framework coated on Ag nanowires (Ag NWs@ZIF), which offers Raman enhance-

ment from the plasmonic nanowires and gas enrichment from the ZIF shells. Then, the core–shell nano-

chains of Ag NWs@ZIF prepared with 0.5 mL Ag NWs were selected to capture gaseous methanethiol,

which is a tumor biomarker, from the exhalation of OC patients. The substrate was used to collect a total

of 400 SERS spectra of exhaled breath of simulated healthy people and simulated OC patients. The artifi-

cial neural network (ANN) model in the AI algorithm was trained with these SERS spectra and could clas-

sify them with an accuracy of 99%. Notably, the model predicted OC with an area under the curve (AUC)

of 0.996 for the simulated OC breath samples. This work suggests the great potential of the combination

of breath analysis and AI as a method for the early-stage diagnosis of oral cancer.

Introduction

Oral cancer (OC) is the cause of a significant proportion of
global cancer morbidity and mortality. At present, imaging,
clinical and histopathological examinations are used to diag-
nose OC.1–4 Invasive tissue biopsy followed by histopathologi-
cal examination is the gold standard for OC diagnosis.
However, these methods are invasive, inconvenient, and
patient unfriendly. Therefore, using exhaled breath for diagno-
sis is a promising non-invasive method. Gas chromatography-
mass spectrometry (GC-MS) is the main method for detecting
biomarkers in the exhaled breath of oral cancer patients.5 This
method determines that volatile sulfur compounds (i.e. H2S,

CH3SH and (CH3)2S) are ideal biomarkers for non-invasive
screening of oral cancer. However, the analytical techniques
generally require complex analytical procedures or time-con-
suming processes, such as preliminary enrichments or precon-
centration procedures. Therefore, developing a simple, fast,
non-invasive, and highly sensitive method for on-site screening
and identification of volatile sulfur compounds to achieve
efficient early diagnosis of oral cancer remains an urgent
issue.

Surface-enhanced Raman spectroscopy (SERS) is considered
a powerful spectroscopic analytical technology that shows high
specificity and sensitivity in detecting molecules.6–11 The
Raman enhancement in SERS mainly comes from the collec-
tive oscillation of free electrons at a metal surface excited by
light, which are called surface plasmons (SPs). This collective
oscillation reaches resonance at a suitable frequency of inci-
dent light, which could greatly confine light at the metal
surface in a nanoscale region (hot spot).12 So far, a small
amount of work has reported that SERS technology has been
successfully applied to diagnose oral cancer from saliva of oral
cancer patients based on highly active nanostructures such as
gold nanoparticles,13 silver nanoparticles,14 Ag TiO2 SERS
nanostructures15,16 and so on. However, there have been no
reports on the use of SERS technology to diagnose oral cancer
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based on the biomarkers of exhaled gas from cancer patients.
The method of fast and highly-sensitive SERS detection of
aldehydes still needs to be expanded owing to the low number
density and fast diffusion of aldehydes in exhaled breath. One
of the most effective strategies used is the enrichment of the
target molecules prior to analysis.

Metal–organic frameworks (MOFs), which are highly
ordered porous crystalline materials consisting of metal
cations or cluster nodes linked by organic ligands, have
recently attracted considerable attention because of their intri-
guing features, such as tunable pore size, extremely high
surface area, and versatile functionalities.17–19 The plasmonic-
MOF nanostructures have unique optical properties and a
porous organic MOF nanoshell, which is beneficial for improv-
ing the performance of a plasmonic-MOF nanostructure based
SERS platform.20 At present, there are only a few reports on the
SERS detection of aldehydes exhaled by cancer patients based
on plasmonic-MOF nanostructures, such as lung cancer21–23

and gastric cancer.24 The progress of SERS research based on
breath analysis indicates that SERS technology has great poten-
tial for the diagnosis of cancer.

However, to the best of our knowledge, the application of
exhaled SERS to the discrimination of oral cancer has not yet
been reported in the literature. Meanwhile, due to the com-
plexity of the exhaled breath system, the interpretation and
application of SERS spectra of exhaled breath often require the
assistance of multivariate analysis and advanced learning
models. In recent years, multivariate statistical methods and
machine-learning technologies, including artificial intelli-
gence (AI), have made identifying these SERS spectra more
precise and easy.25–28 AI algorithms have shown superior per-
formance in analyzing spectroscopic signals including Raman
spectroscopy in complex samples including biological
samples.29 AI algorithms are combined with SERS spectra to
successfully identify certain cancer types, such as breast
cancer,30 prostate cancer,31 lung cancer,32 and so on.33

Therefore, for clinical diagnosis of oral cancer, there is an
urgent need to develop a biomarker platform that can intelli-
gently detect oral cancer from the exhaled breath of patients
using SERS technology.

Here, an accurate diagnosis of oral cancer (OC) is demon-
strated using artificial intelligence (AI)-based SERS of exhaled
breath in plasmonic-metal organic framework (MOF) nano-
particles. These plasmonic-MOF nanoparticles were prepared
using a zeolitic imidazolate framework coated on Ag nanowires
(Ag NWs@ZIF), which offers Raman enhancement from the
plasmonic nanowires and gas enrichment from the ZIF shells.
Then, the core–shell nanochains of Ag NWs@ZIF prepared
with 0.5 mL Ag NWs were selected to capture gaseous metha-
nethiol, which is a tumor biomarker, from the exhalation of
OC patients. The substrate was used to collect a total of 400
SERS spectra of exhaled breath of simulated healthy people
and simulated OC patients. Principal component analysis
(PCA), partial least-squares discriminant analysis (PL-SDA) and
artificial neural network (ANN) models in the AI algorithm
were constructed here to train these SERS spectra. Notably, the

ANN model could classify them with an accuracy of 99% and
predict OC with an area under the curve (AUC) of 0.996 for the
simulated OC breath samples.

Experiments and methods
Fabrication of the Ag NWs@ZIF core–shell nanochains

The Ag NWs@ZIF core–shell nanochains were prepared by
in situ growth of ZIF on the as-synthesized Ag NWs.34 To begin
with, 25 mL of Zn(NO3)2 solution (25 mM) and 0.5 mL or 1 mL
of synthetic Ag NWs (10 mg mL−1) were sequentially added to
25 mL of 2-methylimidazole solution (25 mM) while stirring.
Then, the mixture was reacted at 30 °C for 2 h without stirring.
After that, the residual reagents were removed by centrifu-
gation and then washed twice with ethanol to obtain the Ag
NWs@ZIF core–shell nanochains. Finally, the Ag NWs@ZIF
core–shell nanochains were deposited on a Si film to dry for
further use. Detailed methods for synthesizing Ag NWs@ZIF
core–shell nanochain nanostructures are included in the ESI.†
In addition, the ESI† includes gas adsorption, SERS character-
ization and specific experimental details of simulated oral
cancer samples.

Artificial intelligence analysis

AI algorithms are used to analyze SERS data from simulated
healthy and cancer exhalations. SERS data were preceded by
preprocessing done using Labspec 5 software (Horiba; stan-
dard values: 4 degrees, 9 dimensions), including smoothing
and baseline subtraction (function: polynomial type, 8
degrees). The simulated SERS spectra of healthy breath and
OC breath were analyzed in the 400–3000 cm−1 range (4111 1).
In the data of the SERS spectra, the simulated healthy samples
are considered positive and the simulated OC samples are con-
sidered negative. The partial least-squares discriminant ana-
lysis (PLS) model, principal component analysis (PCA) model,
and the artificial neural network (ANN) model are constructed.
The ANN model consists of three parts: an input layer, a
hidden layer, and an output layer. The input data width of the
ANN model is composed of 4111 one-dimensional floating
data. The ANN model parameters are set to randomly combine
the hidden layers from 1 to 4, 1 to 50 neurons, and an
RMSprop optimizer (lr = 3 × 10−4–3 × 10−3). At the same time,
EarlyStopping (5 steps) and ModelCheckpoint methods are
used to obtain the optimal model.35,36

Results and discussion
Synthesis and characterization of the Ag NWs@ZIF core–shell
nanochains

The Ag NWs@ZIF core–shell nanochains were prepared by
in situ growth of ZIF on the as-synthesized Ag NWs. The SERS
substrate is prepared with a glass capillary loaded with ZIF-
coated Ag nanowires (Ag NWs@ZIF), which offers Raman
enhancement from the Ag nanowires and gas enrichment
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Fig. 1 (a) SEM micrographs of the synthesized Ag nanoparticles and (b) Ag NWs@ZIF. Scale bar: 2 μm. (c) TEM micrographs of Ag NWs@ZIF. Scale
bar: 500 nm. (d) The corresponding energy-dispersive X-ray spectroscopy (EDX) elemental mapping of Ag, Zn, C and N. Scale bar: 200 nm. (e) SERS
spectra of (red) Ag NWs@ZIF and (black) Ag-only platforms for adsorbing gaseous methanethiol. The velocity distribution pattern for (f ) Ag NW sub-
strates and (g) Ag NWs@ZIF structures.

Fig. 2 SEM images of the Ag NWs@ZIF core–shell nanochains prepared with volumes of (a) 0.25 mL and (b) 0.5 mL of Ag NWs. (c) SERS spectra of
methanethiol gas molecules (10−4 M) collected on Ag NWs@ZIF substrates with different volumes of Ag NWs. (d) The corresponding histogram of
the SERS intensity at 2931 cm−1.
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from the ZIF shells. The core–shell nanochains are confirmed
by scanning electron microscopy (SEM) and transmission elec-
tron microscopy (TEM) images shown in Fig. 1. According to
the SEM images of Ag NWs (Fig. 1a) and Ag NWs@ZIF
(Fig. 1b), the length of the Ag nanowire is about 10 μm and the
diameter is 100 nm ± 10 nm, whereas the thickness of the ZIF
shell is about 200 ± 30 nm. The core–shell structure of the Ag
NWs@ZIF composite is further observed by TEM. As shown in
Fig. 2c, the Ag NWs penetrate through the ZIF-8 polyhedron
and connect the adjacent particles together. In addition, the
energy-dispersive X-ray spectroscopy (EDX) elemental mapping
of Ag, Zn, C and N indicates the homogeneous coating/distri-
bution of ZIF on the surface of Ag NWs (Fig. 1d). To demon-
strate that ZIF shells can effectively adsorb gas molecules, the
bare Ag NWs and the Ag NWs@ZIF composite are functiona-
lized with methanethiol gas molecules to collect the SERS
spectra. As shown in Fig. 1e, two characteristic peaks are
observed at 684 cm−1 and 2981 cm−1, which can be assigned
to υCS and υSH. In addition, according to the simulated SERS
spectra of methanethiol shown in Fig. S1,† these two charac-

teristic peaks are the characteristic peaks of methanethiol. It
should be noted that the SERS intensity of methanethiol gas
molecules is weaker in the control Ag platform without ZIF.
These comparisons demonstrate the importance of creating
a crack-free ZIF membrane to selectively capture and enrich
target molecules over the encapsulated SERS active surfaces.
The concentration changes of the gas passing through the
Ag NWs and Ag NWs@ZIF are simulated, as shown in
Fig. 1f. The numerous cavities of ZIF structures slow down
the airflow, resulting in a longer reaction time between
methanethiol gas molecules and Ag NW cores. However,
gaseous methanethiol could easily flow away from smooth
Ag NW surfaces. The reason is that the gaseous fluid flows
through the porous ZIF shell, leading to cavity-diffusion
effects.

Condition optimization for preparing Ag NWs@ZIF core–shell
nanochains

To study the influence of the addition amount of Ag NWs on
the morphology and SERS performance of Ag NWs@ZIF core–

Fig. 3 (a) SERS spectra of methanethiol gas molecules with the concentration ranging from 10−3 to 10−7 M for the core–shell nanochains of Ag
NWs@ZIF prepared with 0.5 mL of Ag NWs. (b) Plots of SERS intensity versus logarithmic methanethiol gas molecule concentration at 2931 cm−1. (c)
SERS spectra of methanethiol gas molecules (10−6 M) collected from 10 random sites on the Ag NWs@ZIF substrate. (d) Relative standard deviation
for methanethiol gas molecules at the characteristic peak 2931 cm−1.
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shell nanochains, Ag NW-dependent reactions are further
carried out under the same conditions. The SEM images of
core–shell structures, when the amounts of Ag NWs added to
the system were 0.25 mL and 0.5 mL, respectively, are shown
in Fig. 2a and b. It is found that when the amount of Ag NWs
added is 0.25 mL, ZIF nanoparticles (500 ± 60 nm) are comple-
tely stacked on Ag NWs, with almost no bare Ag NWs exposed
(Fig. 2a). As the amount of Ag NWs added increased, the par-
ticle size of ZIF nanoparticles on Ag NWs gradually decreased
(0.5 mL: 300 ± 50 nm), and a discontinuous distribution was
formed on the Ag NWs (Fig. 2b).

In order to further study the SERS properties of core–shell
structures, methanethiol gas molecules are used to evaluate
the SERS properties of these two Ag NWs@ZIF composites.
Fig. 2c and d show the SERS spectra of methanethiol gas mole-
cules (10−4 M) collected on the Ag NWs@ZIF substrate pre-
pared with different amounts of Ag NWs and the corres-
ponding Raman intensities of 2931 cm−1. The results show
that with the increase of ZIF covering density and particle size,

the SERS intensity of methanethiol gas molecules decreased,
which may be related to the enrichment effect of the ZIF shell.
Excessive ZIF loading inhibits the absorption of light by Ag
NWs, resulting in a weakened SERS “hot spot” between Ag
NWs.

According to the above results, the core–shell nanochains
of Ag NWs@ZIF prepared with 0.5 mL of Ag NWs have better
SERS properties, which are further selected as the SERS sub-
strate to verify the capability of quantitative detection. The Ag
NWs@ZIF nanocomposite is used to detect methanethiol gas
molecules at different concentrations. As shown in Fig. 3a, the
SERS spectra of methanethiol gas molecules with concen-
trations ranging from 1.0 × 10−7 to 1.0 × 10−3 M are acquired.
The Raman signal at 2931 cm−1 gradually decreased with the
decreasing methanethiol gas molecule concentration. The
limit of detection (LOD) was 10−7 M. The relationship between
the concentration of methanethiol gas molecules and the
SERS intensity at 2931 cm−1 can be described by the equation:
I2931 = 538.14log[C–SH] + 3874.57 with R2 (goodness of fit) =

Fig. 4 (a) The machine learning model is composed of several interconnected components. (b)–(d) A two-dimensional PCA, PLS, and ANN score
plot derived from the classification of simulated healthy and OC breath profiles and the corresponding classification outcomes.
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0.95 (Fig. 3b). It is demonstrated that the Ag NWs@ZIF sub-
strate exhibits a highly sensitive spectral response to metha-
nethiol gas molecules. Meanwhile, Fig. 3c presents the SERS
spectra of methanethiol gas molecules (10−6 M) collected from
10 random sites on the Ag NWs@ZIF substrate. Moreover, the
relative standard deviation of the signal changes is less than
16.5% in 10 time measurements at the characteristic peak
2931 cm−1, which indicates that the SERS signals enhanced by
the Ag NWs@ZIF SERS substrate demonstrate excellent repro-
ducibility. Therefore, the Ag NWs@ZIF core–shell nanochains
(0.5 mL) are practically applicable in breath analysis with good
reproducibility and accuracy.

AI model for diagnosing oral cancer in exhaled breath via Ag
NWs@ZIF

Exhaled breath has complex components and contains low
levels of target molecules. The gaseous methanethiol in
human breath is released as a result of tumor-specific tissue
composition and metabolism and has therefore been recog-
nized as a classic oral cancer biomarker. As a practical appli-
cation, the SERS substrate is used for breath analysis of simu-
lated breath samples. Simulated breath is supposed to have a
composition similar to that of real breath samples. In order to
simulate the actual detection environment, the test was
carried out in a simulated oral cancer breath containing hydro-
carbons, alcohols, organic acids, aromatic amines, aromatic
compounds, ethers, etc. At present, AI algorithms are being
widely used for the recognition of SERS spectra to detect
cancer.33,37 The AI models trained using a supervised learning
approach, where the input data are the SERS spectra and the
output is the type of breath, are shown in Fig. 4a. Considering
that different algorithms often lead to differences in prediction
results, principal component analysis (PCA), partial least-
squares discriminant analysis (PL-SDA) and artificial neural
network (ANN) models are constructed. The 200 SERS spectra
from four simulated healthy breath samples and the 200 SERS
spectra from four simulated OC breath samples are collected.
Before the AI model is constructed, SERS spectra derived from
all three receptors are baseline corrected, normalized, and con-
catenated as a single SERS superprofile. The spectral data
ranged from 400 to 3000 cm−1 and consisted of 4111 one-
dimensional float data. For binary classification, the simulated
healthy breath samples and the simulated OC breath samples
are labeled with 0 and 1, respectively. As shown in Fig. 4b and
c, the PCA and PLS models classify simulated breath samples
with 92% and 85% accuracy when distinguishing simulated
healthy breath and simulated OC breath profiles, respectively.
However, ANN exhibits a superior accuracy of 99% for simu-
lated breath sample classification. The detailed predicted
training data and test data set results are shown in Fig. S2a
and b.† This method achieves sufficiently high accuracy with
an area under the curve (AUC) of the receiver operating charac-
teristic (ROC) curves of 0.996 for simulated breath samples
(Fig. S3†). Therefore, the combination of the AI algorithm and
SERS method analysis has also demonstrated excellent ability
in diagnosing oral cancer.

Conclusions

In conclusion, a breath analysis method based on an efficient
SERS substrate – Ag NWs@ZIF is developed for the intelligent
detection of oral cancer patients. The Ag NWs@ZIF substrate
offers Raman enhancement from the plasmonic nanowires
and gas enrichment from the ZIF shells. The Ag NWs@ZIF
substrate synthesized with 0.5 mL of Ag NWs exhibited the
highest SERS activity, reproducibility and long-term stability in
detecting exhaled biomarkers of oral cancer. The substrate is
used to collect a total of 400 SERS spectra of exhaled breath of
simulated healthy people and simulated OC patients. The arti-
ficial neural network (ANN) model in the AI algorithm is
trained with these SERS spectra and could classify them with
an accuracy of 99%. Notably, the model predicted OC with an
area under the curve (AUC) of 0.996 for the simulated OC
breath samples. This work suggests the great potential of the
combination of breath analysis and AI as a method for the
early-stage diagnosis of oral cancer.
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