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Abstract

Lung cancer is the world’s biggest cause of death related to cancer, and its dismal prognosis has been greatly exacerbated by late-
stage diagnosis. Even with improvements in treatment strategies, current diagnostic techniques are frequently imprecise, espe-
cially when it comes to early-stage detection. A prospective substitute is Raman spectroscopy, which provides a non-invasive,
real-time, and extremely sensitive study of biological samples. The objective of this study is to assess the diagnostic efficacy of
Raman spectroscopy in the identification and diagnosis of lung cancer across a range of sample types. Nine studies that focused
on Raman spectroscopy as a stand-alone diagnostic tool and met strict inclusion criteria were found through a systematic review
of the literature published between 2014 and 2024. Statistical methods were used to extract, pool, and show diagnostic measures.
The remarkable diagnostic accuracy of Raman spectroscopy was highlighted by its pooled sensitivity and specificity which
were 98.68% and 91.81%, respectively. Serum-based research showed the strongest findings, with multivariate models such as
PCA-LDA supporting specificity and sensitivity values that, in several cases, reached 100%. Diagnostic accuracy was greatly
improved by models such as SVM and CNN, particularly when it came to detecting minute spectral alterations associated with
cancer. Raman spectroscopy shows great promise as a lung cancer diagnostic method. However, issues including spectral data
standardization, sample preparation heterogeneity and the requirement for bigger, multicentre research needs to be addressed.
These results will open the door for the incorporation of Raman spectroscopy into standard clinical procedures.
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With around 1.8 million fatalities each year, lung cancer is
the primary cause of cancer-related deaths globally [22].
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Lung cancer patients continue to have a poor prognosis
despite improvements in therapeutic approaches, mostly
because of late-stage diagnosis, which significantly low-
ers the chance of effective treatment results [21]. Early
diagnosis is essential as it significantly raises the survival
rates and also increases treatment efficacy [2, 11]. Current
clinical diagnostic approaches, such as imaging and histo-
pathology, often struggle with detecting lung cancer in its
early stages, leading to delays in diagnosis and treatment
[5, 16]. While conventional pathology examination remains
the gold standard for detecting a variety of tumours, clinical
practice needs a precise, quick, and non-invasive diagnostic
tool [5]. The limitations of the current approaches serve as
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the impetus for the creation of novel approaches that can
quickly and precisely identify and diagnose cancer in its
early stages.

Spectroscopic techniques are becoming increasingly
useful in biomedical research [4]. Raman spectroscopy, in
particular, is emerging as a possible supplement to histopa-
thology since it can get past the existing drawbacks. Recent
developments in the field have elevated it to an extent where
in vivo trials are beginning to emerge [8, 18]. The method
may be able to offer automated and repeatable pathology
categorization within clinically meaningful time periods,
when combined with strong multivariate algorithms [8].

Since each biological sample has its own distinctive
chemical makeup, a sample specific spectral fingerprint,
or “Raman spectrum”, can be generated by using Raman
spectroscopy, which is a type of spectroscopic method that
can investigate the vibrational patterns linked to chemical
bonds in a given sample. Multiple bands at varied frequen-
cies that are indicative of a given molecule’s structural
characteristics and functional groups can be found in this
spectrum. Each biological sample has a unique chemical
composition, leading to distinct vibrational patterns when
analysed using Raman spectroscopy. These spectral patterns
provide detailed molecular information about proteins, car-
bohydrates, lipids, and nucleic acids present in tissues and
cells. By detecting these biochemical variations, Raman
spectroscopy can effectively differentiate cancerous and
non-cancerous cells and tissues [4]. Proteins, lipids, car-
bohydrates, and nucleic acids have the highest molecular
vibrational patterns in the “fingerprint” region, which con-
tains the majority of peaks for biological samples [4]. The
use of Raman spectroscopy in the detection of cancer has
been the subject of multiple studies throughout the last ten
years, with promising findings (Fig. 1). For the detection
and diagnosis of cancer, several forms of Raman spectros-
copy are more frequently employed. Surface-Enhanced
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Raman Spectroscopy (SERS) significantly enhances Raman
signals by using nanostructured metallic surfaces, making
it highly sensitive for detecting low-concentration bio-
markers. However, reproducibility challenges due to vari-
ability in nanoparticle synthesis remain a major limitation
[3]. Tip-Enhanced Raman Spectroscopy (TERS) integrates
scanning probe microscopy with Raman spectroscopy,
allowing nanoscale spatial resolution, making it suitable for
subcellular imaging. While this provides high sensitivity,
instrumentation complexity and long scanning time limits
its feasibility in clinical settings [6]. Coherent Anti-Stokes
Raman Scattering (CARS) is a nonlinear Raman technique
that enables label-free, high-speed imaging of biological
tissues with high molecular specificity. Despite its rapid
acquisition capability, CARS suffers from background
noise issues, which can lead to spectral distortions [7, 24].
Because of its excellent specificity and sensitivity, SERS is
one of the most commonly employed methods in the detec-
tion of early-stage cancer [20].

Because of its adaptability, Raman spectroscopy can be
used with a number of biological samples, such as serum,
saliva, and tissues [23]. The diagnosing abilities of Raman
spectroscopy have been further improved by developments
such as the incorporation of machine learning algorithms
[20]. In this meta-analysis, machine learning and statisti-
cal algorithms were key to analysing Raman spectral data.
Principal Component Analysis-Linear Discriminant Analy-
sis (PCA-LDA) reduces data dimensionality and enhances
class separation, ideal for distinguishing cancerous from
non-cancerous samples [27]. Orthogonal Partial Least
Squares-Discriminant Analysis (OPLS-DA) improves inter-
pretability by isolating predictive variations, offering high
accuracy in complex datasets [13]. Support Vector Machine
(SVM) identifies optimal hyperplanes for classifying high-
dimensional spectral data [20], while Convolutional Neural
Network (CNN) automatically extracts hierarchical fea-
tures, detecting subtle biochemical changes for improved
diagnostic precision [14]. While PCA-LDA and OPLS-
DA are ideal for smaller datasets due to their simplicity
and interpretability, SVM and CNN offer superior perfor-
mance in larger, more complex datasets due to their abil-
ity to model non-linear relationships and intricate spectral
patterns. Despite these encouraging advancements, there are
still a number of obstacles to cross before the clinical appli-
cation of Raman spectroscopy comes into major practice for
the diagnosis of lung cancer. Major challenges include the
lack of standardized protocols in Raman spectral acquisi-
tion, preprocessing, and analysis. Variations in factors such
as laser power, source wavelength, sample thickness, and
normalization techniques can introduce inconsistencies in
spectral outputs, making cross-study comparisons diffi-
cult. The development of uniform analytical frameworks is
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necessary to ensure reproducibility and clinical translation
of Raman spectroscopy for lung cancer diagnostics [23].

This study aims to evaluate the diagnostic performance,
potential applications, and current limitations of Raman
spectroscopy in lung cancer detection by combining results
from research published between 2014 and 2024. We hope
that this analysis will shed light on future research initia-
tives and make it easier to incorporate Raman spectroscopy
into clinical practice for the diagnosis of lung cancer.

Method and methodology

Data collection and search strategy

Using the terms “Raman spectroscopy”, “detection/diag-
nosis”, and “lung cancer”, a thorough search was executed
across four electronic databases— PubMed, Web of Sci-
ence, Scopus, and Embase in September 2024. To maxi-
mize retrieval, the “all fields” filter was used in the search.
All pertinent studies that were found by the search were
exported in CSV format together with metadata such as
the title, authors, journal, DOI, and year of publication. To
facilitate processing, these datasets were combined into a
single Excel file. The review process was organized using
the PRISMA procedure, which complies with accepted stan-
dards for meta-analyses [17]. Since this meta-analysis is
based entirely on previously published studies that already
obtained appropriate ethical approvals, no new data involv-
ing human participants were collected or analysed. Thus,
ethical approval was not necessary. The literature search
yielded a total of 551 articles. Records identified indi-
vidually from these different databases are PubMed=114,
Embase=135, WoS=139 and Scopus=163.

Deduplication

Microsoft Excel was used to find and eliminate duplicate
entries that came from overlapping database records. The
dataset in the combined excel file was sorted alphabetically,
and Conditional Formatting — Highlight Cell Rules —
Duplicate Values was applied to automatically flag overlap-
ping records based on title, and author names. These flagged
duplicates were then manually verified and removed to
ensure accuracy. This process ensured that each study was
included only once in the subsequent analysis. Out of 551
articles, 303 unique articles were shortlisted after removing
redundancy using MS Excel.

Study selection process

Following deduplication, studies underwent rounds of
sequential screening to guarantee eligibility. Initial filtering
was done based on the relevance of the study titles and the
abstract. Finally, a thorough full-text assessment was done
to determine which papers were suitable.

Inclusion and exclusion criteria

A systematic selection process was applied to identify high-
quality studies for meta-analysis. The screening process
included title and abstract screening, full-text assessment,
and strict adherence to predefined inclusion and exclusion
criteria.

Studies were included if they were primary research arti-
cles published in peer-reviewed journals between 2014 and
2024, focusing on the application of Raman spectroscopy as
a primary tool for lung cancer detection, with spectroscopic
variations such as SERS, TERS, and CARS also considered.
Although these techniques differ in their signal enhance-
ment mechanisms, resolution, and application methodolo-
gies, they are all variants of Raman spectroscopy that rely
on the same fundamental principle of inelastic light scatter-
ing to analyse molecular vibrations.

Only studies that applied machine learning-based spectral
classification or statistical models to analyze Raman spec-
tral data were considered. In addition, studies were required
to report key diagnostic performance metrics, including
sensitivity and specificity values. Only studies that dem-
onstrated sensitivity and specificity of 80% or higher were
retained, as this threshold ensured that the reported method-
ologies provided clinically relevant accuracy. Furthermore,
only studies that provided clear experimental methodolo-
gies, detailing Raman instrumentation, spectral preprocess-
ing techniques, and classification models, were considered
suitable for inclusion. Studies were excluded if they were
review articles, meta-analyses, case reports, or confer-
ence abstracts. Publications in languages other than Eng-
lish were not considered. In terms of diagnostic approach
and study design, studies that combined Raman spectros-
copy with other imaging or histopathological techniques,
were excluded to maintain focus on Raman spectroscopy
as a standalone method. To maintain statistical rigor, stud-
ies with insufficient sample sizes, defined as fewer than 40
cases, were not included in the final selection. Finally, the
quality and reproducibility of the selected studies were criti-
cally assessed.

After reviewing the 303 articles based on their title and
abstract, 52 records were included further in the studies and
were assessed for their eligibility and 9 articles were finally
selected and included in the meta-analysis considering the
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inclusion and exclusion criteria. Studies that lacked full-
text availability or did not provide sufficient raw spectral
data for independent validation were excluded. Addition-
ally, studies with a high risk of bias, such as those miss-
ing statistical validation or lacking independent test sets for
machine learning models, were removed to ensure that only
high-quality, reproducible studies were included in the final
meta-analysis. It is important to note that some papers did
not provide necessary diagnostic performance metrics such
as sensitivity and specificity, and other necessary criteria for
eligibility in the abstract or initial sections and therefore, it
was only possible to evaluate and exclude these studies dur-
ing the full-text assessment. Figure 2 presents the PRISMA
flowchart detailing the systematic review process, from ini-
tial identification to final selection.

Statistical analysis and visualization

We carried out a thorough statistical study to evaluate the
diagnostic efficacy of Raman spectroscopy in identifying
lung cancer. Pooled estimates were derived, and consis-
tency and potential bias were assessed using the sensitiv-
ity and specificity values reported in the included studies.
Each study’s sensitivity, specificity, and sample size were
extracted. To guarantee consistent comparability between
trials, the extracted data were normalized using min-
max normalization before inclusion in the meta-analysis.

Sensitivity refers to the ability of Raman spectroscopy to
correctly identify lung cancer cases (true positives), while
specificity indicates its ability to correctly classify non-
cancerous cases (true negatives). Higher sensitivity ensures
minimal false negatives, which is critical for early detection,
whereas higher specificity reduces false positives, improv-
ing diagnostic reliability. Additionally, confidence intervals
(CIs) were calculated using reported data in cases where
they were not given to express the range within which the
true sensitivity and specificity values are expected to lie
with 95% confidence. A narrower CI indicates more precise
estimates, whereas a wider CI suggests greater variability in
the study results. To graphically compare the performance
indicators across experiments, a heatmap was created. In
order to find trends and group studies with comparable
diagnostic accuracy, hierarchical clustering was used. To
unify the scale across measures and research, the heatmap
was created using normalized values. To assess possible
publication bias for sensitivity and specificity, funnel plots
were created. To account for study heterogeneity, pooled
estimates of sensitivity and specificity were computed using
a random-effects model. The random-effects model was
chosen over the fixed-effects model because the included
studies exhibit inherent variations in methodology, sample
types, Raman spectroscopic techniques, and statistical mod-
els used for analysis. Unlike the fixed-effects model, which
assumes that all studies estimate a common true effect size,
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the random-effects model accounts for potential heteroge-
neity by allowing each study to have its own true effect,
drawn from a distribution of effects. To show the estimates
from each study, together with their 95% ClIs and the com-
bined estimates for sensitivity and specificity, a forest plot
was created. All statistical analyses were performed using R
software. The heatmap was generated using the pheatmap
package in R, which facilitated hierarchical clustering of
performance metrics. Funnel plots were constructed using
the ggplot2 package, and the forest plot was generated using
the meta package.

Results and discussion

From an initial pool of 551 articles screened, 9 studies
met the inclusion criteria. These selected studies provide
a comprehensive overview of how Raman spectroscopy
can be incorporated into cancer diagnosis. The selected
studies demonstrate how Raman spectroscopy, and spe-
cifically, SERS, can be used in a variety of biological
sample types, such as serum, saliva, tissue, and plasma
exosomes, for the detection of lung cancer. The majority
of the research was conducted using serum-based stud-
ies, which demonstrated the most reliable and robust
diagnostic accuracy with specificities ranging from 83.3
to 100% and sensitivities that reached up to 100%. For
example, one study that used the large-laser-spot SERS
in conjunction with Principal component analysis and
linear discriminant analysis (PCA-LDA) model with a
total sample of 110 people comprising 50 lung cancer
patients, and 60 controls, demonstrated a remarkable
diagnostic precision by identifying between cancerous
and non-cancerous serum samples with 100% sensitiv-
ity and specificity [27]. Further confirming the validity
of serum as a diagnostic medium, another study con-
ducted an OPLS-DA-based analysis on a cohort of 190
participants, consisting of 108 lung cancer patients and
82 healthy individuals. The study achieved a sensitivity
0f 98.1% and specificity of 97.6%, successfully identify-
ing biochemical changes in serum biomarkers associated
with lung adenocarcinoma progression [13]. Addition-
ally, [25] developed a SERS-based approach utilizing
Ag-NPs/PSi enhancement for 100 serum samples divided
equally between lung cancer patients and healthy con-
trols. This study employed Principal Component Analysis

(PCA), achieving 100% sensitivity and 90% specificity,
highlighting the potential of nanoparticle-assisted signal
enhancement for improving serum-based diagnostics.
Lastly, further reinforcing the efficacy of serum analysis,
[10] conducted an investigation on 69 serum samples,
consisting of 51 lung cancer patients and 18 controls,
incorporating Partial Least Squares Discriminant Analy-
sis (PLS-DA). This study achieved 100% sensitivity and
83.33% specificity.

Saliva-based diagnostics, though patient-friendly and
non-invasive, showed inconsistent results across differ-
ent studies. Based on the statistical or machine learning
models used, the sensitivity ranged from 91.2 to 100%,
while the specificity had its range from 80.2 to 100% [12,
19]. Saliva’s potential as a reliable diagnostic medium
was demonstrated by a study that analysed 127 saliva
samples, with 61 lung cancer patients and 66 healthy
individuals and achieved 100% sensitivity and specificity
using SVM-based classification [19]. In contrast, a study
conducted on 78 saliva samples, comprising 52 cancerous
and 26 non-cancerous cases, and reported 91.2% sensitiv-
ity and 80.2% specificity [12]. Glycoproteins and DNA
peaks were two important spectral indicators found in
saliva that were reliably connected to cancer. Although,
saliva-based techniques have potential for screening large
populations, some studies have found that their intermedi-
ate specificity indicates need for additional methodologi-
cal improvement to reduce false positives.

Tissue-based investigations, while highly accurate, are
less scalable due to their invasive nature. A controlled study
examined 46 lung tissue samples, evenly distributed between
cancerous and non-cancerous cases, and applied tissue-slice
SERS with PCA-LDA for spectral differentiation. The study
reported a sensitivity and specificity of 95.7 [26]. Simi-
larly, single-point Raman spectroscopy demonstrated that
it was suitable for real-time intraoperative diagnoses with
94% sensitivity and 80% specificity across a more exten-
sive sample set of 197 [9]. Tissue-based approaches excel
in confirming diagnostics but are less suited for large-scale
screens.

Artificial intelligence methods like Support Vector
Machines (SVM) and Convolutional Neural Networks
(CNN) were incorporated into plasma exosome-based
research. A study analysed 40 plasma samples, equally
split between lung cancer patients and healthy controls, and
reported 83.3% sensitivity and specificity using CNN-SVM
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classification models [14]. Despite promising results, the
small sample size suggests the need for larger validation
studies to establish the clinical reliability of plasma-based
Raman spectroscopy for lung cancer detection.

Some spectral biomarkers were consistently reported
to be important indications of malignancy across all
the investigations. Most of the samples showed strong
Tryptophan (~1365 c¢cm '), Protein associated peaks —
amide III band (~1217 ~'= 1273 cm™!) and amide I band
(~1600 cm '— 1683 cm™!), collagen and phospholipids
associated peaks(~1445 cm™!), and phenylalanine peaks
(~1004 cm™ 1), highlighting their vital role in cancer detec-
tion (as shown in Fig. 3).

Overall, the results from the individual studies demon-
strate that Raman spectroscopy provides consistently high
sensitivity and specificity across various sample types,
particularly in serum-based analyses. While saliva and
plasma-based approaches show promise for non-invasive
diagnostics, variability in specificity highlights the need
for improved standardization. Furthermore, the integration
of machine learning algorithms has played a crucial role in
enhancing diagnostic accuracy.

The variations in specificity for saliva and plasma-
based Raman spectroscopy are primarily due to biological
and technical factors. Saliva’s biochemical composition is
highly variable, influenced by hydration levels, oral health,
and diet, leading to inconsistent spectral outputs [1]. Simi-
larly, plasma-based techniques face challenges in isolat-
ing and purifying exosomal biomarkers, contributing to
spectral variability [15]. Standardization through consis-
tent sample collection protocols, improved exosome isola-
tion, and advanced preprocessing algorithms can mitigate
these issues. In contrast, serum-based techniques outper-
form saliva and plasma due to serum’s stable composition
and standardized protocols, resulting in higher diagnostic
specificity and sensitivity [13]. Tissue-based techniques,
although invasive, provide direct access to tumor-specific
biomarkers, offering superior diagnostic accuracy [9].

@ Springer

These results show how adaptable Raman spectros-
copy is as a lung cancer detection technique, offering
important new information about how well it works with
various sample types and statistical models. The scalabil-
ity of serum-based methods and the availability of saliva
and plasma-based techniques underscore the possibility
of incorporating Raman spectroscopy into both invasive
and non-invasive clinical workflows, even though tissue-
based techniques continue to be the gold standard for
accuracy. To fully utilize Raman spectroscopy in clinical
practice, further developments in spectral standardiza-
tion, machine learning integration, and extensive valida-
tion research is required. The details of each individual
study have been listed and tabulated in Table 1.

A heatmap, funnel plots and a forest plot were used to
graphically summarize the meta-analysis findings. Stud-
ies with high sensitivity, specificity, and bigger sample
sizes are clustered together in the heat map, indicating
that reliable study designs support reliable diagnostic
results. The colour scale represents normalized values,
where red indicates higher performance metrics and blue
signifies lower values (Fig. 4). The forest plot visualizes
the sensitivity and specificity for diagnosing and detect-
ing lung cancer across nine studies. Horizontal lines rep-
resent the 95% confidence intervals for each study. The
pooled sensitivity is 98.68% (95% CI: 97.31-100.5), and
the pooled specificity is 91.81% (95% CI: 86.10-97.52),
depicted by diamond markers at the bottom of the plot.
This visualization highlights the variation in specificity
across studies, while most studies demonstrate consis-
tently high sensitivity (Fig. 5). Although, there is some
asymmetry in the specificity plot, which shows hetero-
geneity in some studies, the sensitivity and specific-
ity funnel plots show low publication bias overall. The
x-axes represent sensitivity and specificity values, while
the y-axes indicate standard error. Red dashed lines mark
the pooled sensitivity (98.68%) and pooled specificity
(91.81%) (Fig. 6(A) and (B)).
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Fig. 3 Comparative Raman spectra of lung cancer and normal tissues
from three individual studies. (A) Raman spectra showing peaks for
normal (black) and cancerous (red) tissues, with labelled wavenum-
bers corresponding to respective molecular vibrations. (B) Raman
spectra demonstrating the spectral distinction between benign/normal
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spectrum [9, 19, 25]
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Fig.4 Heatmap of diagnostic
performance metrics (sensitiv-
ity, specificity and sample size)
across the studies included in
the meta analysis. The color
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specificity). The clustering visu-
ally highlights how studies with
higher sensitivity and specificity
(e.g., studies 4 and 7) tend to
group together, whereas studies
with lower values (e.g., study 1)
are separated, allowing for easier
interpretation of performance g
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Fig. 5 Forest plot summarizing and displaying the sensitivity and
specificity in the diagnosis and detection of lung cancer across nine
studies. Horizontal lines indicate the 95% confidence intervals for each
study. The pooled sensitivity is 98.68% (95% CI: 97.31-100.5) and

the pooled specificity is 91.81% (95% CI: 86.10-97.52), represented
by the diamond markers at the bottom of the plot. This plot highlights
the variability in specificity across studies, with most achieving high
sensitivity values
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Fig.6 Funnel plots illustrating
the sensitivity and specificity of
Raman spectroscopy across nine
studies of the meta-analysis. The
x-axes represent sensitivity and
specificity values, respectively
while the y-axes demonstrate
standard error. Panel (A) illus-
trates the funnel plot for sensitiv-
ity, while panel (B) displays the
funnel plot for specificity. Each
black dot represents an individual
study, plotted according to its
effect size (sensitivity or specific-
ity) and standard error. The Gray
triangular region indicates the
expected distribution of studies in
the absence of publication bias.
The red dashed lines highlight the 08
pooled sensitivity (98.68%) and
pooled specificity (91.81%) val-
ues. The symmetrical distribution
of studies in the sensitivity plot
points towards low publication
bias, with most studies clustering
near the pooled estimate. In con-
trast, the specificity plot displays
slight asymmetry, indicating mild
publication bias or heterogene-
ity. The highlighted variability
might be a result of differences in
methodologies, sample types, or
statistical approaches
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Conclusion

This meta-analysis accentuates the promise of Raman spec-
troscopy as a precise diagnostic method for lung cancer,
with pooled sensitivity and specificity values of 98.68% and
91.81%, respectively. The most dependable and scalable
techniques were those based on serum, but non-invasive
diagnostics using saliva and plasma showed promise, espe-
cially for large-scale screenings. Although, tissue-based
techniques are quite precise, their invasive nature makes
them more appropriate for confirmatory or intraoperative

@ Springer

Funnel Plot for Sensitivity

Funnel Plot for Specificity

swdye. study7
Studys @Sty 2
Study 4
(R
'
'
" i
L i
'
'
Smdﬂ‘.
i
'
i
'
'
'
'
'
'
'
'
'
09 1.0 1.1
Sensitivity
1
]
1
1
1
1
I
| sm§y7
I
] tudy6 4
. e
I
I
1
I
1
I
|
study9
¢ -
[ ]
SrudyzI
Study 3
j Nl
|
I
I
|
|
I
I
I
I
. I
study8 y
Study 1 1
udy. 1
. I
StudyS "
08 09 1.0
Specificity

applications. By making it possible to detect minute spec-
tral changes linked to cancer, the incorporation of machine
learning models like SVM and CNN has greatly improved
the diagnostic accuracy of Raman spectroscopy. However,
the clinical adoption of Raman spectroscopy faces several
challenges, including the lack of standardized spectral acqui-
sition protocols, variability in sample preparation methods,
and limited large-scale, multicenter validation studies.
Addressing these issues will require the development of
uniform protocols for spectral data collection and prepro-
cessing, ensuring consistency across studies. Additionally,
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the integration of robust machine learning algorithms can
help manage biological variability and enhance diagnostic
accuracy. Conducting multicenter trials with diverse patient
populations will be crucial for validating the reliability of
Raman spectroscopy in routine clinical workflows. Over-
coming these challenges will pave the way for its effective
incorporation into standard diagnostic procedures. In con-
clusion, by enhancing early diagnosis and treatment results,
Raman spectroscopy provides a revolutionary approach to
lung cancer diagnostics.

Acknowledgements We thank the Manipal School of Life Sciences,
Manipal Academy of Higher Education, Manipal, Karnataka, India,
for providing the infrastructure needed to perform the project.

Author contributions NS, SR: initial draft, editing, analysis, data acqui-
sition; BP, HN, NM: supervision, review manuscript, acquire funding.

Funding Open access funding provided by Manipal Academy of
Higher Education, Manipal

We thank the Global Innovation and Technology Alliance (GITA), Depart-
ment of Science and Technology (DST), India (Project Number- GITA/
DST/TWN/P-95/2021), and the Indian Council of Medical Research
(ICMR) (Project Number-ITR/Ad hoc/43/2020-21, ID No. 2020-3286)
Government of India, India, for financial support.

Data availability The data can be available upon request to corre-
sponding author.

Declarations
Ethical approval Not applicable.
Competing interests The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits 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 licence, and indicate
if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless
indicated otherwise in a credit line to the material. If material is not
included in the article’s Creative Commons licence 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 licence, visit http://creativecommons.o
rg/licenses/by/4.0/.

References

1. Buchan E, Hardy M, Gomes P, de Kelleher C, Chu L, H. O. M.,
Oppenheimer PG (2024) Emerging Raman spectroscopy and
saliva-based diagnostics: from challenges to applications. Appl
Spectrosc Rev 59(3):277-314. https://doi.org/10.1080/05704928.
2022.2130351

2. Gasparri R, Sabalic A, Spaggiari L (2023) The early diagnosis of
lung cancer: critical gaps in the discovery of biomarkers. J Clin
Med 12(23) Article 23. https://doi.org/10.3390/jcm12237244

11.

13.

14.

16.

Han XX, Rodriguez RS, Haynes CL, Ozaki Y, Zhao B (2022)
Surface-enhanced Raman spectroscopy. Nat Reviews Methods
Primers 1(1):1-17. https://doi.org/10.1038/s43586-021-00083-6
Hanna K, Krzoska E, Shaaban AM, Muirhead D, Abu-Eid R,
Speirs V (2022) Raman spectroscopy: current applications in
breast cancer diagnosis, challenges and future prospects. Br J
Cancer 126(8):1125-1139. https://doi.org/10.1038/s41416-021-0
1659-5

Hu S, Tao J, Peng M, Ye Z, Chen Z, Chen H, Yu H, Wang B, Fan
J-B, Ni B (2023) Accurate detection of early-stage lung cancer
using a panel of Circulating cell-free DNA methylation biomark-
ers. Biomark Res 11(1):45. https://doi.org/10.1186/s40364-023-0
0486-5

Jiang N, Kurouski D, Pozzi EA, Chiang N, Hersam MC, Van
Duyne RP (2016) Tip-enhanced Raman spectroscopy: from con-
cepts to practical applications. Chem Phys Lett 659:16-24. https:
//doi.org/10.1016/j.cplett.2016.06.035

Jones RR, Hooper DC, Zhang L, Wolverson D, Valev VK (2019)
Raman techniques: fundamentals and frontiers. Nanoscale Res
Lett 14(1):231. https://doi.org/10.1186/s11671-019-3039-2
Kallaway C, Almond LM, Barr H, Wood J, Hutchings J, Kendall
C, Stone N (2013) Advances in the clinical application of Raman
spectroscopy for cancer diagnostics. Photodiagn Photodyn Ther
10(3):207-219. https://doi.org/10.1016/j.pdpdt.2013.01.008
Leblond F, Dallaire F, Tran T, Yadav R, Aubertin K, Goudie E,
Romeo P, Kent C, Leduc C, Liberman M (2023) Subsecond lung
cancer detection within a heterogeneous background of normal
and benign tissue using single-point Raman spectroscopy. J
Biomed Opt 28(9):090501. https://doi.org/10.1117/1.JB0O.28.9.0
90501

Lei J, Yang D, Li R, Dai Z, Zhang C, Yu Z, Wu S, Pang L, Liang
S, Zhang Y (2021) Label-free surface-enhanced Raman spectros-
copy for diagnosis and analysis of serum samples with different
types lung cancer. Spectrochim Acta Part A Mol Biomol Spec-
trosc 261:120021. https://doi.org/10.1016/j.s2a.2021.120021
Leiter A, Veluswamy RR, Wisnivesky JP (2023) The global bur-
den of lung cancer: current status and future trends. Nat Reviews
Clin Oncol 20(9):624-639. https://doi.org/10.1038/s41571-023-0
0798-3

Linh VTN, Kim H, Lee M-Y, Mun J, Kim Y, Jeong B-H, Park
S-G, Kim D-H, Rho J, Jung HS (2024) 3D plasmonic hexaplex
paper sensor for label-free human saliva sensing and machine
learning-assisted early-stage lung cancer screening. Biosens Bio-
electron 244:115779. https://doi.org/10.1016/j.bios.2023.115779
Liu K, Jin S, Song Z, Jiang L, Ma L, Zhang Z (2019) Label-free
surface-enhanced Raman spectroscopy of serum based on multi-
variate statistical analysis for the diagnosis and staging of lung
adenocarcinoma. Vib Spectrosc 100:177—184. https://doi.org/10
.1016/j.vibspec.2018.12.007

Lu D, Shangguan Z, Su Z, Lin C, Huang Z, Xie H (2024) Artifi-
cial intelligence-based plasma exosome label-free SERS profil-
ing strategy for early lung cancer detection. Anal Bioanal Chem
416(23):5089-5096. https://doi.org/10.1007/s00216-024-05445
-Z

Mangolini V, Gualerzi A, Picciolini S, Roda F, Del Prete A, For-
leo L, Rossetto RA, Bedoni M (2023) Biochemical characteriza-
tion of human salivary extracellular vesicles as a valuable source
of biomarkers. Biology 12(2) Article 2. https://doi.org/10.3390/bi
ology12020227

McGregor HC, Short MA, McWilliams A, Shaipanich T, lonescu
DN, Zhao J, Wang W, Chen G, Lam S, Zeng H (2017) Real-Time
endoscopic Raman spectroscopy for in vivo early lung cancer
detection. J Biophotonics 10:98—110. https://doi.org/10.1002/jbi
0.201500204

@ Springer


https://doi.org/10.1038/s43586-021-00083-6
https://doi.org/10.1038/s41416-021-01659-5
https://doi.org/10.1038/s41416-021-01659-5
https://doi.org/10.1186/s40364-023-00486-5
https://doi.org/10.1186/s40364-023-00486-5
https://doi.org/10.1016/j.cplett.2016.06.035
https://doi.org/10.1016/j.cplett.2016.06.035
https://doi.org/10.1186/s11671-019-3039-2
https://doi.org/10.1016/j.pdpdt.2013.01.008
https://doi.org/10.1117/1.JBO.28.9.090501
https://doi.org/10.1117/1.JBO.28.9.090501
https://doi.org/10.1016/j.saa.2021.120021
https://doi.org/10.1038/s41571-023-00798-3
https://doi.org/10.1038/s41571-023-00798-3
https://doi.org/10.1016/j.bios.2023.115779
https://doi.org/10.1016/j.vibspec.2018.12.007
https://doi.org/10.1016/j.vibspec.2018.12.007
https://doi.org/10.1007/s00216-024-05445-z
https://doi.org/10.1007/s00216-024-05445-z
https://doi.org/10.3390/biology12020227
https://doi.org/10.3390/biology12020227
https://doi.org/10.1002/jbio.201500204
https://doi.org/10.1002/jbio.201500204
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1080/05704928.2022.2130351
https://doi.org/10.1080/05704928.2022.2130351
https://doi.org/10.3390/jcm12237244

164 Page 12 of 12 Lasers in Medical Science (2025) 40:164
17. Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, 23. Wang Y, Fang L, Wang Y, Xiong Z (2024) Current trends of
Mulrow CD, Shamseer L, Tetzlaff JM, Akl EA, Brennan SE, Raman spectroscopy in clinic settings: opportunities and chal-
Chou R, Glanville J, Grimshaw JM, Hrobjartsson A, Lalu MM, lenges. Adv Sci 11(7):2300668. https://doi.org/10.1002/advs.202
Li T, Loder EW, Mayo-Wilson E, McDonald S, Moher D (2021) 300668
The PRISMA 2020 statement: an updated guideline for reporting 24. Weng S, Xu X, Li J, Wong ST (2017) Combining deep learn-
systematic reviews. Syst Reviews 10(1):89. https://doi.org/10.11 ing and coherent anti-Stokes Raman scattering imaging for
86/s13643-021-01626-4 automated differential diagnosis of lung cancer. J Biomed Opt
18. Paraskevaidi M, Matthew BJ, Holly BJ, Hugh BJ, Thulya CPV, 22:1-10. 10.111 7/ 1.JB0.22.10.106017
Loren C, Bayden W (2021) Clinical applications of infrared and 25. Zhang K, Liu X, Man B, Yang C, Zhang C, Liu M, Zhang Y, Liu
Raman spectroscopy in the fields of cancer and infectious dis- L, Chen C (2018) Label-free and stable serum analysis based on
eases. Appl Spectrosc Rev 56(8-10):804-868. https://doi.org/10. Ag-NPs/PSi surface-enhanced Raman scattering for noninvasive
1080/05704928.2021.1946076 lung cancer detection. Biomedical Opt Express 9(9):4345-4358.
19. Qian K, Wang Y, Hua L, Chen A, Zhang Y (2018) New method https://doi.org/10.1364/BOE.9.004345
of lung cancer detection by saliva test using surface-enhanced 26. Zhang K, Hao C, Huo Y, Man B, Zhang C, Yang C, Liu M, Chen
Raman spectroscopy. Thorac Cancer 9(11):1556-1561. https://d C (2019) Label-free diagnosis of lung cancer with tissue-slice
oi.org/10.1111/1759-7714.12837 surface-enhanced Raman spectroscopy and statistical analysis.
20. ShiL, LiY, LiZ (2023) Early cancer detection by SERS spectros- Lasers Med Sci 34(9):1849—-1855. https://doi.org/10.1007/s1010
copy and machine learning. Light: Sci Appl 12(1):234. https://do 3-019-02781-w
i.org/10.1038/s41377-023-01271-7 27. Zhang X, Fan A, Zhang L, Shu Z, Liu X, Wei S, Ma W, Wang J,
21. Siegel RL, Miller KD, Fuchs HE, Jemal A (2021) Cancer statis- Pan'Y, Zhang X (2024) Label-free surface-enhanced Raman spec-
tics, 2021. Cancer J Clin 71(1):7-33. https://doi.org/10.3322/caac troscopy analysis method for liquid biopsy and its application in
21654 serum-based lung cancer diagnosis and classification. Microchem
22. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, J205:111294. https://doi.org/10.1016/j.microc.2024.111294

Jemal A, Bray F (2021) Global cancer statistics 2020: GLOBO-
CAN estimates of incidence and mortality worldwide for 36 can-
cers in 185 countries. Cancer J Clin 71(3):209-249. https://doi.or
2/10.3322/caac.21660

@ Springer

Publisher’s note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.


https://doi.org/10.1002/advs.202300668
https://doi.org/10.1002/advs.202300668
https://doi.org/10.1364/BOE.9.004345
https://doi.org/10.1364/BOE.9.004345
https://doi.org/10.1007/s10103-019-02781-w
https://doi.org/10.1007/s10103-019-02781-w
https://doi.org/10.1016/j.microc.2024.111294
https://doi.org/10.1186/s13643-021-01626-4
https://doi.org/10.1186/s13643-021-01626-4
https://doi.org/10.1080/05704928.2021.1946076
https://doi.org/10.1080/05704928.2021.1946076
https://doi.org/10.1111/1759-7714.12837
https://doi.org/10.1111/1759-7714.12837
https://doi.org/10.1038/s41377-023-01271-7
https://doi.org/10.1038/s41377-023-01271-7
https://doi.org/10.3322/caac.21654
https://doi.org/10.3322/caac.21654
https://doi.org/10.3322/caac.21660
https://doi.org/10.3322/caac.21660

	﻿Raman spectroscopy in the detection and diagnosis of lung cancer: a meta-analysis
	﻿Abstract
	﻿Clinical trial number
	﻿Introduction
	﻿Method and methodology
	﻿Data collection and search strategy
	﻿Deduplication
	﻿Study selection process
	﻿Inclusion and exclusion criteria
	﻿Statistical analysis and visualization

	﻿Results and discussion
	﻿Conclusion
	﻿References


