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screening, in which the best SERS enhancement was
achieved by using 70–120 nm-diameter silver nanowires.
After Raman spectra of a large number of serum samples
were collected, Raman feature dimension was trimmed by
using covariance matrices, and the dataset of different
cancers was classified by support vertical machine (SVM).
In the SVM model, 50 intervals were chosen within the
Raman fingerprint range (600–1800 cm−1). Thus, this
method can screen up to 50 Raman feature dimensions,
compared to 10 in the previous study. The SVM model
could precisely distinguish subtle differences between
spectral data and differentiate all five cancers from control
with a high accuracy (ranging 94.10–98.25%), sensitivity
(91.84–98.75%), and specificity (90.63–98.57%).
Another challenge of early cancer detection is the dis-

crimination of cancer from other diseases of the same
organs. By using the same strategy on serum from four
types of diseases (lung, colorectal, gastric, hepatic) and
corresponding cancers, gastric and hepatic (diseases/
cancer) groups were separated with high accuracy
(>92.3%), sensitivity (100% and 85.7%) and specificity
(85.7 and 100%); lung and colorectal groups could also be
separated except with a slightly lower specificity (77.78%)
and sensitivity (66.67%), respectively. Moreover, the SVM
classification is able to analyze a large amount of data

(~2000 cases). This large sample pool allows for more
reliable spectral data across different cancers. Hence,
shared Raman peaks by all five types of cancer, combi-
nations of any types of cancer, or precancerous and dis-
eased samples can be characterized and potentially used
as common features for differentiating cancers.
This study combines SERS analysis of serum for cancer

screening with machine learning techniques for cancer
classification. This innovative approach offers a highly sen-
sitive and selective method for distinguishing between
multiple types of cancers, not only from normal samples but
also from non-cancerous diseased samples. By utilizing a
large database model training and validation, spectra of all
molecules present in the serum can be comprehensively
collected and analyzed, enabling multiple accurate dis-
crimination of subtle differences among various cancers and
controls. The newly proposed approach offers a new venue
for identifying these cancers at their earliest stages. If this
innovative method can replicate its outstanding perfor-
mance on prospectively collected samples in a meticulously
double-blinded manner, it can be implemented as a
screening test in the clinics and ultimately save lives.
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Fig. 1 Schematic of SERS-AICS workflow. Serum samples were used for label-free SERS spectrum detection enhanced by silver (Ag) nanowires.
After the dimensionality reduction of covariance matrix of high-dimensional serum spectral data, cancer-related dimension database of bond level
can be obtained. Support vector machine algorithm was then used for classification. Figure is modified from ref. 14
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Early cancer detection by SERS spectroscopy and
machine learning
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Abstract
A new approach for early detection of multiple cancers is presented by integrating SERS spectroscopy of serum
molecular fingerprints and machine learning.

Cancer is a major public health problem and the second
leading cause of death worldwide, with 10 million deaths
in 20201. Early detection of cancer or precancerous
change allows for early intervention and can improve
survival rates. However, early detection of many cancers,
such as esophageal and ovarian cancers, is still poor,
which are often diagnosed at advanced stages2. This is
more likely due to multiple remaining challenges, such as
finding and validating biomarkers for multicancer types,
and technologies applied for cancer detection2.
Current approaches for cancer screening and detection

include blood tests, histopathology tests, imaging tests
(for example, mammogram for breast cancer and com-
puterized tomography for lung cancer), and genetic tests.
Compared to histopathology and imaging tests, blood
tests, which rely on the analysis of specific analytes and
tumor biomarkers such as tumor DNA/protein and cir-
culating tumor cells3, are noninvasive and more efficient.
However, due to the challenge of validating many
potential biomarkers for different cancer types, only a few
biomarkers have been validated and used in clinic4.
Since the past decade, Raman and infrared spectro-

scopies have emerged for cancer diagnosis by detecting
molecular vibrational fingerprints5. Studies utilized
infrared spectroscopy and detected breast, bladder, pros-
tate, and lung cancers via molecular fingerprints in blood
plasma and serum6,7. Compared with infrared spectro-
scopy, various types of Raman spectroscopy are more

commonly used for cancer detection. Among these,
surface-enhanced Raman spectroscopy (SERS) measure-
ment on blood samples is most frequently used in early
cancer detection due to its high sensitivity and specifi-
city8–12. Nevertheless, these studies were constrained by
their utilization of a very limited set of biomarkers, ren-
dering them unsuitable for detecting multiple types of
cancer. Additionally, they lacked efficient data analysis
methods. In contrast, the application of machine learning
techniques has proven valuable in classifying serum bio-
markers to detect cancer and other diseases using omics
data13. However, machine learning requires a large inde-
pendent dataset, while in the previous study only 10 out of
a thousand dimensions could be selected for the machine
learning algorithm13.
In their article in Light14, Shilian Dong and colleagues

presented a method for early cancer detection that uses
label-free SERS spectroscopy and machine learning for
cancer screening (SERS-AICS) of serum biomarkers. The
workflow of SERS-AICS is shown in Fig. 1. The authors
analyzed 382 healthy controls and 1582 patients across
five cancer types, including lung, colorectal, hepatic,
gastric, and esophageal cancers. The SERS-AICS method
successfully distinguished cancers from healthy controls
with a high overall accuracy (95.81%), sensitivity (95.40%),
and specificity (95.87%). Moreover, the method was able
to separate precancerous samples from other diseases.
This method has important implications for early cancer
detection.
In this study, only 15 µl of serum sample each for

control and five cancers was used for SERS pan-cancer
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screening, in which the best SERS enhancement was
achieved by using 70–120 nm-diameter silver nanowires.
After Raman spectra of a large number of serum samples
were collected, Raman feature dimension was trimmed by
using covariance matrices, and the dataset of different
cancers was classified by support vertical machine (SVM).
In the SVM model, 50 intervals were chosen within the
Raman fingerprint range (600–1800 cm−1). Thus, this
method can screen up to 50 Raman feature dimensions,
compared to 10 in the previous study. The SVM model
could precisely distinguish subtle differences between
spectral data and differentiate all five cancers from control
with a high accuracy (ranging 94.10–98.25%), sensitivity
(91.84–98.75%), and specificity (90.63–98.57%).
Another challenge of early cancer detection is the dis-

crimination of cancer from other diseases of the same
organs. By using the same strategy on serum from four
types of diseases (lung, colorectal, gastric, hepatic) and
corresponding cancers, gastric and hepatic (diseases/
cancer) groups were separated with high accuracy
(>92.3%), sensitivity (100% and 85.7%) and specificity
(85.7 and 100%); lung and colorectal groups could also be
separated except with a slightly lower specificity (77.78%)
and sensitivity (66.67%), respectively. Moreover, the SVM
classification is able to analyze a large amount of data

(~2000 cases). This large sample pool allows for more
reliable spectral data across different cancers. Hence,
shared Raman peaks by all five types of cancer, combi-
nations of any types of cancer, or precancerous and dis-
eased samples can be characterized and potentially used
as common features for differentiating cancers.
This study combines SERS analysis of serum for cancer

screening with machine learning techniques for cancer
classification. This innovative approach offers a highly sen-
sitive and selective method for distinguishing between
multiple types of cancers, not only from normal samples but
also from non-cancerous diseased samples. By utilizing a
large database model training and validation, spectra of all
molecules present in the serum can be comprehensively
collected and analyzed, enabling multiple accurate dis-
crimination of subtle differences among various cancers and
controls. The newly proposed approach offers a new venue
for identifying these cancers at their earliest stages. If this
innovative method can replicate its outstanding perfor-
mance on prospectively collected samples in a meticulously
double-blinded manner, it can be implemented as a
screening test in the clinics and ultimately save lives.
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Fig. 1 Schematic of SERS-AICS workflow. Serum samples were used for label-free SERS spectrum detection enhanced by silver (Ag) nanowires.
After the dimensionality reduction of covariance matrix of high-dimensional serum spectral data, cancer-related dimension database of bond level
can be obtained. Support vector machine algorithm was then used for classification. Figure is modified from ref. 14
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Abstract
A new approach for early detection of multiple cancers is presented by integrating SERS spectroscopy of serum
molecular fingerprints and machine learning.

Cancer is a major public health problem and the second
leading cause of death worldwide, with 10 million deaths
in 20201. Early detection of cancer or precancerous
change allows for early intervention and can improve
survival rates. However, early detection of many cancers,
such as esophageal and ovarian cancers, is still poor,
which are often diagnosed at advanced stages2. This is
more likely due to multiple remaining challenges, such as
finding and validating biomarkers for multicancer types,
and technologies applied for cancer detection2.
Current approaches for cancer screening and detection

include blood tests, histopathology tests, imaging tests
(for example, mammogram for breast cancer and com-
puterized tomography for lung cancer), and genetic tests.
Compared to histopathology and imaging tests, blood
tests, which rely on the analysis of specific analytes and
tumor biomarkers such as tumor DNA/protein and cir-
culating tumor cells3, are noninvasive and more efficient.
However, due to the challenge of validating many
potential biomarkers for different cancer types, only a few
biomarkers have been validated and used in clinic4.
Since the past decade, Raman and infrared spectro-

scopies have emerged for cancer diagnosis by detecting
molecular vibrational fingerprints5. Studies utilized
infrared spectroscopy and detected breast, bladder, pros-
tate, and lung cancers via molecular fingerprints in blood
plasma and serum6,7. Compared with infrared spectro-
scopy, various types of Raman spectroscopy are more

commonly used for cancer detection. Among these,
surface-enhanced Raman spectroscopy (SERS) measure-
ment on blood samples is most frequently used in early
cancer detection due to its high sensitivity and specifi-
city8–12. Nevertheless, these studies were constrained by
their utilization of a very limited set of biomarkers, ren-
dering them unsuitable for detecting multiple types of
cancer. Additionally, they lacked efficient data analysis
methods. In contrast, the application of machine learning
techniques has proven valuable in classifying serum bio-
markers to detect cancer and other diseases using omics
data13. However, machine learning requires a large inde-
pendent dataset, while in the previous study only 10 out of
a thousand dimensions could be selected for the machine
learning algorithm13.
In their article in Light14, Shilian Dong and colleagues

presented a method for early cancer detection that uses
label-free SERS spectroscopy and machine learning for
cancer screening (SERS-AICS) of serum biomarkers. The
workflow of SERS-AICS is shown in Fig. 1. The authors
analyzed 382 healthy controls and 1582 patients across
five cancer types, including lung, colorectal, hepatic,
gastric, and esophageal cancers. The SERS-AICS method
successfully distinguished cancers from healthy controls
with a high overall accuracy (95.81%), sensitivity (95.40%),
and specificity (95.87%). Moreover, the method was able
to separate precancerous samples from other diseases.
This method has important implications for early cancer
detection.
In this study, only 15 µl of serum sample each for

control and five cancers was used for SERS pan-cancer

© The Author(s) 2023
OpenAccess This article is licensedunder aCreativeCommonsAttribution 4.0 International License,whichpermits use, sharing, adaptation, distribution and reproduction
in any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if

changesweremade. The images or other third partymaterial in this article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to thematerial. If
material is not included in the article’s Creative Commons license and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

Correspondence: Lingyan Shi (l2shi@ucsd.edu)
1Shu Chien-Gene Lay Department of Bioengineering, UC San Diego, La Jolla,
CA 92093, USA

12
34

56
78

90
()
:,;

12
34

56
78

90
()
:,;

1
2
3
4
5
6
7
8
9
0
()
:,;

12
34

56
78

90
()
:,;



2000  | Light Sci Appl | 2023 | Vol 12 | Issue 10 LSA

Karabchevsky Light: Science & Applications ���������(2023)�12:235� Official journal of the CIOMP 2047-7538
https://doi.org/10.1038/s41377-023-01280-6 www.nature.com/lsa

NEWS & V I EWS Open Ac ce s s

Ultra-broadband spectrometer on a chip of
picometer scale resolution
Alina Karabchevsky 1✉

Abstract
A reconfigurable photonic integrated circuit was developed to operate as an ultra-broadband spectrometer on SiN
chip resolving spectral lines with picometer precision and thermal stability of ±2 °C.

Optical spectroscopy has played a crucial role in various
historical discoveries, such as identifying ancient artifacts
with carvings resembling friction ridge skin found in
numerous locations worldwide. Additionally, prehistoric
picture writing featuring handprints with ridge patterns was
discovered on a cliff in Nova Scotia and other regions, thanks
to the insights provided by optical spectroscopy. Even in
ancient Babylon, fingerprints were utilized on clay tablets for
business transactions, showcasing the long-standing sig-
nificance of this spectroscopic technique in uncovering and
understanding ancient practices and artifacts.
The optical spectroscope was invented in 1859 by

Robert Bunsen and Gustav Kirchhoff1. Their pioneering
work in 1860 attributed fingerprints as chemical elements.
Kirchhoff, in particular, suggested that by observing the
emission spectra of flames through a dispersive element
like a prism, it might be possible to differentiate flames
with similar colors. When he passed bright light through
these flames, the dark lines in the absorption spectrum of
the light corresponded to the wavelengths of the bright,
sharp lines characteristic of the emission spectra of the
same test materials. Despite facing an unknown disability
that confined him to a wheelchair or crutches for most of
his life, Kirchhoff conducted groundbreaking research
that significantly contributed to the fundamental under-
standing of electrical circuits and the development of
optical spectroscopy. The last stands as one of the most
powerful and widely used characterization tools2–6.

Since the inception of the spectroscope, its size reduction
has led to trade-offs between resolution, bandwidth, and
signal-to-noise ratio. Up to now, scaled-down demonstra-
tions have not been able to overcome the technical chal-
lenges of achieving both ultra-high resolution (down to
picometer-scale) and broad bandwidth (>100 nm) simul-
taneously6,7. Nevertheless, these capabilities are essential
requirements for analytical spectroscopy tools in various
biomedical sensing8 and industrial chemical monitoring
applications9, as well as for miniaturized optical imaging
systems like spectral-domain optical coherence tomo-
graphy (SD-OCT) that necessitate large imaging depth and
high spatial resolution10. Efforts have been made to develop
miniaturized resonant spectrometers (RSs) based on pas-
sive spectrum filters, utilizing disordered scattering media,
metasurfaces, photonic crystals, or quantum dot-based
filter arrays11–13, metasurface-, photonic crystal-, or quan-
tum dot-based filter arrays14. While these represent a
compact form of RS, the number of channels can be limited
due to passive splitting loss. Recently, active RSs with
tunable spectral responses have been explored, including
detector-only RSs with tunable absorption spectra and
filter-based RSs using MEMS or thermally tunable reso-
nators15,16. However, the methods of generating sampling
channels using lumped structures have demonstrated
limited decorrelation, posing challenges to achieve an ultra-
high bandwidth-to-resolution ratio as per the principles of
compressive sensing17.
In their paper, Qixiang Cheng, Richard Penty18, and co-

authors present a noteworthy advancement towards
achieving an ultra-broadband picometer-scale resolution
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