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ARTICLE INFO ABSTRACT

Keywords: Introduction: Gliomas are the most common primary malignant tumors of the central nervous system and remain
Raman spectroscopy difficult to manage because of diffuse infiltration and molecular heterogeneity. As glioma classification
Glioma

increasingly relies on molecular biomarkers, interest has grown in label-free technologies capable of providing
real-time biochemical information during surgery. Although Raman spectroscopy has emerged as a promising
optical approach, its diagnostic performance and translational readiness remain incompletely defined.
Methods: This systematic review was registered in PROSPERO and conducted according to PRISMA 2020
guidelines. PubMed, Embase, Scopus, and Web of Science were searched for studies published between 2015 and
2025 evaluating Raman-based technologies for glioma diagnosis. Two reviewers independently performed study
selection, data extraction, and risk-of-bias assessment using QUADAS-2. Owing to methodological heterogeneity,
findings were synthesized using a SWiM-guided narrative approach.

Results: Forty-six studies met the eligibility criteria. Across conventional Raman spectroscopy, surface-enhanced
Raman spectroscopy, stimulated Raman histology, stimulated Raman scattering, and multimodal platforms,
Raman-based technologies consistently demonstrated strong performance for tissue discrimination, tumor
margin assessment, molecular characterization, and intraoperative tissue evaluation. Recent studies increasingly
integrated artificial intelligence for automated tissue classification and molecular prediction. However, sub-
stantial heterogeneity in acquisition protocols, analytical workflows, and validation strategies, together with
predominantly retrospective single-center studies and limited external validation, reduced confidence in clinical
generalizability. QUADAS-2 identified the greatest risk of bias in the patient-selection and index-test domains.
Conclusions: Raman spectroscopy is evolving from an optical imaging technique into a molecular decision-
support platform for precision neuro-oncology. Future clinical translation will depend on methodological stan-
dardization, prospective multicenter validation, explainable artificial intelligence, and integration into routine
neurosurgical workflows.
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1. Introduction

Gliomas are the most common primary malignant tumors of the
central nervous system and remain associated with substantial
morbidity and poor survival despite advances in neurosurgery, radio-
therapy, and systemic therapies (Miller et al., 2021; Salari et al., 2023;
Price et al., 2024). Their highly infiltrative growth pattern allows tumor
cells to extend beyond radiologically apparent boundaries, limiting
complete surgical resection and contributing to disease recurrence.
Consequently, achieving maximal safe resection while preserving
neurological function remains one of the principal challenges in
contemporary neuro-oncology (Gerritsen et al., 2022; Aabedi et al.,
2022; Jiang et al., 2023; Sulangi et al., 2024).

Accurate histopathological and molecular characterization is essen-
tial for contemporary glioma classification, prognostic stratification,
and therapeutic decision-making. The current World Health Organiza-
tion (WHO) classification increasingly incorporates molecular bio-
markers, including isocitrate dehydrogenase (IDH) mutations, 1p/19q
codeletion, MGMT promoter methylation, and other genomic alterations
that define biologically distinct tumor entities and guide patient man-
agement (Komori et al., 2022; Sledzinska et al., 2022; Massaad et al.,
2022; Wang et al., 2023). However, these data depend on tissue sam-
pling, specialized laboratory processing, and molecular testing, limiting
the availability of biologically relevant information during surgery
when critical therapeutic decisions are made.

Although advances in magnetic resonance imaging (MRI),
fluorescence-guided surgery, positron emission tomography (PET),
neuronavigation, intraoperative ultrasound, and intraoperative MRI
have substantially improved surgical planning and intraoperative
guidance, these approaches primarily provide anatomical or metabolic
information and may underestimate diffuse microscopic tumor infiltra-
tion (Li et al., 2016; Wen et al., 2023; Karschnia et al., 2023; Tang et al.,
2025). This limitation has stimulated growing interest in technologies
capable of providing real-time molecular characterization of tissue
during surgery.

Raman spectroscopy has emerged as a promising label-free optical
technique that generates biochemical fingerprints from endogenous
cellular molecules without extensive sample preparation or exogenous
contrast agents, enabling rapid discrimination between neoplastic and
non-neoplastic tissues (Stupak et al., 2025). Recent technological ad-
vances, including fiber-optic probes, stimulated Raman scattering,
stimulated Raman histology, and machine-learning-assisted analytical
approaches, have considerably expanded its potential applications from
tissue characterization to intraoperative tumor identification, margin
assessment, molecular classification, and real-time surgical decision
support (Iturrioz-Rodriguez et al., 2022; Jin et al., 2022; Herta et al.,
2022; Vrazhnov et al., 2023; Ember et al., 2024; Liu et al., 2024). More
recently, machine-learning-enabled Raman spectroscopy has been in-
tegrated with fluorescence-guided surgery to refine indocyanine
green-defined glioblastoma boundaries, illustrating the potential of
Raman-derived molecular information to complement established
intraoperative guidance modalities (Han et al., 2026).

Recent reviews have highlighted the expanding role of Raman
spectroscopy in glioma diagnosis, although with different scopes (Liu
et al.,, 2024). Some have provided broad narrative overviews of
Raman technologies and their applications in glioma detection, histo-
logical and molecular classification (Liu et al., 2024), whereas others
have focused on specific modalities such as SERS (Yang et al., 2024) or
SRH in defined clinical settings. Recent systematic reviews and
meta-analyses have primarily quantified diagnostic performance for
tumor-normal tissue discrimination or selected intraoperative tasks
(Krzeminska et al., 2025; Trevisi et al., 2025). These studies establish the
diagnostic potential of Raman-based approaches, but differences in
scope, modality, analytical unit, and clinical endpoint leave methodo-
logical robustness, validation maturity, and translational readiness less
consistently integrated within a single evidence synthesis.
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Against this background, the present systematic review provides an
integrated and critically appraised synthesis of 46 studies spanning
conventional Raman spectroscopy, SERS, SRH, SRS, and multimodal
platforms. Beyond diagnostic performance, we jointly examine meth-
odological heterogeneity, analytical unit, QUADAS-2 risk of bias,
machine-learning validation practices, clinical applications, and trans-
lational readiness. By distinguishing proof of analytical discrimination
from evidence of patient-level generalizability and clinical utility, this
review positions current Raman-based approaches along the trans-
lational pathway from experimental spectroscopy to Al-assisted molec-
ular diagnostics and intraoperative decision support, while identifying
the methodological and clinical priorities required for broader imple-
mentation in precision neuro-oncology.

2. Methods

The methodology of this review was established a priori in a previ-
ously published, peer-reviewed protocol (Vrancianu et al., 2026), pro-
spectively registered in PROSPERO (CRD420251025922). This
systematic review was conducted in accordance with the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA
2020) statement (Page et al., 2021), the PRISMA-P recommendations for
systematic review protocols (Moher et al., 2016), and the Synthesis
Without Meta-analysis (SWiM) reporting guideline (Campbell et al.,
2020). The PRISMA 2020 checklist and PRISMA 2020 for Abstracts
checklist are provided in Supplementary Table S1A and Supplementary
Table S1B, respectively.

2.1. Eligibility criteria

The selection criteria are described below according to Patients,
Intervention, Comparison and Outcomes (PICO) statements.

2.1.1. Patients

Inclusion criteria: Studies were eligible if they included adults (>18
years) with suspected or histologically confirmed glioma undergoing
diagnostic evaluation, surgical resection, or image-guided tissue sam-
pling using Raman spectroscopy. Mixed populations were included
when glioma-specific diagnostic data were reported separately or rep-
resented most of the study cohort.

Exclusion: Studies involving pediatric populations, non-human
subjects, cell lines, animal models, or lacking extractable glioma-
specific data were excluded. Studies evaluating only multiclass tumor
discrimination without an appropriate non-tumor comparator were also
excluded. When participant age or eligibility criteria were unclear,
corresponding authors were contacted. Eligibility was determined ac-
cording to the pre-registered protocol if clarification was unavailable.

Intervention: The use of Raman spectroscopy, either alone or
combined with machine learning algorithms, as a diagnostic approach
for the detection and characterization of glioma.

Comparison: Where available, Raman spectroscopy was compared
with histopathology, frozen section analysis, magnetic resonance im-
aging, fluorescence-guided surgery, positron emission tomography,
molecular diagnostic methods, or other established reference standards.
Studies without a direct clinical comparator were eligible if diagnostic
performance was evaluated against histopathological or molecular
reference standards.

Outcomes: The primary outcome was the diagnostic performance of
Raman spectroscopy, including sensitivity, specificity, accuracy, area
under the receiver operating characteristic curve (AUC), positive pre-
dictive value, negative predictive value, diagnostic odds ratio, and
likelihood ratios, where reported. Secondary outcomes included intra-
operative tissue characterization, tumor margin assessment, molecular
stratification, real-time surgical decision support, and factors influ-
encing clinical translation. Diagnostic estimates were interpreted ac-
cording to study design, validation strategy, unit of analysis, and
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reference standard.

2.1.2. Information sources

Electronic searches were conducted in PubMed, Embase, Scopus, and
Web of Science. The initial search was performed in June 2025 and
included English-language studies published between January 2015 and
June 2025. In accordance with the registered protocol (PROSPERO), the
search was updated before data extraction to identify newly published
eligible studies.

2.1.3. Search strategy

The search strategy combined controlled vocabulary (MeSH, where
applicable) and free-text terms related to glioma and Raman spectros-
copy. The principal concepts included glioma (e.g., glioma, glioblas-
toma, astrocytoma, diffuse glioma, brain neoplasms) and Raman
spectroscopy (e.g., Raman spectroscopy, Raman imaging, Raman scat-
tering, Raman spectroscopic analysis), which were combined using
Boolean operators (“OR” within concepts and “AND” between concepts).
The search strategy was adapted for each database. The complete search
strategies for all databases are provided in the Supplementary Material.

2.2. Study records

2.2.1. Data management

Search results retrieved from PubMed, Embase, Scopus, and Web of
Science were imported into Zotero (Corporation for Digital Scholarship,
Vienna, VA, USA) for reference management. Duplicate records were
removed using the software's deduplication function, followed by
manual verification where necessary. The final de-duplicated library
was used for title, abstract, and full-text screening.

2.2.2. Selection Process

Study selection was performed independently by two reviewers in
two stages: title and abstract screening followed by full-text assessment.
Eligibility was determined according to the predefined inclusion and
exclusion criteria specified in the registered PROSPERO protocol.
Studies were excluded if they involved non-human models, cell lines,
pediatric populations, non-glioma pathologies, non-Raman optical
techniques, conference abstracts without full-text publication, reviews,
editorials, preprints, retracted articles, or insufficient data to evaluate
diagnostic performance. Disagreements were resolved through discus-
sion and, when necessary, consultation with a third reviewer. Corre-
sponding authors were contacted when additional information was
required to determine eligibility. When demographic information or
eligibility criteria were insufficiently reported, corresponding authors
were contacted whenever feasible. Clarifications received during the
predefined assessment period were incorporated into the eligibility
assessment; when clarification was unavailable, eligibility was deter-
mined from the reported information according to the registered pro-
tocol. Reasons for full-text exclusion were documented and are
presented in the PRISMA 2020 flow diagram.

2.2.3. Data collection process

Data extraction was performed independently by two reviewers
using a standardized Microsoft Excel form. Extracted variables included
study characteristics, patient demographics, glioma subtype, Raman
modality, acquisition parameters, analytical and machine-learning ap-
proaches, validation strategy, reference standards, and reported diag-
nostic outcomes. Data relevant to clinical translation, including
intraoperative applicability, tumor margin assessment, molecular clas-
sification, external validation, and workflow integration, were also
collected where available. Discrepancies were resolved through discus-
sion and, when necessary, consultation with a third reviewer. Corre-
sponding authors were contacted when essential data were incomplete
or unclear.
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2.2.4. Data items

Data were extracted according to predefined categories based on the
PICO framework. General study characteristics included publication
year, country, study design, clinical setting, and sample size. Patient-
related variables comprised demographic characteristics, glioma sub-
type, WHO classification, tumor location, eligibility criteria, and refer-
ence standards. Intervention-related variables included the Raman
modality, sample type, acquisition parameters, analytical and machine-
learning methods, validation strategy, and unit of analysis. Comparator
methods and diagnostic reference standards were recorded where
applicable. Outcome variables included diagnostic performance mea-
sures, molecular classification, tumor margin assessment, intraoperative
applicability, external validation, and indicators of clinical translation.

2.3. Risk of bias assessment

The methodological quality of the included studies was assessed
independently by two reviewers using the Quality Assessment of Diag-
nostic Accuracy Studies-2 (QUADAS-2) tool. The four QUADAS-2 do-
mains (patient selection, index test, reference standard, and flow and
timing) were evaluated for risk of bias and concerns regarding appli-
cability. Disagreements were resolved through discussion and, when
necessary, consultation with a third reviewer. Summary risk-of-bias vi-
sualizations were generated using the robvis package (McGuinness and
Higgins, 2020). Study-specific methodological limitations identified
during QUADAS-2 assessment were considered when interpreting
diagnostic performance and the overall strength of the evidence.

2.4. Data synthesis

Evidence was synthesized using a structured narrative approach in
accordance with the Synthesis Without Meta-analysis (SWiM) reporting
guideline (Campbell et al., 2020). Quantitative pooling was considered
inappropriate because the included studies addressed clinically and
methodologically distinct diagnostic questions across conventional
Raman spectroscopy, SERS, SRH, SRS, and multimodal platforms, with
substantial differences in tissue preparation, acquisition protocols,
analytical pipelines, validation strategies, and reference standards.
Importantly, diagnostic performance was reported at non-equivalent
analytical levels, including patient-, sample-, spectrum-, pixel-, image-,
and patch-level analyses, precluding the assumption of a common unit
of analysis. Outcome definitions and reporting were also inconsistent,
with studies variously reporting sensitivity, specificity, accuracy, AUC,
or other diagnostic measures for different clinical endpoints, including
tumor detection, margin assessment, grading, and molecular classifica-
tion. Pooling these heterogeneous estimates could therefore have
generated summary measures with limited clinical interpretability and
potentially misleading precision. Accordingly, a structured
SWiM-guided narrative synthesis was considered more appropriate for
preserving differences in clinical context, analytical design, and
evidential maturity.

Formal GRADE assessment was not undertaken because the included
studies addressed heterogeneous diagnostic questions and clinical end-
points using non-equivalent analytical units and validation frameworks,
preventing formulation of sufficiently comparable outcome-specific
bodies of evidence for meaningful certainty ratings. Instead, certainty
and clinical applicability were interpreted qualitatively by integrating
QUADAS-2 findings, validation strategy, analytical unit, study design,
and consistency of findings across studies.

3. Results
3.1. Study selection

The study selection process is summarized in Fig. 1 according to the
PRISMA 2020 guidelines. A total of 1540 records were identified
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Records removed before screening:
Duplicate records removed (n = 811)
Records marked as ineligible by automation tools (n = 0)
Records removed for other reasons — Conference/
Article entries without title/authors or unidentifiable
bibliographic records (n =14)

Records excluded which did not
meet the inclusion criteria
(n=531)

Reports not retrieved
(n=3)

Reports excluded: 135

Reason 1: Non-human studies (n=17)

Reason 2: Without diagnostic performances (n =22)

Reason 3: Sample type: cell lines/ in vitro (n =11)
Serum/Blood - not glioma tissue (n=21)

Reason 4: Pediatric, mixed, or age-unclear population — adult

glioma-specific data not extractable (n=36)

Reason 5: Brain tumor - not glioma/unspecified (n=8)

Reason 6: Tumor-vs-tumor or multiclass classification (no valid

non-tumor comparator) (n=4)

Reason 7: Not Raman (n=6)

Reason 8: Mixed pathology/no separate analysis for glioma

(n=5)

Reason 9: Secondary dataset, computational reconstruction, no

[ Identification of studies via databases and registers ]
)
= Records identified from
2 databases (n= 1540)
& Pubmed= 257
5 Scopus= 405 >
= Web of Science= 345
= Embase= 533
~—/
() | Records screened >
(n=715)
Reports sought for retrieval o
> (n=184) g
=
f—
[
(3
/I
»
Reports assessed for eligibility
(n=181) >
S
(— Studies included in review
o (n=46)
-]
=
&

diagnostic outcome (n=2)

Reason 10: Metabolic profiling, not diagnostic (n=2)
Reason 11: Duplicate report identified during final eligibility
reconciliation (n = 1).

Fig. 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram of study selection (Page et al., 2021).

through searches of PubMed, Scopus, Web of Science, and Embase. After
removal of duplicate and ineligible records, 715 titles and abstracts were
screened, of which 184 articles were selected for full-text evaluation.
Three reports could not be retrieved, leaving 181 reports assessed for
eligibility. Ultimately, 46 studies fulfilled the predefined inclusion
criteria and were included in the qualitative synthesis.

The most frequent reasons for full-text exclusion were the absence of
diagnostic performance data, inclusion of pediatric or mixed-age pop-
ulations without separately extractable adult glioma data, non-glioma
pathologies, non-human or in vitro studies, and investigations using
serum, blood, cell lines, or other sample types not representative of
human glioma tissue. Additional exclusions comprised studies focused
exclusively on computational reconstruction, metabolic profiling
without diagnostic outcomes, or non-Raman analytical techniques, as
detailed in Fig. 1.

3.2. Characteristics of included studies
The principal characteristics of the 46 studies included in the qual-

itative synthesis are summarized in Table S2 (Supplementary Table S2).
Published between 2015 and 2025, the included studies illustrate the

rapid evolution of Raman-based glioma diagnostics from proof-of-
concept spectroscopic investigations toward artificial intelligence (AI)-
assisted platforms supporting intraoperative tissue characterization,
molecular stratification, and real-time clinical decision-making
(Livermore et al., 2020; Ember et al., 2024; Reinecke et al., 2024; Liu
et al., 2024; Yin et al., 2025). Most studies originated from Europe,
North America, and China.

The included cohorts comprised low- and high-grade gliomas, as-
trocytomas, oligodendrogliomas, and glioblastomas, with sample sizes
ranging from fewer than 20 patients to more than 200 participants.
Histopathology served as the reference standard in most studies,
whereas more recent investigations increasingly incorporated WHO-
integrated molecular biomarkers, including IDH mutation status,
MGMT promoter methylation, DNA methylation subclasses, and other
clinically relevant genomic alterations (Livermore et al., 2019; Sciortino
et al., 2021; Lita et al., 2024; Liu et al., 2024; Yin et al., 2025).

Conventional Raman spectroscopy was the most frequently investi-
gated modality, while recent studies expanded the field through SERS,
stimulated Raman histology (SRH), stimulated Raman scattering (SRS),
and multimodal Raman platforms. Tissue analysis included intra-
operative in vivo assessment, fresh ex vivo tissue, frozen sections, and
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formalin-fixed paraffin-embedded specimens. Recent technological ad-
vances also demonstrated the feasibility of handheld fiber-optic probes
and real-time SRH platforms for intraoperative tissue characterization
(Jermyn et al., 2017; Pekmezci et al., 2021; Straehle et al., 2022; Ember
et al., 2024; Reinecke et al., 2024; Leblond et al., 2025).

Analytical approaches evolved from conventional statistical methods
to machine-learning and deep-learning models, although substantial
heterogeneity persisted in validation strategies and analytical units,
with diagnostic performance reported at the patient-, sample-, spec-
trum-, image-, pixel-, or patch-level. Despite increasing use of inde-
pendent test cohorts, prospective multicenter studies and external
validation remained uncommon (Ember et al., 2024; Reinecke et al.,
2025; Leblond et al., 2025).

Overall, heterogeneity in study design, acquisition protocols,
analytical pipelines, validation methodologies, and outcome reporting
precluded quantitative pooling and supported the use of a structured
SWiM-guided narrative synthesis.

3.3. Sources of methodological heterogeneity

The included studies exhibited substantial methodological hetero-
geneity across nearly all stages of the diagnostic workflow, including
Raman technology, clinical setting, tissue preparation, analytical
methodology, validation strategy, outcome reporting, and study scale.
Importantly, this variability extended beyond technical aspects to dif-
ferences in diagnostic objectives, molecular endpoints, analytical units,
and intended clinical applications. The principal sources of heteroge-
neity identified across the included studies are summarized in Table 1
and should be considered when interpreting diagnostic performance and
translational potential.

Importantly, these sources of heterogeneity were clinically conse-
quential rather than purely statistical, because diagnostic estimates

Table 1
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derived from distinct clinical tasks and non-equivalent analytical units
could not be assumed to represent a common underlying diagnostic
effect. Quantitative pooling could therefore obscure clinically relevant
differences between studies and overstate the precision and generaliz-
ability of the available evidence.

3.3.1. Raman Modalities and Acquisition Strategies

The technological landscape of Raman-based glioma diagnostics
evolved substantially during the study period. Earlier investigations
primarily evaluated conventional spontaneous Raman spectroscopy for
tissue discrimination and intraoperative guidance (Kast et al., 2015;
Jermyn et al., 2015; Jermyn et al., 2016; Lu et al., 2016; Broadbent et al.,
2018; Livermore et al., 2020; Livermore et al., 2019), whereas more
recent studies increasingly adopted stimulated Raman histology (SRH),
stimulated Raman scattering (SRS), surface-enhanced Raman spectros-
copy (SERS), and multimodal optical platforms for rapid histological
assessment, molecular characterization, and biomarker prediction
(Straehle et al., 2022; Reinecke et al., 2022; Reinecke et al., 2024; Lita
et al., 2024; Yin et al., 2025). Several studies also combined Raman
spectroscopy with complementary optical techniques, including auto-
fluorescence, diffuse reflectance spectroscopy, CARS, TPEF, and SHG
(Galli et al., 2017; Jermyn et al., 2017; Ospanov et al., 2023; Uckermann
et al., 2024).

3.3.2. C(linical Setting and Tissue Preparation

Clinical implementation also varied considerably. Studies evaluated
Raman spectroscopy using intraoperative handheld probes, fresh ex vivo
tissue, frozen sections, cryosections, and formalin-fixed paraffin-
embedded specimens (Jermyn et al., 2015; Desroches et al., 2018;
Broadbent et al., 2018; Livermore et al., 2020; Riva et al., 2021; Herta
et al., 2022; Ember et al., 2024;Klein et al., 2024; Lita et al., 2024).
Diagnostic applications included tumor detection, infiltrative margin

Major sources of methodological heterogeneity across Raman-based glioma diagnostic studies.

Domain Variability observed across included studies Potential implications Representative references
Raman Conventional Raman spectroscopy, SERS, SRH, SRS, Differences in biochemical information content, Kast et al., 2015; Lu et al., 2016; Sun et al.,
modality multimodal Raman platforms spatial resolution, intraoperative applicability, 2019; Reinecke et al., 2024; Yin et al.,
and clinical deployment potential 2025
Clinical In vivo intraoperative measurements, ex vivo fresh tissue Differences in tissue handling, workflow Jermyn et al., 2015; Jermyn et al., 2017;
settings analysis, laboratory-based investigations integration, and translational relevance Livermore et al., 2020; Herta et al., 2022;
Ember et al., 2024
Tissue Fresh tissue, frozen sections, cryosections, FFPE samples, Variability in tissue preservation, lipid integrity, Uckermann et al., 2018; Livermore et al.,
preparation archived specimens water content, molecular composition, and 2019; Sciortino et al., 2021; Lita et al.,
spectral quality 2024; Reinecke et al., 2024
Clinical Tumor detection, margin assessment, infiltrative tumor Studies frequently addressed different diagnostic ~ Jermyn et al., 2016; Pekmezci et al., 2021;
objective identification, grading, molecular classification, questions despite reporting similar performance Stables et al., 2016; Liu et al., 2024;

Analytical unit

intraoperative diagnosis
Patient-level, sample-level, spectrum-level, pixel-level, image-
level, patch-level analyses

Molecular Histology only, IDH status, 1p/19q codeletion, MGMT
endpoint promoter methylation, TERT promoter mutation, EGFR
alterations, chromosome 7/10 signatures, CDKN2A/B
deletion, DNA methylation subtypes, metabolic biomarkers
Machine- Conventional machine learning, deep learning, convolutional
learning and transformer-based neural networks, explainable Al,
strategy multimodal learning
Validation Internal cross-validation, training—test splits, independent
strategy testing cohorts, external multicenter validation
Reference Histopathology, neuropathologist assessment, molecular
standard classification, comparator algorithms
Outcome Sensitivity, specificity, accuracy, AUC, PPV, NPV, DOR,
reporting inconsistent reporting of contingency data

Study scale

Small single-center cohorts to multicenter external validation
studies

metrics
Differences in effective sample size and clinical
interpretability of diagnostic estimates

Different relevance for molecular stratification,
precision oncology, patient risk classification, and
personalized clinical decision-making

Differences in feature extraction, model
complexity, interpretability, computational
requirements, and risk of overfitting

Major differences in model robustness, clinical
generalizability, reproducibility, and
implementation readiness

Variability in outcome verification and
benchmarking procedures

Reduced comparability and limited eligibility for
quantitative synthesis

Differences in statistical power, reproducibility,
and translational readiness

Reinecke et al., 2024

Livermore et al., 2019; Sciortino et al.,
2021; Reinecke et al., 2022; Zhang et al.,
2023; Reinecke et al., 2025

Uckermann et al., 2018; Livermore et al.,
2019 ; Lita et al., 2024; Liu et al., 2024;
Yin et al., 2025

Kast et al., 2015; Livermore et al., 2019 ;
Reinecke et al., 2022; Liu et al., 2024; Li
et al., 2025

Livermore et al., 2019; Sciortino et al.,
2021; Ember et al., 2024; Reinecke et al.,
2024; Reinecke et al., 2025

Jermyn et al., 2016; Uckermann et al.,
2018; Pekmezci et al., 2021; Lita et al.,
2024; Liu et al., 2024

Jermyn et al., 2015; Livermore et al.,
2020; Sciortino et al., 2021; Liu et al.,
2024; Reinecke et al., 2025

Uckermann et al., 2018; Sciortino et al.,
2021; Ember et al., 2024; Reinecke et al.,
2024; Reinecke et al., 2025
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assessment, grading, molecular classification, and intraoperative deci-
sion support.

3.3.3. Analytical Approaches and Machine Learning

Analytical methods evolved from conventional multivariate statistics
(PCA, LDA, QDA, SVM) (Kast et al., 2015; Jermyn et al., 2015; Stables
et al., 2016; Uckermann et al., 2018; Livermore et al., 2019) toward
ensemble-learning algorithms and deep-learning architectures,
including convolutional neural networks, transformer-based models,
DBCNet, and dedicated SRH classifiers (Sciortino et al., 2021; Riva et al.,
2021; Li et al., 2023; Reinecke et al., 2022; Liu et al., 2024; Reinecke
et al., 2024; Li et al., 2025; He et al., 2025; Yin et al., 2025).

3.3.4. Validation Strategies and Units of Analysis

Validation methodology represented a major source of heterogene-
ity. Diagnostic performance was reported at the patient-, sample-,
spectrum-, image-, pixel-, or patch-level using internal cross-validation
or independent test cohorts, whereas external multicenter validation
remained uncommon and was largely limited to recent SRH studies
(Reinecke et al., 2025). Consistent with these findings, QUADAS-2
identified the patient-selection and index-test domains as the principal
sources of methodological concern, supporting cautious interpretation
of reported diagnostic performance.

3.4. Diagnostic Performance Across Raman Modalities

Diagnostic performance varied across Raman modalities but was
consistently favorable for glioma detection, tissue classification, intra-
operative guidance, and molecular characterization. Many studies re-
ported accuracies exceeding 85%, with sensitivities and specificities
frequently above 90% for differentiating glioma from non-neoplastic
brain tissue. More recent investigations further expanded these appli-
cations toward Al-assisted molecular classification and digital pathol-
ogy. Nevertheless, direct comparison between studies is limited by
differences in Raman platforms, tissue preparation, analytical methods,
validation strategies, and units of analysis.

3.4.1. Conventional Raman Spectroscopy

Conventional Raman spectroscopy provides the largest body of evi-
dence supporting glioma diagnosis. Early intraoperative studies using
handheld probes demonstrated accurate discrimination between normal
brain, infiltrative tumor, and dense tumor tissue, with reported accu-
racies around 90-92% and AUC values up to 0.96 (Jermyn et al., 2015;
Jermyn et al., 2016). Desroches et al., 2015 further demonstrated the
feasibility of intraoperative Raman-based tissue characterization,
reporting 87% accuracy, 84% sensitivity, and 89% specificity for dis-
tinguishing necrotic from viable brain tissue in a cohort of 10 glioma
patients. Comparable findings were subsequently reported using optical
biopsy systems and multicenter glioblastoma cohorts (Desroches et al.,
2018; Ember et al., 2024), while Herta et al. (2022) demonstrated
improved detection of infiltrative peritumoral tissue compared with
5-ALA fluorescence. Ex vivo investigations likewise achieved excellent
diagnostic performance, including accuracies above 97% and
biopsy-level sensitivities and specificities approaching 100% (Broadbent
et al., 2018; Livermore et al., 2020).

3.4.2. Stimulated Raman histology and stimulated Raman scattering

SRH and SRS represent the principal advances enabling label-free
digital histopathology. Following the proof-of-concept study by Lu
et al. (2016), clinical investigations demonstrated high agreement
with conventional neuropathology and strong diagnostic performance
for tumor classification, margin assessment, and molecular prediction
(Straehle et al., 2022; Pekmezci et al., 2021; Reinecke et al., 2024). The
strongest evidence currently derives from recent multicenter validation,
in which Reinecke et al. (2025) reported balanced accuracies exceeding
95% using external validation cohorts.
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3.4.3. Surface-Enhanced Raman Spectroscopy

Surface-enhanced Raman spectroscopy (SERS) extends the diag-
nostic capabilities of Raman technology beyond tissue discrimination by
enabling highly sensitive molecular and metabolic characterization.
Through signal amplification generated by nanostructured substrates,
SERS facilitates the detection of subtle biochemical alterations associ-
ated with glioma biology and supports biomarker-driven diagnostics.

Representative studies demonstrated particularly encouraging re-
sults. Sun et al. (2019) reported sensitivities and specificities
approaching 100% for glioma discrimination using SERS-derived
metabolic fingerprints combined with machine-learning analysis. More
recently, Yin et al., 2025 developed an Al-assisted SERS platform based
on glutathione and hydrogen peroxide profiling that predicted IDH1
mutation status with accuracies exceeding 94%, highlighting the po-
tential of SERS for intraoperative molecular stratification and precision
neuro-oncology.

Although these findings illustrate the remarkable analytical sensi-
tivity of SERS, most available studies remain limited by relatively small
patient cohorts, highly controlled experimental settings, and scarce
external validation. Consequently, further prospective clinical evalua-
tion is required before these promising molecular applications can be
translated into routine practice.

3.4.4. Comparative synthesis of diagnostic performance

The evidence demonstrates complementary strengths across Raman
modalities. Conventional Raman spectroscopy currently provides the
most mature evidence for tissue discrimination, SRH/SRS support rapid
intraoperative digital pathology, whereas SERS shows particular
promise for molecular and metabolic characterization. However, com-
parisons between studies should be interpreted cautiously because re-
ported diagnostic metrics frequently derive from different study designs,
analytical units, and validation strategies. Greater methodological
standardization, patient-level analyses, and prospective multicenter
validation will therefore be required before routine clinical
implementation.

3.5. Clinical Applications of Raman Spectroscopy in Glioma

The included studies demonstrate that Raman-based technologies
are no longer limited to tumor detection but increasingly support mul-
tiple aspects of glioma diagnosis and surgical management. Five prin-
cipal clinical applications emerged across the literature: tissue
discrimination, tumor margin assessment, histopathological classifica-
tion, molecular characterization, and intraoperative decision support.
These applications differ considerably in their level of clinical maturity,
supporting evidence, and barriers to implementation (Table 2).

3.5.1. Tumor Detection and Tissue Classification

Tumor detection remains the most extensively investigated clinical
application of Raman spectroscopy and currently represents the stron-
gest body of evidence. Across conventional Raman spectroscopy, SRH,
SRS, and handheld intraoperative systems, studies consistently demon-
strated high diagnostic performance for distinguishing glioma from non-
neoplastic brain tissue.

The feasibility of intraoperative Raman-guided tissue identification
was established by Jermyn et al. (2015, 2016, 2017), and subsequently
confirmed in independent cohorts using different acquisition platforms
(Broadbent et al., 2018; Livermore et al., 2020; Ospanov et al., 2023;
Ember et al.,, 2024). These studies indicate that Raman-derived
biochemical fingerprints can reproducibly distinguish tumor from
normal brain across different clinical settings and acquisition strategies.

Unlike conventional imaging modalities, Raman spectroscopy
directly interrogates tissue biochemistry, allowing identification of
molecular alterations associated with glioma without the need for
exogenous contrast agents. Consequently, tissue discrimination
currently represents the most clinically mature application of Raman
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Table 2
Clinical maturity and translational readiness of Raman-based applications in glioma.
Raman-based Main applications Representative diagnostic Advantages Limitations References
approach performance
Conventional Tumor detection; tissue Up to 92% accuracy, 93% Label-free biochemical Weak spontaneous signal; Jermyn et al., 2015;
Raman classification; margin sensitivity, 91% specificity in information; minimal point-based sampling; Jermyn et al., 2016;
spectroscopy assessment intraoperative studies; > 97% preparation; handheld/ acquisition and Broadbent et al., 2018;
accuracy reported ex vivo fiber-optic implementation preprocessing variability Livermore et al., 2020
SERS Tissue discrimination; 96% sensitivity, 100% specificity, High sensitivity; signal Requires substrates/probes; Sun et al., 2019; Yin
metabolic and molecular 97.9% accuracy for glioma amplification; multiplex small cohorts; limited et al., 2025
profiling discrimination; > 94% accuracy biomarker detection external validation
for IDH1 prediction
SRH Histopathological 87.7% diagnostic accuracy in early ~ Rapid histology-like Specialized Straehle et al., 2022;
classification; margin clinical implementation; > 95% imaging; label-free; fresh instrumentation; sampling Reinecke et al., 2024;
assessment; intraoperative balanced accuracy in recent tissue; Al-compatible effects; workflow and Reinecke et al., 2025
digital pathology externally validated classification regulatory requirements
tasks
SRS Chemical imaging; High diagnostic performance Rapid chemical imaging; Complex instrumentation; Lu et al., 2016;
classification; grading across individual studies; estimates  high spatial resolution; heterogeneous protocols; Reinecke et al., 2022
not directly comparable across biochemical and limited multicenter
heterogeneous tasks morphological information validation
Multimodal Tumor detection; margin High performance in individual Complementary Greater technical Galli et al., 2017;
Raman assessment; intraoperative studies, but no representative biochemical and structural complexity; limited Jermyn et al., 2017;
platforms guidance cross-platform estimate information; integrated standardization and cross- Ospanov et al., 2023;

intraoperative assessment platform validation Uckermann et al., 2024

spectroscopy and provides the foundation for many of the more
advanced applications that have subsequently emerged.

Importantly, reported performance reflects heterogeneous analytical
contexts, ranging from point spectra and ex vivo tissue measurements to
handheld intraoperative probes and image-based platforms. These ap-
proaches should not be considered interchangeable, as acquisition ge-
ometry, tissue preparation, analytical unit, and validation design
directly influence both diagnostic performance and clinical
applicability.

3.5.2. Tumor Margin Assessment

Detection of infiltrative tumor beyond the visible surgical margin
represents one of the most clinically relevant applications identified in
this review. Because diffuse infiltration is a defining characteristic of
glioma and a major determinant of recurrence, technologies capable of
identifying residual tumor during surgery could substantially improve
surgical guidance.

Several studies demonstrated that Raman spectroscopy detects
infiltrative disease extending beyond radiological or visual tumor
boundaries. Jermyn et al. (2016) reported detection of invasive tumor
beyond MRI-defined margins, while Desroches et al. (2018) demon-
strated accurate tissue characterization using an optical biopsy needle.
Herta et al. (2022) further showed that Raman spectroscopy identified
infiltrative tumor not consistently detected by 5-ALA fluorescence,
suggesting a complementary role during fluorescence-guided surgery.
Similar observations were reported for SRH-based approaches, which
successfully identified infiltrative tumor during intraoperative assess-
ment (Pekmezci et al., 2021; Reinecke et al., 2024). Uckermann et al.,
2020 demonstrated that combining CARS and two-photon excited
fluorescence imaging with texture-based classification enabled
discrimination between neoplastic and non-neoplastic brain tissue,
achieving 96% sensitivity and 100% specificity in a mixed cohort of
gliomas and brain metastases. Complementing these approaches, Li and
Wang, 2024 developed a sparse spectral unmixing model to estimate
glioma and normal tissue contributions within heterogeneous surgical
margins. The model correctly classified 104 of 112 glioma-positive
margin spectra (92.9%), although this finding does not establish diag-
nostic accuracy across independently validated positive and negative
margins.

The clinical relevance of improved margin detection, however, ex-
tends beyond identifying residual tumor. Extent of resection remains an
important prognostic determinant, but its benefit must be balanced

against neurological risk and interpreted in the context of tumor biology
(Karschnia et al., 2024 ; Mendoza Mireles et al., 2026). Raman-based
margin assessment may therefore be most valuable not for indiscrim-
inately extending resection, but for more precisely defining infiltrative
disease within the limits of maximal safe resection, particularly in
eloquent regions where oncological benefit must be balanced against
preservation of neurological function.

From a workflow perspective, SRH may facilitate iterative margin
assessment during surgery. Rapid analysis and sequential sampling can
provide intraoperative feedback on residual tumor-cell density at
resection margins while substantially reducing diagnostic turnaround
compared with conventional frozen sections (Faraj et al., 2026).

Although these findings are encouraging, relatively few studies
evaluated clinically meaningful endpoints such as extent of resection,
progression-free survival, or overall survival. Consequently, margin
assessment should currently be considered a promising but still evolving
clinical application requiring prospective outcome-driven validation.

3.5.3. Histopathological Classification and Glioma Grading

Beyond binary tissue discrimination, Raman spectroscopy has
increasingly been investigated for histopathological classification and
glioma grading. Several studies demonstrated discrimination between
low-grade and high-grade gliomas as well as classification of histological
subtypes (Stables et al., 2016; Zhang et al., 2023; Li et al., 2025;
Reinecke et al., 2024).

The introduction of SRH and SRS substantially expanded these ca-
pabilities by combining label-free virtual histology with artificial intel-
ligence, enabling simultaneous preservation of tissue architecture and
automated image interpretation (Reinecke et al., 2024; Reinecke et al.,
2025). These developments increasingly position Raman imaging as a
rapid adjunct to conventional neuropathology.

However, morphology-based grading alone has diminishing diag-
nostic autonomy within contemporary WHO classification, in which
histological findings are integrated with molecular alterations. The
translational value of Raman-based grading will therefore increasingly
depend on whether rapid optical classification can complement, rather
than merely reproduce, conventional histopathology.

Nevertheless, grading represents a substantially more complex
diagnostic task than tumor-versus-normal discrimination. Performance
remains more dependent on cohort composition, histological diversity,
and validation strategy, indicating that additional multicenter valida-
tion is required before routine implementation.
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3.5.4. Molecular Characterization

Molecular characterization represents one of the fastest developing
areas of Raman research in glioma. As the WHO classification increas-
ingly relies on integrated molecular diagnostics, several groups have
investigated whether Raman-derived biochemical signatures can predict
clinically relevant molecular alterations.

Early work demonstrated discrimination of IDH-mutant gliomas
(Uckermann et al., 2018), while subsequent studies confirmed the
feasibility of machine-learning-assisted prediction of IDH status
(Livermore et al., 2019; Sciortino et al., 2021; Liu et al., 2024; Yin et al.,
2025). More recent investigations extended these applications to DNA
methylation subclasses (Lita et al., 2024) and multiple WHO-integrated
biomarkers, including 1p/19q codeletion, MGMT promoter methyl-
ation, TERT promoter mutation, EGFR alterations, chromosome 7/10
signatures, and CDKN2A/B deletion (Liu et al., 2024). Complementary
SERS-based approaches further demonstrated rapid intraoperative pre-
diction of IDH1 mutation through metabolic profiling (Yin et al., 2025).

The potential clinical value differs fundamentally from conventional
tissue classification: rapid prediction of IDH, 1p/19q, MGMT, or other
molecular features could provide information before completion of
standard molecular testing and potentially during surgery itself. How-
ever, Raman-derived predictions represent surrogate biochemical sig-
natures rather than direct measurements of the underlying genomic
alteration and therefore require validation against standardized molec-
ular reference methods in independent cohorts.

More broadly, intraoperative molecular characterization could shift
surgical guidance from purely anatomical toward biologically informed
tumor boundaries. Because the benefit of more extensive resection may
vary with molecular and clinical characteristics, rapid molecular infor-
mation could ultimately contribute to individualized surgical strategies
based on tumor biology and patient-specific risk (Hou et al., 2025 ;
Kueckelhaus et al., 2026). This potential link between Raman-based
molecular prediction and precision glioma surgery remains compelling
but has not yet been demonstrated in prospective outcome-driven
studies.

Despite these advances, molecular characterization remains an
emerging application. Most studies were retrospective, involved rela-
tively small cohorts, and lacked independent external validation.
Accordingly, current evidence primarily supports proof-of-concept
rather than immediate clinical implementation.

3.5.5. Intraoperative Decision Support and Digital Pathology

Among all applications identified in this review, intraoperative de-
cision support demonstrates the greatest degree of translational matu-
rity. The development of SRH and SRS transformed Raman spectroscopy
from a point-based analytical technique into a digital pathology plat-
form capable of generating histology-like images within minutes,
without staining or conventional tissue processing.

Following the initial demonstration by Lu et al. (2016), successive
studies progressively incorporated deep-learning algorithms into SRH
workflows, achieving rapid intraoperative classification while main-
taining high agreement with conventional neuropathology (Straehle
et al., 2022; Reinecke et al., 2022; Reinecke et al., 2024; Reinecke
et al., 2025). These systems illustrate the convergence of optical imag-
ing, computational pathology, and artificial intelligence toward
real-time surgical decision support.

However, successful clinical implementation will ultimately depend
not only on diagnostic accuracy but also on workflow integration,
acquisition speed, regulatory approval, operator training, and prospec-
tive multicenter validation. These factors currently represent the prin-
cipal barriers to widespread adoption despite the encouraging
diagnostic performance reported to date.

The principal advantage of these platforms is therefore not simply
automated image classification, but compression of the diagnostic
workflow: optical acquisition, image generation, and computational
interpretation can occur directly from fresh tissue without fixation,
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sectioning, staining, and digitization. Their clinical value should
consequently be assessed in terms of diagnostic turnaround time and
impact on intraoperative decisions, in addition to conventional accuracy
metrics.

Accordingly, Raman-based technologies are unlikely to replace
established intraoperative modalities, but may function most effectively
within multimodal workflows integrating anatomical, functional, opti-
cal, and molecular information. Emerging combinations of Raman,
fluorescence, and Al-based interpretation may ultimately provide uni-
fied intraoperative decision support rather than parallel, modality-
specific outputs (Faraj et al., 2026).

To facilitate comparison across Raman-based diagnostic approaches,
their principal clinical applications, representative diagnostic perfor-
mance, main advantages and limitations, and current translational
maturity are summarized in Table 2.

Overall, the available evidence demonstrates that Raman spectros-
copy has evolved into a versatile diagnostic platform addressing multi-
ple clinically relevant questions in glioma management. While tissue
discrimination currently represents the most mature application, rapid
progress is being made toward intraoperative digital pathology and
molecular characterization. At the same time, the degree of clinical
readiness differs substantially across applications (Table 2), empha-
sizing that the translational value of Raman spectroscopy should be
interpreted according to the specific clinical question rather than as a
single, uniform diagnostic technology.

3.6. Machine Learning and Validation Maturity

The rapid development of Raman-based glioma diagnostics has been
paralleled by major advances in computational analysis. Across the
included studies, analytical approaches evolved from conventional
multivariate statistics toward increasingly sophisticated machine-
learning and deep-learning models. Although this evolution has sub-
stantially improved diagnostic performance, it has also increased the
importance of robust validation, reproducibility, and model
generalizability.

3.6.1. Evolution of Bioinformatic Approaches

Analytical methods evolved from conventional statistical techniques,
including principal component analysis (PCA), linear discriminant
analysis (LDA), quadratic discriminant analysis (QDA), clustering
methods, and logistic regression (Kast et al., 2015; Jermyn et al., 2015;
Stables et al., 2016; Uckermann et al., 2018), toward machine-learning
approaches such as support vector machines, random forests, ensemble
learning, and gradient boosting (Livermore et al., 2020; Livermore et al.,
2019; Sciortino et al., 2021; Riva et al., 2021). Li et al., 2023 applied an
entropy-weighted fuzzy-rough nearest-neighbor (EFRNN) algorithm to
Raman peak characteristics, including position, intensity, and
half-width, achieving 86.99% accuracy, 87.21% sensitivity, and 86.49%
specificity in distinguishing glioma from normal brain tissue. More
specifically, Li et al., 2025 combined Raman peak-ratio feature
enhancement with adaptive stacking ensemble learning to distinguish
normal brain tissue, low-grade gliomas, and high-grade gliomas,
reporting an overall classification accuracy of 82.1%. An early appli-
cation of artificial neural networks was reported by Jermyn et al., 2016,
who demonstrated improved robustness to operating-room light arti-
facts during in vivo Raman-based brain cancer classification, achieving
90% accuracy compared with 71% for boosted trees when
artifact-affected measurements were included. More recent studies
increasingly adopted deep-learning architectures, including convolu-
tional neural networks, ResNet variants, transformer-based models,
DBCNet, SRH-specific classifiers, and multimodal AI frameworks
(Reinecke et al., 2022; Liu et al., 2024; Reinecke et al., 2024; Li et al.,
2025; He et al., 2025; Yin et al., 2025). Li and Chen, 2025 further
demonstrated the potential of combining deep-learning-based spectral
feature extraction with ensemble classification, integrating Raman and
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fluorescence information derived from a miniature Raman spectrom-
eter. Their approach achieved 91.9% accuracy, 96.7% sensitivity, and
80.8% specificity in distinguishing glioma from normal brain tissue.

3.6.2. Validation remains the principal limitation

Despite increasing algorithmic complexity, internal validation pre-
dominated across the literature, including leave-one-out, leave-one-pa-
tient-out, k-fold cross-validation, bootstrap resampling, and internal
train-test splits. Validation strategies varied substantially, and pre-
processing, feature selection, and model optimization were frequently
performed within the same datasets used for model development,
increasing the potential for overfitting. Consistent with these observa-
tions, QUADAS-2 identified the index-test domain as the principal
source of methodological concern.

3.6.3. Analytical level influences reported performance

A major source of variability concerned the analytical unit used for
model evaluation. While some studies reported patient-level perfor-
mance, many assessed individual spectra, pixels, or image patches
generated from relatively small patient cohorts (Livermore et al., 2019;
Sciortino et al., 2021; Zhang et al., 2023; Reinecke et al., 2022; Reinecke
et al., 2024; Reinecke et al., 2025).

Although spectrum- and patch-level analyses are appropriate for
algorithm development, observations originating from the same patient
are not statistically independent. Consequently, exceptionally high
diagnostic performance reported at the spectrum or image level should
not be considered directly equivalent to patient-level clinical perfor-
mance. This distinction is essential when comparing studies and
assessing their translational relevance.

3.6.4. Methodological Risks and Best Practices for Machine-Learning
Validation

Machine-learning validation introduces specific sources of bias in
Raman diagnostic studies because multiple spectra, pixels, or image
patches are frequently derived from the same patient or specimen.
Random measurement-level splitting can therefore place correlated
observations in both training and test sets, causing data leakage and
potentially inflating diagnostic performance. Partitioning should instead
occur at the highest biologically independent level, with all measure-
ments from the same patient or specimen retained within a single
partition (Bradshaw et al., 2023; Fu et al., 2025). This distinction is
clinically relevant, as per-spectrum analyses remain predominant in
Raman-AI studies and show substantially greater between-study het-
erogeneity than per-patient estimates (Halimi et al., 2026).

Class imbalance represents an additional source of bias, particularly
in small datasets, where aggregate accuracy may conceal poor
discrimination of underrepresented diagnostic or molecular subgroups
(Leng et al., 2024). Stratified patient-level or group-aware cross--
validation can reduce sampling bias while preserving biological inde-
pendence; preprocessing, feature selection, and hyperparameter
optimization should remain confined to the training/validation work-
flow, leaving the test set untouched until final evaluation (Bradshaw
et al., 2023; Lilek et al., 2025). Performance should consequently be
reported using class-specific metrics alongside aggregate measures.

Patient-level independence, however, does not establish trans-
portability across clinical settings. Validation within a single data source
may remain optimistic when models encounter shifts in patient pop-
ulations, instruments, acquisition protocols, or institutions. Source-level
or internal-external validation can more directly assess robustness to
such heterogeneity, followed ultimately by genuinely independent,
preferably prospective multicenter validation (Leinonen et al., 2024;
Efthimiou et al., 2024). External evaluation should assess not only
discrimination but also calibration and, where appropriate, clinical
utility before claims of generalizability are made (Santos and
Amorim-Lopes, 2025).

Finally, reproducibility requires

transparent reporting of
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instrumentation, acquisition parameters, preprocessing, dataset parti-
tioning, model development, and the composition and respective roles
of training, validation, test, and external datasets, consistent with
STARD-AI recommendations (Sounderajah et al., 2025). Together, these
safeguards are essential to distinguish high internal classification per-
formance from evidence of clinically transferable Raman-ML models.

3.6.5. External Validation and clinical translation

Independent external validation remains uncommon. Most studies
were developed and tested within single institutions using individual
acquisition platforms and relatively homogeneous patient populations.
Given that Raman spectra are influenced by instrumentation, acquisi-
tion protocols, tissue preparation, and patient characteristics, the
generalizability of these models remains uncertain.

Only a limited number of studies incorporated independent testing
cohorts or multicenter validation. Among these, the work of Reinecke
et al. (2025) represents one of the most mature validation frameworks
currently available, demonstrating robust performance across external
cohorts. Similarly, recent prospective intraoperative studies further
illustrate the transition from proof-of-concept algorithms toward clini-
cally deployable Raman-based diagnostic systems (Ember et al., 2024).

Overall, the literature demonstrates rapid progress in machine-
learning-assisted Raman diagnostics, but validation frameworks have
evolved more slowly than analytical methodologies. Future studies
should prioritize patient-level evaluation, standardized validation pro-
tocols, transparent reporting, and multicenter external validation to
establish the reproducibility required for routine clinical
implementation.

3.7. Risk of bias assessment

The methodological quality of the included studies was assessed
using the QUADAS-2 tool across four domains: patient selection, index
test, reference standard, and flow and timing (Fig. 2). Overall, the evi-
dence base showed moderate methodological quality. Methodological
concerns were concentrated in the patient-selection and index-test do-
mains, whereas the reference-standard and flow-and-timing domains
generally demonstrated a lower risk of bias.

3.7.1. Overall risk-of-bias profile

The distribution of QUADAS-2 judgments is presented in Fig. 2. Most
studies were judged as having either low risk of bias or some concerns
across individual domains, although the overall risk of bias remained
moderate because relatively few investigations fulfilled all methodo-
logical quality criteria. More recent studies, particularly those evalu-
ating SRH-based platforms, generally demonstrated more rigorous study
design and validation procedures than earlier proof-of-concept
investigations.

3.7.2. Patient selection

The patient-selection domain represented one of the principal sour-
ces of methodological concern. Many studies were based on relatively
small, single-center cohorts and retrospective recruitment, while eligi-
bility criteria and sampling procedures were not always fully described.
In addition, substantial variability in tumor subtype, grade, recurrence
status, and control populations limited comparability across studies and
may have influenced reported diagnostic performance.

3.7.3. Index test domain

The index-test domain showed the highest frequency of high-risk or
unclear judgments. This primarily reflected heterogeneity in spectral
preprocessing, feature selection, machine-learning implementation, and
validation methodology. Several studies optimized analytical pipelines
using the same datasets employed for model development, increasing
the potential for overfitting and optimistic performance estimates. The
predominance of internal validation and the limited availability of
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Fig. 2. Summary QUADAS-2 risk-of-bias assessment of included studies. Bars indicate the percentage of studies rated as low risk of bias (green), some concerns
(yellow), or high risk of bias (red) across the four QUADAS-2 domains and the overall risk-of-bias judgment. The highest frequency of methodological concerns was

observed in the patient-selection and index-test domains.

independent external cohorts further reduced confidence in the gener-
alizability of published models.

3.7.4. Reference standard and flow-and-timing

In contrast, the reference-standard domain demonstrated consis-
tently favorable assessments. Histopathological examination served as
the reference standard in nearly all studies, frequently complemented by
molecular characterization according to contemporary WHO classifica-
tion criteria. Similarly, the flow-and-timing domain generally showed
low risk of bias because Raman measurements were typically performed
on tissue that subsequently underwent histopathological evaluation.

These favorable QUADAS-2 judgments should nevertheless be
interpreted cautiously. Histopathology remains the appropriate clinical
reference standard but is not an error-free ground truth for highly
spatially resolved Raman measurements. At infiltrative margins, low
and heterogeneous tumor-cell density increases susceptibility to sam-
pling error, while histopathological interpretation may itself show
observer-dependent variability. Pekmezci et al. (2021), for example,
reported only moderate interobserver agreement for H&E-based
assessment of glioma margins, with greater agreement for immunohis-
tochemistry, and used consensus scoring to reduce individual interpre-
tative bias. More broadly, biopsies obtained from glioma infiltration
zones may contain mixtures of tumor and non-neoplastic tissue, making
the assigned pathological label dependent on the precise region exam-
ined. This is particularly relevant because misclassified Raman biopsies
have been shown to encompass such heterogeneous infiltration borders
(Galli et al., 2019).

The degree of spatial correspondence between the Raman measure-
ment and the reference specimen is therefore critical, as even small
sampling offsets may result in the index test and histopathology inter-
rogating biologically different tissue. This limitation varies substantially
across study designs. Reinecke et al. (2024), for example, acknowledged
that differences between specimens used for Raman-based assessment
and pathological review could contribute to discordant classifications
through tissue heterogeneity and sampling effects. Conversely, some
prospective studies implemented rigorous site-matched validation:
Herta et al. (2022) obtained biopsies immediately after Raman inter-
rogation from the same neuronavigation-defined location, with blinded
neuropathological assessment, while Ember et al. (2024) paired 976 in
situ measurements with colocalized tissue specimens and histopatho-
logical estimates of tumor-cell burden. Such designs substantially
reduce, but cannot completely eliminate, reference-standard uncer-
tainty arising from microscopic heterogeneity.

An additional consideration applies to molecular classification. Mo-
lecular labels established at the patient or specimen level may not
necessarily represent the precise tissue volume interrogated spectro-
scopically when molecular testing and Raman acquisition are performed
on adjacent or otherwise non-identical samples. For example,
Uckermann et al., 2018 determined IDH1 status by DNA sequencing at
the specimen level, whereas Raman spectra were acquired from selected

tumor regions guided by histological assessment of an adjacent section.
Given the intratumoral heterogeneity of gliomas, this distinction is
important when evaluating Raman-based prediction of molecular sub-
types and biomarkers.

Overall, the QUADAS-2 assessment indicates that study design and
analytical methodology remain major sources of bias in the current
literature. However, favorable reference-standard ratings should not be
interpreted as evidence of uniformly error-free diagnostic verification,
particularly at infiltrative margins or in molecular-classification studies.
Histopathological sampling, observer variability, spatial correspon-
dence between index and reference tests, and site-level molecular veri-
fication should therefore be considered alongside cohort selection,
prospective study design, standardized analytical pipelines, and inde-
pendent multicenter validation when interpreting the reported diag-
nostic performance.

3.8. Translational readiness and strength of evidence

Overall, the available literature indicates that Raman-based tech-
nologies have progressed beyond exploratory proof-of-concept studies
and now demonstrate reproducible diagnostic performance across
several clinically relevant applications. However, translational readi-
ness differs substantially according to the intended clinical application,
the maturity of validation strategies, and the quality of the supporting
evidence.

3.8.1. Applications Supported by the Strongest Evidence

The strongest evidence currently supports tumor detection, tissue
discrimination, and intraoperative tissue characterization. These appli-
cations have been evaluated across multiple Raman modalities, inde-
pendent research groups, and different clinical settings, consistently
demonstrating accurate differentiation between glioma and non-
neoplastic brain tissue (Jermyn et al., 2015; Broadbent et al., 2018;
Livermore et al., 2020; Ember et al., 2024). Similarly, SRH- and
SRS-based platforms have shown increasing potential for rapid intra-
operative diagnosis and digital pathology, with recent studies demon-
strating  diagnostic ~ performance  approaching conventional
neuropathological assessment (Lu et al., 2016; Straehle et al., 2022;
Reinecke et al., 2024).

Tumor margin assessment also represents a promising translational
application. Several studies reported improved detection of infiltrative
tumor beyond radiological or fluorescence-defined margins, although
evidence linking these findings to improved surgical or survival out-
comes remains limited (Jermyn et al., 2016; Herta et al., 2022; Pekmezci
et al., 2021; Reinecke et al., 2024).

3.8.2. Emerging Applications

Molecular characterization and Al-assisted precision neuro-oncology
represent rapidly expanding areas of research. Recent studies demon-
strated encouraging results for predicting IDH status, DNA methylation
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subtypes, and other WHO-integrated molecular biomarkers directly
from Raman-derived data (Livermore et al., 2019; Lita et al., 2024; Liu
et al., 2024; Yin et al., 2025). These findings suggest that Raman spec-
troscopy may evolve from a tissue-identification technique toward a
platform supporting integrated molecular diagnostics.

Nevertheless, evidence supporting these applications remains less
mature than that available for tissue discrimination. Most studies were
retrospective, included relatively small cohorts, and lacked independent
external validation, indicating that these applications should currently
be regarded as promising rather than clinically established.

3.8.3. Remaining barriers to clinical implementation

Across the included studies, the principal barriers to clinical trans-
lation were methodological rather than technological. Considerable
variability in acquisition protocols, analytical pipelines, validation
strategies, and outcome reporting limited direct comparison between
studies. Furthermore, most investigations relied on internal validation,
whereas external multicenter validation remained uncommon.

Additional challenges include the predominance of spectrum- or
image-level analyses over patient-level evaluation, together with limited
evidence regarding workflow integration, regulatory implementation,
and clinical effectiveness in routine neurosurgical practice.

3.8.4. Overall Strength of Evidence

Taken together, the current evidence consistently supports the
diagnostic potential of Raman-based technologies for glioma, particu-
larly for tissue discrimination and intraoperative assessment. In
contrast, applications involving molecular characterization and preci-
sion neuro-oncology remain supported primarily by early translational
studies.

Overall, the principal limitation of the current evidence is not the
absence of diagnostic capability, but the limited availability of stan-
dardized prospective studies with independent multicenter validation.
Future progress will therefore depend on harmonized acquisition pro-
tocols, patient-level validation, transparent reporting, and prospective
clinical evaluation to establish the reproducibility and clinical utility
required for routine implementation.

4. Discussion
4.1. Biological rationale and principal findings

This systematic review synthesized evidence from 46 studies evalu-
ating conventional Raman spectroscopy, surface-enhanced Raman
spectroscopy (SERS), stimulated Raman histology (SRH), stimulated
Raman scattering (SRS), and multimodal Raman platforms for glioma
diagnosis.

A distinctive contribution of the present review is therefore the
evaluation of Raman-based glioma diagnostics not solely according to
reported diagnostic accuracy, but across the broader pathway from
analytical performance to validation maturity and clinical translation.
By integrating clinical application, methodological quality, analytical
unit, validation strategy, and translational readiness, our synthesis
identifies where apparently strong diagnostic evidence is supported by
clinically robust validation and where important evidence gaps remain.

The evidence shows that Raman-based technologies have progressed
beyond experimental spectroscopic discrimination toward clinically
oriented applications encompassing intraoperative tissue characteriza-
tion, histopathological assessment, tumor-margin delineation, molecu-
lar stratification, and precision neuro-oncology.

A principal finding is that high discriminatory performance has been
demonstrated across multiple Raman modalities, whereas evidence of
clinical generalizability remains substantially less mature. This distinc-
tion is important: strong performance across technically diverse plat-
forms supports the presence of robust biochemical differences between
glioma and non-neoplastic tissue, but does not by itself establish
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transportability across patients, institutions, instruments, or clinical
workflows. Recent meta-analyses similarly reported high pooled diag-
nostic performance for glioma-normal tissue discrimination while
identifying substantial between-study heterogeneity and a persistent
need for in vivo and clinically representative validation (Krzeminska
et al.,, 2025; Trevisi et al., 2025). Particularly important sources of
variability include tissue and control definitions, acquisition conditions,
spectral preprocessing, machine-learning pipelines, validation strate-
gies, and outcome reporting. Thus, the central translational challenge is
increasingly the conversion of analytical discrimination into reproduc-
ible patient-level clinical performance.

The biological basis for this discrimination is compelling. Unlike
conventional neuroimaging, Raman spectroscopy interrogates the mo-
lecular composition of tissue directly, capturing differences in lipids,
proteins, nucleic acids and other biochemical constituents that accom-
pany malignant transformation and remodeling of the tumor microen-
vironment. Multiple studies included in this review identified
diagnostically informative spectral alterations within these biochemical
domains (Uckermann et al., 2018; Livermore et al., 2019; Sciortino
et al., 2021; Liu et al., 2023; Yin et al.,, 2025). Notably, Ge et al.
(2025) linked Raman signatures across biomarker, cellular, and tissue
levels, showing that glioma-associated tissue spectra reflected alter-
ations in lipid-related components and RNA and shared spectral features
with GABA and MMP-2. These observations are biologically consistent
with the extensive metabolic reprogramming characteristic of glioma,
which contributes not only to tumor growth but also to adaptation, in-
vasion and therapeutic resistance (Abdul Rashid et al., 2022; Tu et al.,
2026). Raman classification therefore has a plausible mechanistic sub-
strate rather than relying solely on statistically separable spectral
patterns.

The transition toward molecularly integrated glioma classification
further expands this rationale. Alterations such as IDH mutations pro-
duce profound metabolic consequences and associated biochemical
phenotypes that can be interrogated spectroscopically (Liu et al., 2023;
Nassiri et al., 2024; Wang et al., 2025). At the same time, diffuse glioma
infiltration creates a spatial continuum between tumor core, infiltrative
margin and apparently non-neoplastic brain rather than a sharply
defined biological boundary (Doroszko et al., 2025; Prathaban et al.,
2023). This provides a mechanistic explanation for the encouraging
performance reported for both molecular biomarker prediction and
detection of infiltrative tumor beyond conventional macroscopic
boundaries (Jermyn et al., 2016; Broadbent et al., 2018; Uckermann
et al., 2018; Livermore et al., 2019; Pekmezci et al., 2021; Sciortino
et al., 2021; Herta et al., 2022; Liu et al., 2024; Reinecke et al., 2024;
Yin et al., 2025).

These findings place Raman-based technologies within the broader
transition from precision medicine to precision neuro-oncology. Preci-
sion neuro-oncology applies patient-specific diagnostic and therapeutic
principles to central nervous system tumors by integrating histopatho-
logical, molecular, imaging, and clinical information. This paradigm is
particularly relevant to glioma, where molecular alterations increas-
ingly define tumor entities and influence prognostic and therapeutic
stratification (Komori et al., 2022; Sledziriska et al., 2022; Massaad
et al., 2022; Wang et al., 2023). Within this context, the contribution
of Raman spectroscopy extends beyond tissue discrimination: the
included studies demonstrate its potential to characterize infiltrative
tumor, predict clinically relevant molecular features, and provide
biochemical information during surgery (Jermyn et al., 2016; Herta
et al., 2022; Lita et al., 2024; Liu et al., 2024; Reinecke et al., 2024).
This potential also extends to patient-specific biochemical phenotyping,
as machine-learning-assisted Raman spectroscopy has discriminated
glioma grades across tissue and serum while capturing
glycosylation-related spectral changes and differences associated with
IDH1 status (Quesnel et al., 2023).

Rather than replacing histopathology, molecular testing, or neuro-
imaging, Raman-based technologies may therefore serve as a
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complementary source of real-time tissue information within multi-
modal precision-neuro-oncology workflows, as conceptually summa-
rized in Fig. 3.

Importantly, these applications should not be considered equally
mature. Ex vivo tissue discrimination and intraoperative tissue charac-
terization currently have the strongest translational foundation,
whereas molecular classification and biomarker prediction remain
supported predominantly by retrospective or single-center datasets with
comparatively limited independent validation. Margin assessment oc-
cupies an intermediate and particularly promising position because
Raman spectroscopy may complement rather than replace established
intraoperative guidance. This application is clinically relevant because
residual infiltrative disease beyond contrast-enhancing boundaries may
influence outcome; maximal resection of both contrast-enhancing and
non-contrast-enhancing tumor has been associated with improved sur-
vival in molecularly characterized glioblastoma cohorts, a relationship
further supported by recent meta-analytic evidence (Molinaro et al.,
2020; Geens et al., 2025). Other optical approaches, including OCT,
are likewise being investigated for intraoperative delineation of glioma
margins, with  volumetric = OCT recently  demonstrating
three-dimensional visualization of peripheral and depth margins in a
preclinical glioma model (Park et al., 2024). Supporting the feasibility of
Raman-based margin assessment, Romanishkin et al. (2022) demon-
strated that spontaneous Raman spectroscopy combined with dimen-
sionality reduction and machine learning could discriminate malignant
tissue encompassing the tumor center and infiltrative edge from
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normal-appearing brain based on biochemical spectral differences.
Daoust et al. (2025) subsequently developed a large-field-of-view
Raman imaging system that generated spatial cancer-likelihood maps
from freshly resected glioblastoma specimens using a machine-learning
model trained on in vivo Raman spectra. The underlying model achieved
90% sensitivity and 95% specificity, while specimen-level Raman maps
showed spatial agreement with histopathological assessment, including
heterogeneous tissue from the tumor periphery. Recent
machine-learning-enabled Raman approaches have also been used to
refine fluorescence-defined glioblastoma boundaries, illustrating the
potential value of biochemical information in regions where conven-
tional optical guidance becomes uncertain (Han et al., 2026). Such
multimodal integration may represent a more realistic translational
pathway than positioning Raman spectroscopy as a standalone diag-
nostic technology.

Accordingly, further increases in internally measured accuracy alone
are unlikely to resolve the major barriers to clinical translation. The field
now requires rigorous patient-level evaluation, prevention of data
leakage between training and test sets, prospective and external multi-
center validation, standardized acquisition and preprocessing pipelines,
transparent reporting of machine-learning development, and assessment
under the conditions in which the technology is intended to operate.
Analytical performance, clinical validity and clinical utility should
therefore be treated as distinct stages of evidence generation. A model
that accurately separates spectra within a curated dataset is not neces-
sarily capable of maintaining performance across instruments, centers,
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tumor subtypes or real-time surgical conditions. These priorities un-
derpin the translational roadmap summarized in Table 3.

4.2. From Intraoperative Raman Imaging to AI-Assisted Molecular
Diagnostics

The principal clinical value of Raman spectroscopy lies in its po-
tential to provide molecular information during surgery, addressing a
persistent challenge in glioma management: distinguishing infiltrative

Table 3

Translational roadmap for implementing Raman-based diagnostics in precision

neuro-oncology.

Current challenge

Why it matters

Priority for
future research

Expected
contribution to
precision neuro-

oncology
Lack of Reduces Develop Harmonized
standardized reproducibility international multicenter
Raman and limits consensus datasets and
acquisition and comparison protocols for reproducible
preprocessing across institutions acquisition, diagnostic
protocols preprocessing, performance

quality control,
and reporting

Predominance of Limits Conduct Higher-level
retrospective, generalizability prospective clinical evidence
single-center and evidence multicenter supporting
studies quality clinical validation  routine

studies with implementation
standardized
protocols

Limited High reported Validate Robust, clinically
independent accuracy may not  algorithms using generalizable
external translate across geographically diagnostic models
validation institutions or and technically

patient independent
populations cohorts

Reliance on May overestimate  Prioritize patient- More reliable
spectrum-, real-world level analyses and  estimates of
pixel-, or patch-  diagnostic clinically clinical utility and
level analyses performance meaningful diagnostic

outcome measures  effectiveness

Incomplete Contemporary Integrate Raman Rapid
integration with ~ glioma spectroscopy with  intraoperative
molecular classification genomic, molecular
diagnostics increasingly epigenomic, stratification

depends on WHO-  methylation, and supporting
integrated digital pathology precision neuro-
molecular workflows oncology
biomarkers

Limited Restricts clinician ~ Develop Greater clinician
explainability confidence and explainable, trust, regulatory
and uncertainty ~ regulatory uncertainty- readiness, and
estimation in AI  acceptance aware, and safer clinical
models clinically deployment

interpretable Al
frameworks

Workflow High diagnostic Assess workflow Successful
integration and accuracy alone is efficiency, incorporation into
regulatory insufficient for turnaround time, routine
implementation routine adoption cost-effectiveness, neurosurgical and
remain regulatory neuropathology
insufficiently compliance, and practice
evaluated implementation

feasibility

Limited Individual Develop Comprehensive
multimodal modalities multimodal intraoperative
integration provide platforms decision support

complementary combining Raman  enabling
but incomplete spectroscopy with precision surgical
biological MRI, fluorescence oncology
information guidance, digital

pathology, and

molecular

profiling
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tumor from functionally preserved brain while maximizing safe resec-
tion. Contemporary neurosurgery increasingly integrates neuro-
navigation, intraoperative MRI, ultrasound and fluorescence-guided
surgery, yet these approaches primarily provide anatomical or indirect
biological information and remain imperfect for detecting diffuse infil-
tration beyond radiologically or visually defined tumor boundaries
(Bonosi et al., 2023; Sulangi et al., 2024; Perera Valdivia et al., 2024).
Navigation accuracy is further compromised by intraoperative brain
shift, progressively weakening the correspondence between preopera-
tive imaging and the evolving surgical field (Mazzucchi et al., 2022; Rai
et al., 2025).

By interrogating intrinsic tissue biochemistry rather than
morphology alone, Raman spectroscopy can provide complementary
information on tumor infiltration. For example, Bury and collaborators
(Bury et al., 2020) demonstrated 94% accuracy and 98.8% sensitivity for
Raman-based discrimination of fresh-frozen tumor from non-tumor
brain tissue, although specificity was substantially lower and classifi-
cation performance decreased when individual tumor types were
distinguished. Multiple studies have demonstrated discrimination be-
tween tumor and non-tumor tissue together with assessment of cellu-
larity, infiltration and molecular composition (Jermyn et al., 2015;
Jermyn et al., 2016; Broadbent et al., 2018; Livermore et al., 2020;
Pekmezci et al., 2021; Herta et al., 2022). Importantly, the emerging
clinical paradigm is one of complementarity rather than replacement.
Raman spectroscopy may increase sensitivity to infiltrative disease
where conventional visual or fluorescence boundaries become uncer-
tain, whereas established modalities can provide rapid macroscopic
localization or greater specificity within the tumor core (Herta et al.,
2022; Livermore et al., 2020). Han et al. (2026) extended this princi-
ple by integrating  wide-field ICG  fluorescence  with
machine-learning-assisted Raman spectroscopy in a “search--
and-confirm” workflow, coupling rapid lesion localization with molec-
ular interrogation of suspicious tissue. Such workflows may be more
clinically realistic than expecting a single optical modality to satisfy
localization, margin assessment and molecular characterization
simultaneously.

Stimulated Raman histology (SRH) extends this concept from point-
based molecular interrogation to rapid digital tissue assessment,
generating histology-like images from fresh specimens and thereby
linking vibrational spectroscopy with computational neuropathology
(Lu et al., 2016; Straehle et al., 2022; Reinecke et al., 2022; Reinecke
et al., 2024; Reinecke et al., 2025). However, morphological equiva-
lence should not be assumed. Recent comparative evidence indicates
that stimulated Raman approaches can reproduce several diagnostically
relevant glioblastoma features, while conventional H&E remains supe-
rior for selected WHO-defining morphological criteria (Sipp! et al.,
2026). SRH should therefore currently be viewed as an intraoperative
complement to, rather than a substitute for, conventional
neuropathology.

The added value of combining Raman imaging with Al, rather than
applying Al solely to conventional digital pathology, lies primarily in the
nature and timing of the information available for computational anal-
ysis. Conventional digital pathology predominantly derives predictive
information from tissue morphology after histological processing and
staining, whereas Raman-based imaging exploits intrinsic vibrational
contrast and can retain biochemical information from lipids, proteins,
nucleic acids, and other tissue constituents while preserving spatial ar-
chitecture (Lu et al., 2016; Lita et al., 2024). Recent multimodal Al
approaches have substantially expanded the information obtainable
from conventional histology; for example, virtual spatial proteomic
profiles can now be inferred from routine H&E images, illustrating the
increasing molecular reach of computational pathology (Valanarasu
et al., 2026). However, such molecular information is computationally
inferred from morphological patterns, whereas Raman spectroscopy
directly interrogates tissue-associated vibrational signatures. In SRH
workflows, this information can be acquired directly from fresh,
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unprocessed tissue and converted into histology-like images suitable for
automated interpretation within minutes, avoiding the fixation,
sectioning, and staining steps required by conventional pathology
(Reinecke et al., 2022; Reinecke et al., 2024). Importantly, Al can
exploit these Raman-derived biochemical signatures not only for
morphological classification but also for prediction of molecularly
relevant features, including IDH status and other WHO-integrated bio-
markers (Lita et al., 2024; Liu et al., 2024). The potential advantage is
therefore not that Raman-Al is intrinsically superior to digital patho-
logy—Al, but that it can add biochemical and molecularly informative
contrast to rapid intraoperative tissue assessment. The two approaches
should consequently be regarded as complementary, with conventional
digital pathology retaining greater morphological familiarity and
established diagnostic infrastructure, while Raman-AlI offers a route
toward rapid, label-free biochemical and molecular decision support.
This computational layer extends Raman analysis beyond tumor
classification toward clinically relevant molecular and phenotypic
characterization. Machine-learning approaches have been applied to
features including IDH status, DNA methylation subtypes and integrated
tumor classification (Kast et al., 2015; Sciortino et al., 2021; Liu et al.,
2024; Lita et al., 2024; Yin et al., 2025; Reinecke et al., 2024). Recent
proof-of-concept evidence further suggests that Raman—Al may capture
biologically distinct tumor phenotypes beyond established molecular
classes. Wurm et al. (2026) combined confocal Raman spectroscopy
with deep learning to distinguish the pediatric SF188 glioblastoma
phenotype from adult-derived GBM cell lines, achieving 83.6% accuracy
and an AUC of 0.855 while identifying differences across lipid-, protein-
and nucleic-acid-associated spectral features. However, because the
pediatric group was represented by a single cell line, these findings
primarily demonstrate phenotype-level feasibility rather than general-
izable pediatric-adult classification. More recent SRH studies extend
this trajectory towards rapid quantification of glioma infiltration using
multicenter foundation models and automated differential diagnosis
between glioblastoma and CNS lymphoma (Kondepudi et al., 2025;
Scheffler et al., 2025). Preliminary results from the SIGNAL framework
further suggest that Al-assisted SRH could infer multiple molecular
features, including IDH, 1p/19q and ATRX status, alongside integrated
glioma classification (Goff et al., 2026). The potential clinical value is
therefore not merely faster image classification, but compression of
morphological and molecular information into the intraoperative time
window. Nevertheless, molecular predictions remain inferential and
require prospective validation against reference-standard molecular
testing before they can meaningfully influence treatment decisions.
This distinction exposes an important evidence gap. Increasing
algorithmic complexity and internally measured accuracy should not be
conflated with increasing clinical maturity. Many studies remain retro-
spective and depend on spectrum-, pixel- or patch-level analyses and
predominantly internal validation, creating potential dependence be-
tween training and test observations and limiting assessment of per-
formance in genuinely unseen patients. For Al-assisted Raman
diagnostics, the effective unit of validation must ultimately be the pa-
tient and, for clinical translation, the external clinical setting rather than
the individual spectrum or image patch. Patient-level separation, inde-
pendent external cohorts, multicenter and multi-instrument evaluation,
prospective workflow testing and transparent reporting of model
development are therefore more informative indicators of translational
readiness than incremental improvements in internally validated accu-
racy (Guo et al., 2026; Vershinina et al., 2025; Zhang et al., 2026).
The likely translational endpoint is consequently not a standalone
Raman classifier, but an integrated intraoperative decision-support
ecosystem. Raman probes could provide targeted biochemical interro-
gation, SRH rapid digital tissue assessment, fluorescence and conven-
tional imaging spatial guidance, and Al computational integration of
morphological, spectral and molecular information. The critical ques-
tion is therefore shifting from whether Raman spectroscopy can distin-
guish glioma tissue to whether Raman-derived information adds
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reproducible clinical value beyond existing workflows, for example, by
identifying otherwise occult infiltration, reducing diagnostic turnaround
time, improving margin decisions or providing actionable molecular
information while surgery is still underway.

4.3. Translational challenges and future perspectives

Despite substantial technological progress, the evidence synthesized
in this review indicates that the major barriers to clinical translation
increasingly lie beyond proof of diagnostic feasibility. Across conven-
tional Raman spectroscopy, SERS, SRH, SRS and multimodal platforms,
discrimination of glioma from non-neoplastic tissue has been repeatedly
demonstrated. However, substantial heterogeneity persists in instru-
mentation, acquisition conditions, tissue handling, spectral preprocess-
ing, machine-learning pipelines, validation strategies, outcome
definitions and reporting practices. Studies reporting apparently similar
diagnostic performance may therefore represent fundamentally
different analytical settings, limiting reproducibility, cross-study com-
parison and regulatory evaluation. The next phase of development re-
quires convergence around standardized analytical and reporting
practices rather than continued proliferation of independently opti-
mized pipelines.

This requirement is particularly important for machine-learning-
assisted Raman diagnostics. Model performance can vary substantially
according to validation strategy, and inappropriate partitioning of
correlated observations may produce optimistic estimates when spectra,
pixels or patches from the same patient contribute to both model
development and evaluation (Lilek et al., 2025). This issue extends
beyond Raman spectroscopy: evidence from other Al-based medical
diagnostic fields demonstrates the importance of patient-level separa-
tion, multisource validation and genuinely independent external testing
for estimating model transportability (Leinonen et al., 2024; Maenpaa
and Korja, 2024). Recent reporting standards such as STARD-AIL
further emphasize transparent description of datasets, reference stan-
dards, model evaluation and human-AI interaction in diagnostic accu-
racy studies (Sounderajah et al., 2025). For Raman-based Al, the
relevant benchmark should therefore shift from performance on
held-out spectra to performance in unseen patients, instruments and
clinical environments.

Three research priorities follow from these limitations. First,
analytical standardization is required across Raman acquisition, tissue
handling, preprocessing, quality control, dataset partitioning and
reporting, while retaining sufficient flexibility for modality-specific
differences. Second, clinical validation should progress from internal
retrospective evaluation to prospective, patient-level, multicenter
studies incorporating independent external cohorts, multi-instrument
testing and predefined clinically meaningful endpoints. Third, clinical
utility should be evaluated for the most mature platforms through pro-
spective workflow studies asking whether Raman-derived information
changes intraoperative decisions, reduces diagnostic turnaround time,
improves detection of infiltrative disease or provides actionable infor-
mation beyond neuropathology and established surgical guidance.
These priorities define a sequential translational pathway from analyt-
ical reproducibility to clinical validity and ultimately clinical utility,
rather than treating diagnostic accuracy as the final endpoint.

Artificial intelligence will remain central to this progression, but
greater algorithmic complexity cannot compensate for inadequate study
design or unrepresentative data. Explainable AI, uncertainty-aware
learning, multimodal computational pathology and foundation models
may improve robustness and facilitate integration of spectral, morpho-
logical and molecular information (Saueressig et al., 2025; Saueressig
et al., 2026; Zhao et al., 2025; Zhang et al., 2026). However, uncer-
tainty estimates require calibration in independent populations,
explainability does not itself establish biological validity, and founda-
tion models remain dependent on the diversity and quality of their
training data. The principal question is therefore not whether
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increasingly complex models can extract additional information from
Raman data, but whether that information remains reliable when
transferred across patients, centers, instruments and clinical contexts.

A broader conceptual transition is consequently emerging from
standalone spectroscopy towards integrated intraoperative diagnostic
ecosystems. Raman probes could provide targeted biochemical interro-
gation, SRH rapid digital tissue assessment, conventional imaging and
fluorescence spatial guidance, and Al-assisted integration with molec-
ular neuropathology. Such multimodal systems align with the transition
of neuro-oncology towards WHO-integrated molecular classification
and precision medicine, but they also raise a higher evidentiary
threshold: Raman-derived information must demonstrate incremental
clinical value beyond the modalities already available, rather than
merely reproduce information obtainable through established diag-
nostic pathways. Future studies should therefore compare Raman-
enabled workflows against clinically relevant standards of care and
quantify their added diagnostic, temporal or decision-making value.

Several limitations of this systematic review should also be
acknowledged. Although the registered protocol anticipated quantita-
tive meta-analysis, marked heterogeneity across Raman modalities,
analytical units, study designs and reported outcomes precluded statis-
tically and clinically meaningful pooling. The evidence was therefore
synthesized using a structured SWiM-guided narrative approach. Simi-
larly, the planned GRADE assessment and formal evaluation of publi-
cation bias were not undertaken because the available studies lacked
sufficient methodological and outcome comparability for reliable
application of these methods. These protocol deviations should be
considered when interpreting the review, particularly because narrative
synthesis cannot provide a pooled estimate of diagnostic performance or
formally quantify small-study effects. Nevertheless, this approach
allowed systematic examination of methodological heterogeneity, risk
of bias and translational readiness across otherwise poorly comparable
technologies.

Overall, the field has reached a point at which further gains in
internally measured diagnostic accuracy are unlikely, by themselves, to
determine clinical adoption. Progress will depend on reproducible
acquisition and analysis, rigorous patient-level and external validation,
interoperability across instruments and institutions, prospective work-
flow evaluation and demonstration of measurable clinical benefit.
Meeting these requirements would establish whether Raman spectros-
copy can progress from a promising diagnostic technology to a reliable
component of precision neuro-oncology.

5. Conclusions

Raman spectroscopy has emerged as a promising label-free tech-
nology for glioma diagnostics, providing molecular tissue character-
ization that complements conventional histopathology and
neuroimaging. Across the studies included in this review, Raman-based
approaches consistently demonstrated strong performance for tumor
detection, infiltrative margin assessment, molecular profiling, and
intraoperative tissue evaluation, reflecting the evolution of the field
toward Al-assisted molecular diagnostics.

The available evidence indicates that the value of Raman spectros-
copy extends beyond tissue classification by capturing biologically
relevant metabolic signatures that support contemporary molecular
classification and precision neuro-oncology. However, clinical imple-
mentation remains constrained by methodological heterogeneity,
limited external validation, and the lack of standardized acquisition and
analytical workflows.

Accordingly, the immediate priorities for the field are to establish
standardized and reproducible Raman workflows, validate them pro-
spectively at the patient level across independent centers, and determine
their added clinical value within integrated intraoperative diagnostic
pathways. Progress along this sequence, from standardization to
external validation and demonstration of clinical utility, will be critical
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for translating Raman spectroscopy from promising diagnostic perfor-
mance into routine precision neuro-oncology.

Critical View

In our view, Raman spectroscopy has reached a pivotal stage in its
evolution. Across conventional Raman spectroscopy, SERS, SRH, SRS,
and multimodal platforms, diagnostic feasibility has been consistently
demonstrated. The key question is therefore no longer whether Raman
spectroscopy can distinguish glioma from non-neoplastic tissue, but
whether it can be translated into standardized, reproducible, and clini-
cally deployable molecular diagnostic systems.

A major limitation of the current literature is the tendency to
compare diagnostic performance across fundamentally different
analytical settings. Patient-, sample-, spectrum-, pixel-, and patch-level
analyses are frequently interpreted together despite representing
different levels of clinical evidence, while substantial heterogeneity in
acquisition protocols, preprocessing pipelines, validation strategies, and
outcome reporting limits reproducibility and meaningful comparison
between studies. Consequently, future progress will depend more on
methodological standardization, external validation, and transparent
reporting than on incremental improvements in classification accuracy.

Unlike previous reviews, which primarily summarized individual
Raman modalities or specific diagnostic applications, this systematic
review provides a comprehensive translational evaluation of the field.
We synthesized evidence across conventional Raman spectroscopy,
SERS, SRH, SRS, and multimodal platforms, critically integrating diag-
nostic performance with methodological quality, risk of bias, validation
maturity, sources of heterogeneity, artificial intelligence, intraoperative
applications, molecular classification, and barriers to clinical imple-
mentation. This broad scope enables a more balanced assessment of the
current evidence and identifies the principal factors that determine
translational readiness for precision neuro-oncology.

Overall, we believe that the field has entered a translational rather
than technological phase of development. Future success will depend
less on achieving marginal gains in diagnostic accuracy than on
demonstrating reproducibility, interoperability, prospective multicenter
validation, and clinically meaningful benefit. If these challenges are
addressed, Raman spectroscopy has the potential to become an integral
component of precision neuro-oncology rather than simply another
optical adjunct.

Ethics approval and consent to participate
Not applicable

Consent for publication
Not applicable

Funding

This study was partially supported by Ministry of Research, Inno-
vation and Digitalization through the National Recovery and Resilience
Plan (PNRR) of Romania, Pillar III, Component C9/Investment no. 8
(I8)-contract CF 68, and ‘The core program within the National Research
Development and Innovation Plan, 2022-2027’, carried out with the
support of the Ministry of Research, Innovation and Digitalization
(MCID), project no. 23020101, Contract no. 7 N from 3 January 2023.
The funders had no role in the conceptualization, design, data collection,
analysis, interpretation, decision to publish, or preparation of the
manuscript.

Declaration of Competing Interest

The authors declare that they have no known competing financial



C.0. Vrancianu et al.

interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgements

We acknowledge “Dezvoltarea cercetarii genomice in Romania-R-
OGEN”/Development of genomic research in Romania-ROGEN.

Appendix A. Supporting information

Supplementary data associated with this article can be found in the
online version at doi:10.1016/j.critrevonc.2026.105675.

Data availability

The data supporting the findings of this systematic review were
extracted from previously published studies. The extracted study char-
acteristics and reported diagnostic performance metrics are provided in
Supplementary Table S2.

References

Aabedi, A.A., Young, J.S., Zhang, Y., Ammanuel, S., Morshed, R.A., Dalle Ore, C,, et al.,
2022. Association of neurological impairment on the relative benefit of maximal
extent of resection in chemoradiation-treated newly diagnosed isocitrate
dehydrogenase wild-type Glioblastoma. Neurosurgery 90 (1), 124-130. https://doi.
org/10.1227/NEU.0000000000001753.

Abdul Rashid, K., Ibrahim, K., Wong, J.H.D., Mohd Ramli, N., 2022. Lipid alterations in
glioma: a systematic review. Metabolites 12 (12), 1280. https://doi.org/10.3390/
metabo12121280.

Bonosi, L., Marrone, S., Benigno, U.E., Buscemi, F., Musso, S., Porzio, M., Silven, M.P.,
Torregrossa, F., Grasso, G., 2023. Maximal safe resection in glioblastoma surgery: a
systematic review of advanced intraoperative image-guided techniques. Brain Sci. 13
(2), 216. https://doi.org/10.3390/brainscil 3020216.

Bradshaw, T.J., Huemann, Z., Hu, J., Rahmim, A., 2023. A guide to cross-validation for
artificial intelligence in medical imaging. May 24 Radiol. Artif. Intell. 5 (4),
€220232. https://doi.org/10.1148/ryai.220232.

Broadbent, B., Brusatori, M.A., Koya, K., Scarpace, L.M., Kalkanis, S.N., Auner, G.W.,
2018. Fresh brain tissue diagnostics using Raman spectroscopy in humans. In: 2018
IEEE International Conference on Electro/Information Technology (EIT); 2018 May;
Rochester, MI, USA. Piscataway (NJ), 2018. IEEE, pp. 0394-0398. https://doi.org/
10.1109/EIT.2018.8500109.

Bury, D., Morais, C.L.M., Martin, F.L., Lima, K.M.G., Ashton, K.M., Baker, M.J.,
Dawson, T.P., 2020. Discrimination of fresh frozen non-tumour and tumour brain
tissue using spectrochemical analyses and a classification model. Br. J. Neurosurg.
34 (1), 40-45. https://doi.org/10.1080/02688697.2019.1679352.

Campbell, M., McKenzie, J.E., Sowden, A., Katikireddi, S.V., Brennan, S.E., Ellis, S.,
Hartmann-Boyce, J., Ryan, R., Shepperd, S., Thomas, J., Welch, V., Thomson, H.,
2020. Synthesis without meta-analysis (SWiM) in systematic reviews: reporting
guideline. BMJ 368, 16890. https://doi.org/10.1136/bmj.16890.

Daoust, F., Dallaire, F., Tavera, H., Ember, K., Guiot, M.C., Petrecca, K., Leblond, F.,
2025. Preliminary study demonstrating cancer cells detection at the margins of
whole glioblastoma specimens with Raman spectroscopy imaging. Sci. Rep. 15 (1),
6453. https://doi.org/10.1038/541598-025-87109-1.

Desroches, J., Jermyn, M., Mok, K., Lemieux-Leduc, C., Mercier, J., St-Arnaud, K.,
Urmey, K., Guiot, M.C., Marple, E., Petrecca, K., Leblond, F., 2015. Characterization
of a Raman spectroscopy probe system for intraoperative brain tissue classification.
Biomed. Opt. Express 6 (7), 2380-2397. https://doi.org/10.1364/BOE.6.002380.

Desroches, J., Jermyn, M., Pinto, M., Picot, F., Tremblay, M.A., Obaid, S., Marple, E.,
Urmey, K., Trudel, D., Soulez, G., Guiot, M.C., Wilson, B.C., Petrecca, K., Leblond, F.,
2018. A new method using Raman spectroscopy for in vivo targeted brain cancer
tissue biopsy. Sci. Rep. 8, 1792. https://doi.org/10.1038/541598-018-20233-3.

Doroszko, M., Stockgard, R., Uppman, 1., Heinold, J., Voukelatou, F., Mangukiya, H.B.,
Millner, T.O., Skeppas, M., Ballester Bravo, M., Elgendy, R., Berglund, M., Elfineh, L.,
Krona, C., Kundu, S., Koltowska, K., Marino, S., Larsson, L., Nelander, S., 2025. The
invasion phenotypes of glioblastoma depend on plastic and reprogrammable cell
states. Nat. Commun. 16 (1), 6662. https://doi.org/10.1038/s41467-025-61999-1.

Efthimiou, O., Seo, M., Chalkou, K., Debray, T., Egger, M., Salanti, G., 2024. Developing
clinical prediction models: a step-by-step guide. Sep 3 BMJ 386, e078276. https://
doi.org/10.1136/bmj-2023-078276.

Ember, K., Dallaire, F., Plante, A., Sheehy, G., Guiot, M.C., Agarwal, R., et al., 2024. situ
brain tumor detection using a Raman spectroscopy system-results of a multicenter
study. Sci. Rep. 14 (1), 13309.

Faraj, C.A., Young, C.C., Beckham, T.H., Weinberg, J.S., 2026. Intraoperative
technological advances and new frontiers in precision glioma surgery. Jul 4
J. Neurooncol 178 (3), 89. https://doi.org/10.1007/s11060-026-05686-1.

Fu, W., Zhang, Y., Zhai, K., Zhang, J., Wen, Y., Xu, Y., Zhang, J., Wang, J., Ding, S., 2025.
Raman spectroscopy and machine learning for early detection of gastric cancer and

16

Critical Reviews in Oncology / Hematology 228 (2026) 105675

Helicobacter pylori with gastric juice. Oct 17 Sci. Rep. 15 (1), 36332. https://doi.
org/10.1038/s41598-025-20270-9.

Galli, R., Meinhardt, M., Koch, E., Schackert, G., Steiner, G., Kirsch, M., Uckermann, O.,
2019. Rapid Label-Free Analysis of Brain Tumor Biopsies by Near Infrared Raman
and Fluorescence Spectroscopy-A Study of 209 Patients. Nov 5 Front. Oncol. 9, 1165.
https://doi.org/10.3389/fonc.2019.01165.

Galli, R., Uckermann, O., Temme, A., Leipnitz, E., Meinhardt, M., Koch, E., Schackert, G.,
Steiner, G., Kirsch, M., 2017. Assessing the efficacy of coherent anti-Stokes Raman
scattering microscopy for the detection of infiltrating glioblastoma in fresh brain
samples (Mar). J. Biophotonics 10 (3), 404-414. https://doi.org/10.1002/
jbi0.201500323.

Ge, M., Wang, Y., Mu, N., Yang, C., Li, H., Chen, T., Xu, D., Yao, J., 2025. Study of the
relationship among biomarkers, cell and tissue of glioma through Raman
spectroscopy. Spectrochim. Acta A Mol. Biomol. Spectrosc. 325, 125063. https://doi.
org/10.1016/j.saa.2024.125063.

Geens, W., Rizani, G., Del Gaudio, N., Buyck, F., Van Gestel, F., Bruneau, M., Neyns, B.,
Duerinck, J., 2025. Extent of resection and its association with overall survival in
newly diagnosed IDH wildtype glioblastoma treated with concomitant
radiochemotherapy: a systematic review and meta-analysis. Nov 21 Brain Spine 5,
105867. https://doi.org/10.1016/j.bas.2025.105867.

Gerritsen, J.K.W., Broekman, M.L.D., De Vleeschouwer, S., Schucht, P., Nahed, B.V.,
Berger, M.S,, et al., 2022. Safe surgery for glioblastoma: Recent advances and
modern challenges. Neurooncol Pract. 9 (5), 364-379.

Goff, N.K., Markert, J.E., Reinecke, D., Springer, A., Chen, A.M., Park, M., Malte, G.,
Scotford-Broemmer, K., Hoonsbeen, S., Eddy, K., Chowdury, A., Jiang, C.,
Kondepudi, A., Meissner, A.K., Fiirtjes, G., Miiller, N., Neuschmelting, V.,
Pekmezci, M., Young, J., Freudinger, C., Snuderl, M., Berger, M., Hervey-Jumper, S.,
Golfinos, J.G., Hollon, T., Orringer, D.A., 2026. SIGNAL: A Scalable, Real-World
Model for Rapid Intraoperative Molecular Classification of Gliomas Using Stimulated
Raman Histology. May 13 medRxiv [Prepr. ], 2026.05.11.26350247. https://doi.
org/10.64898/2026.05.11.26350247.

Guo, Q., Cui, H., Zhang, Y., Tang, S., Yan, W., Zhou, X,, et al., 2026. An interpretable
deep learning model for predicting endometrial cancer molecular subtypes from
H&E-stained slides. Jan 21 NPJ Precis. Oncol. 10 (1), 71. https://doi.org/10.1038/
541698-026-01280-w.

Halimi, A., Msherghi, A., Nounou, M.V., Abdulwahed, E., Shlibek, H., Ateeqa, S.B.,
Benali, A., Khasawneh, I., Kouidri, K., Elhadi, M., 2026. Accuracy of Al-based raman
spectroscopy in the diagnosis of gastric cancer: a systematic review and meta-
analysis. Jan 6 Lasers Med. Sci. 41 (1), 8. https://doi.org/10.1007/s10103-025-
04787-z.

Han, D., Liu, K., Zhu, L., Miao, Y., Zhang, J., Wang, Z., Lu, G., Butch, C.J., Cai, H., Nie, S.,
et al., 2026. Machine-learning-enabled Raman spectroscopy refines indocyanine
green fluorescence boundaries for precise glioblastoma margin delineation. Research
9, 1216. https://doi.org/10.34133/research.1216.

He, J., Li, H., Zhang, B., Liang, G., Zhang, L., Zhao, W., Zhao, W., Zhang, Y.J., Wang, Z.X.,
Li, J.F., 2025. Convolutional neural network-assisted Raman spectroscopy for high-
precision diagnosis of glioblastoma. Mar 15 Spectrochim. Acta A Mol. Biomol.
Spectrosc. 329, 125615. https://doi.org/10.1016/j.5aa.2024.125615.

Herta, J., Cho, A., Roetzer-Pejrimovsky, T., Hoftberger, R., Marik, W., Kronreif, G., et al.,
2022. Optimizing maximum resection of glioblastoma: Raman spectroscopy versus
5-aminolevulinic acid. J. Neurosurg. 139 (2), 334-343.

Hou, Z., Zhang, W., Yan, Z., Wang, Z., Hu, J., Liu, X., Fang, S., Jiang, T., Guo, M.,
Wang, H., Wang, Y., 2025. Impact of extent of surgical resection on survival in World
Health Organization grade 4 gliomas: A molecular subtype-based analysis. Sep 17
Neurooncol Adv. 8 (1), vdaf204. https://doi.org/10.1093/noajnl/vdaf204.

Iturrioz-Rodriguez, N., De Pasquale, D., Fiaschi, P., Ciofani, G., 2022. Discrimination of
glioma patient-derived cells from healthy astrocytes by exploiting Raman
spectroscopy. Spectrochim. Acta A Mol. Biomol. Spectrosc. 269, 120773.

Jermyn, M., Desroches, J., Mercier, J., St-Arnaud, K., Guiot, M.C., Leblond, F.,
Petrecca, K., 2016. Raman spectroscopy detects distant invasive brain cancer cells
centimeters beyond MRI capability in humans. Nov 16 Biomed. Opt. Express 7 (12),
5129-5137. https://doi.org/10.1364/BOE.7.005129.

Jermyn, M., Desroches, J., Mercier, J., Tremblay, M.A., St-Arnaud, K., Guiot, M.C.,
Petrecca, K., Leblond, F., 2016. Neural networks improve brain cancer detection
with Raman spectroscopy in the presence of operating room light artifacts. Sep 1
J. Biomed. Opt. 21 (9), 94002. https://doi.org/10.1117/1.JBO.21.9.094002.

Jermyn, M., Mercier, J., Aubertin, K., Desroches, J., Urmey, K., Karamchandiani, J.,
Marple, E., Guiot, M.C., Leblond, F., Petrecca, K., 2017. Highly Accurate Detection of
Cancer In Situ with Intraoperative, Label-Free, Multimodal Optical Spectroscopy. Jul
15 Cancer Res. 77 (14), 3942-3950. https://doi.org/10.1158/0008-5472.CAN-17-
0668.

Jermyn, M., Mok, K., Mercier, J., Desroches, J., Pichette, J., Saint-Arnaud, K.,
Bernstein, L., Guiot, M.C., Petrecca, K., Leblond, F., 2015. Intraoperative brain
cancer detection with Raman spectroscopy in humans. Feb 11;7(274):274-19 Sci.
Transl. Med.. https://doi.org/10.1126/scitranslmed.aaa2384.

Jiang, S., Chai, H., Tang, Q., 2023. Advances in the intraoperative delineation of
malignant glioma margin. Front. Oncol. 13, 1114450. https://doi.org/10.3389/
fonc.2023.1114450.

Jin, Z., Yue, Q., Duan, W., Sui, A., Zhao, B., Deng, Y., et al., 2022. Intelligent SERS
Navigation System Guiding Brain Tumor Surgery by Intraoperatively Delineating the
Metabolic Acidosis. Adv. Sci. (Weinh. ) 9 (7), e2104935. https://doi.org/10.1002/
advs.202104935.

Karschnia, P., Gerritsen, J.K.W., Teske, N., Cahill, D.P., Jakola, A.S., van den Bent, M.,
Weller, M., Schnell, O., Vik-Mo, E.O., Thon, N., Vincent, A.J.P.E., Kim, M.M.,
Reifenberger, G., Chang, S.M., Hervey-Jumper, S.L., Berger, M.S., Tonn, J.C., 2024.
The oncological role of resection in newly diagnosed diffuse adult-type glioma


https://doi.org/10.1016/j.critrevonc.2026.105675
https://doi.org/10.1227/NEU.0000000000001753
https://doi.org/10.1227/NEU.0000000000001753
https://doi.org/10.3390/metabo12121280
https://doi.org/10.3390/metabo12121280
https://doi.org/10.3390/brainsci13020216
https://doi.org/10.1148/ryai.220232
https://doi.org/10.1109/EIT.2018.8500109
https://doi.org/10.1109/EIT.2018.8500109
https://doi.org/10.1080/02688697.2019.1679352
https://doi.org/10.1136/bmj.l6890
https://doi.org/10.1038/s41598-025-87109-1
https://doi.org/10.1364/BOE.6.002380
https://doi.org/10.1038/s41598-018-20233-3
https://doi.org/10.1038/s41467-025-61999-1
https://doi.org/10.1136/bmj-2023-078276
https://doi.org/10.1136/bmj-2023-078276
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref13
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref13
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref13
https://doi.org/10.1007/s11060-026-05686-1
https://doi.org/10.1038/s41598-025-20270-9
https://doi.org/10.1038/s41598-025-20270-9
https://doi.org/10.3389/fonc.2019.01165
https://doi.org/10.1002/jbio.201500323
https://doi.org/10.1002/jbio.201500323
https://doi.org/10.1016/j.saa.2024.125063
https://doi.org/10.1016/j.saa.2024.125063
https://doi.org/10.1016/j.bas.2025.105867
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref20
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref20
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref20
https://doi.org/10.64898/2026.05.11.26350247
https://doi.org/10.64898/2026.05.11.26350247
https://doi.org/10.1038/s41698-026-01280-w
https://doi.org/10.1038/s41698-026-01280-w
https://doi.org/10.1007/s10103-025-04787-z
https://doi.org/10.1007/s10103-025-04787-z
https://doi.org/10.34133/research.1216
https://doi.org/10.1016/j.saa.2024.125615
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref26
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref26
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref26
https://doi.org/10.1093/noajnl/vdaf204
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref28
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref28
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref28
https://doi.org/10.1364/BOE.7.005129
https://doi.org/10.1117/1.JBO.21.9.094002
https://doi.org/10.1158/0008-5472.CAN-17-0668
https://doi.org/10.1158/0008-5472.CAN-17-0668
https://doi.org/10.1126/scitranslmed.aaa2384
https://doi.org/10.3389/fonc.2023.1114450
https://doi.org/10.3389/fonc.2023.1114450
https://doi.org/10.1002/advs.202104935
https://doi.org/10.1002/advs.202104935

C.0. Vrancianu et al.

defined by the WHO 2021 classification: a Review by the RANO resect group (Sep).
Lancet Oncol. 25 (9), e404-e419. https://doi.org/10.1016/51470-2045(24)00130-
X.

Karschnia, P., Smits, M., Reifenberger, G., Le Rhun, E., Ellingson, B.M., Galldiks, N.,
Kim, M.M., Huse, J.T., Schnell, O., Harter, P.N., Mohme, M., Expert Rater Panel, von
Baumgarten, L., Albert, N.L., Huang, R.Y., Mehta, M.P., van den Bent, M., Weller, M.,
Vogelbaum, M.A., Chang, S.M., Berger, M.S., Tonn, J.C., 2023. A framework for
standardised tissue sampling and processing during resection of diffuse intracranial
glioma: joint recommendations from four RANO groups (Nov). Lancet Oncol. 24
(11), e438-e450. https://doi.org/10.1016/51470-2045(23)00453-9.

Kast, R., Auner, G., Yurgelevic, S., Broadbent, B., Raghunathan, A., Poisson, L.M.,
Mikkelsen, T., Rosenblum, M.L., Kalkanis, S.N., 2015. Identification of regions of
normal grey matter and white matter from pathologic glioblastoma and necrosis in
frozen sections using Raman imaging (Nov). J. Neurooncol 125 (2), 287-295.
https://doi.org/10.1007/511060-015-1929-4.

Klein, K., Klamminger, G.G., Mombaerts, L., Jelke, F., Arroteia, L.F., Slimani, R.,
Mirizzi, G., Husch, A., Frauenknecht, K.B.M., Mittelbronn, M., Hertel, F., Kleine
Borgmann, F.B., 2024. Computational Assessment of Spectral Heterogeneity within
Fresh Glioblastoma Tissue Using Raman Spectroscopy and Machine Learning
Algorithms. Feb 23 Molecules 29 (5), 979. https://doi.org/10.3390/
molecules29050979.

Komori, T., 2022. Grading of adult diffuse gliomas according to the 2021 WHO
Classification of Tumors of the Central Nervous System (Feb). Lab. Invest. 102 (2),
126-133. https://doi.org/10.1038/541374-021-00667-6.

Kondepudi, A., Pekmezci, M., Hou, X., Scotford, K., Jiang, C., Rao, A., Harake, E.S.,
Chowdury, A., Al-Holou, W., Wang, L., Pandey, A., Lowenstein, P.R., Castro, M.G.,
Koerner, L.I., Roetzer-Pejrimovsky, T., Widhalm, G., Camelo-Piragua, S., Movahed-
Ezazi, M., Orringer, D.A., Lee, H., Freudiger, C., Berger, M., Hervey-Jumper, S.,
Hollon, T., 2025. Foundation models for fast, label-free detection of glioma
infiltration (Jan). Nature 637 (8045), 439-445. https://doi.org/10.1038/541586-
024-08169-3.

Krzeminska, A., Czapiga, B., KoZba-Gosztyta, M., 2025. Accuracy of Raman spectroscopy
in discriminating normal brain tissue from brain tumor: A systematic review and
meta-analysis. Mar 15 Spectrochim. Acta A Mol. Biomol. Spectrosc. 329, 125518.
https://doi.org/10.1016/j.saa.2024.125518.

Kueckelhaus, J., Jeising, S., Young, J.S., Wagner, A., Gerritsen, J.K.W., Negwer, C.,
Meyer, B., Schnell, O., Tonn, J.C., Karschnia, P., 2026. Contemporary surgical
strategies for resection of intracranial gliomas. Jul 6 Neurotherapeutics 23 (6),
€00958. https://doi.org/10.1016/j.neurot.2026.e00958.

Leblond, F., Dallaire, F., Ember, K., Le Moél, A., Blanquez-Yeste, V., Tavera, H.,
Sheehy, G., Tran, T., Guiot, M.C., Weil, A.G., Dudley, R., Hadjipanayis, C.,
Petrecca, K., 2025. Quantitative assessment of the generalizability of a brain tumor
Raman spectroscopy machine learning model to various tumor types including
astrocytoma and oligodendroglioma. J. Biomed. Opt. 30 (1), 015001. https://doi.
org/10.1117/1.JB0O.30.1.015001.

Leinonen, T., Wong, D., Vasankari, A., Wahab, A., Nadarajah, R., Kaisti, M., Airola, A.,
2024. Empirical investigation of multi-source cross-validation in clinical ECG
classification. Comput. Biol. Med. 183, 109271. https://doi.org/10.1016/].
compbiomed.2024.109271.

Leng, H., Zhang, Z., Chen, C., Chen, C., 2024. A class-imbalanced hybrid learning
strategy based on Raman spectroscopy of serum samples for the diagnosis of
hepatitis B, hepatitis A, and thyroid dysfunction. Nov 5 Spectrochim. Acta A Mol.
Biomol. Spectrosc. 320, 124581. https://doi.org/10.1016/j.saa.2024.124581.

Li, Q., Chen, S., 2025. Glioma Identification Based on Digital Multimodal Spectra
Integrated with Deep Learning Feature Fusion Using a Miniature Raman
Spectrometer (Jun). Appl. Spectrosc. 79 (6), 883-894. https://doi.org/10.1177/
00037028241276013.

Li, Q., Chen, S., Wang, J., Wang, Y., Zhou, Y., Yan, Z., Bao, H., Zhou, L., 2025. An
adaptive stacking generalization integrated with Raman spectroscopy feature
enhancement algorithm for fine glioma grading identification. Jul 5 Spectrochim.
Acta A Mol. Biomol. Spectrosc. 335, 125980. https://doi.org/10.1016/j.
saa.2025.125980.

Li, Q., Shao, X., Zhou, Y., Wang, Y., Yan, Z., Bao, H., Zhou, L., 2025. An interpretable
multi-scale convolutional attention residual neural network for glioma grading with
Raman spectroscopy. Anal. Methods 17, 677-687. https://doi.org/10.1039/
D4AY02068E.

Li, Q., Shen, J., Zhou, Y., 2023. Diagnosis of glioma using Raman spectroscopy and the
entropy weight fuzzy-rough nearest neighbor (EFRNN) algorithm on fresh tissue.
Anal. Lett. 56 (6), 895-905. https://doi.org/10.1080/00032719.2022.2107660.

Li, Q., Wang, J., 2024. Mutation Endmember Library Sparse Mixed Abundance
Estimation Model for Glioma Margin Determination with Raman Spectroscopy. May
28 Anal. Chem. 96 (21), 8273-8281. https://doi.org/10.1021/acs.
analchem.3c03984.

Li, Q., Wang, J., Zhou, Y., 2023. Data augmentation method based on the Gaussian
kernel density for glioma diagnosis with Raman spectroscopy. Anal. Methods 15,
1861-1869. https://doi.org/10.1039/D3AY00188A.

Li, Y.M., Suki, D., Hess, K., Sawaya, R., 2016. The influence of maximum safe resection of
glioblastoma on survival in 1229 patients: Can we do better than gross-total
resection? J. Neurosurg. 124 (4), 977-988.

Lilek, D., Zimmermann, D., Steininger, L., Musso, M., Wilts, B.D., Gamsjaeger, S.,
Hermann, D.R., Wiesner, C., Griinfelder, A., Herbinger, B., Prohaska, K., 2025.
Machine learning of Raman spectroscopic data: comparison of different validation
strategies. J. Raman Spectrosc. 56 (9), 867-877. https://doi.org/10.1002/jrs.6842.

Lita, A., Sjoberg, J., Pacioianu, D., Siminea, N., Celiku, O., Dowdy, T., Paun, A.,
Gilbert, M.R., Noushmehr, H., Petre, 1., Larion, M., 2026. Raman-based machine-
learning platform reveals unique metabolic differences between IDHmut and IDHwt

17

Critical Reviews in Oncology / Hematology 228 (2026) 105675

glioma. Neuro Oncol. 2024 Nov 4;26(11):1994-2009. doi: 10.1093/neuonc/
noaelO1. Erratum in: Neuro Oncol. May 1, 28 (5), ell. https://doi.org/10.1093/
neuonc/noaf139.

Liu, C., Wang, J., Shen, J., Chen, X., Ji, N., Yue, S., 2024. Accurate and rapid molecular
subgrouping of high-grade glioma via deep learning-assisted label-free fiber-optic
Raman spectroscopy. May 27 PNAS Nexus 3 (6), pgae208. https://doi.org/10.1093/
pnasnexus/pgae208.

Liu, J., Wang, P., Zhang, H., Guo, Y., Tang, M., Wang, J., Wu, N., 2024. Current research
status of Raman spectroscopy in glioma detection (Dec). Photo Photodyn. Ther. 50,
104388. https://doi.org/10.1016/j.pdpdt.2024.104388.

Liu, Y., Xu, W, Li, M., Yang, Y., Sun, D., Chen, L., Li, H., Chen, L., 2023. The regulatory
mechanisms and inhibitors of isocitrate dehydrogenase 1 in cancer (Apr). Acta
Pharm. Sin. B 13 (4), 1438-1466. https://doi.org/10.1016/j.apsb.2022.12.019.

Livermore, L.J., Isabelle, M., Bell, I.M., Edgar, O., Voets, N.L., Stacey, R., Ansorge, O.,
Vallance, C., Plaha, P., 2020. Raman spectroscopy to differentiate between fresh
tissue samples of glioma and normal brain: a comparison with 5-ALA-induced
fluorescence-guided surgery. Oct 2 J. Neurosurg. 135 (2), 469-479. https://doi.org/
10.3171/2020.5.JNS20376.

Livermore, L.J., Isabelle, M., Bell, .M., Scott, C., Walsby-Tickle, J., Gannon, J., Plaha, P.,
Vallance, C., Ansorge, O., 2019. Rapid intraoperative molecular genetic
classification of gliomas using Raman spectroscopy (May-Dec). Neurooncol Adv. 1
(1), vdz008. https://doi.org/10.1093/noajnl/vdz008.

Lu, F.K., Calligaris, D., Olubiyi, O.I, Norton, I., Yang, W., Santagata, S., Xie, X.S.,
Golby, A.J., Agar, N.Y., 2016. Label-Free Neurosurgical Pathology with Stimulated
Raman Imaging. Jun 15 Cancer Res. 76 (12), 3451-3462. https://doi.org/10.1158/
0008-5472.CAN-16-0270.

Maéenpaa, S.M., Korja, M., 2024. Diagnostic test accuracy of externally validated
convolutional neural network (CNN) artificial intelligence (AI) models for
emergency head CT scans — A systematic review. Int. J. Med. Inform. 189, 105523.
https://doi.org/10.1016/j.ijmedinf.2024.105523. https://linkinghub.elsevier.
com/retrieve/pii/S1386505624001862.

Massaad, E., Tabbarah, A., Barmada, M., Rbeiz, J., Nasser, S., Farra, C., 2022. FISH
analyses for 1p and 19q status on gliomas: Reporting an 8 years' experience from a
tertiary care center in the Middle East (Apr). Ann. Diagn. Pathol. 57, 151899.
https://doi.org/10.1016/j.anndiagpath.2022.151899.

Mazzucchi, E., La Rocca, G., Hiepe, P., Pignotti, F., Galieri, G., Policicchio, D.,
Boccaletti, R., Rinaldi, P., Gaudino, S., lus, T., Sabatino, G., 2022. Intraoperative
Integration of Multimodal Imaging to Improve Neuronavigation: A Technical Note
(Aug). World Neurosurg. 164, 330-340. https://doi.org/10.1016/j.
wneu.2022.05.133.

McGuinness, L.A., Higgins, J.P.T., 2020. Risk-of-bias VISualization (robvis): An R
package and Shiny web app for visualizing risk-of-bias assessments. Res. Syn. Meth 7
(1). https://doi.org/10.1002/jrsm.1411.

Mendoza Mireles, E.E., Blakstad, H., Server, A., Leske, H., Skaga, E., Aarhus, M.,
Brandal, P., Helseth, E., Nayak, L., Rgnning, P.A., Vik-Mo, E.O., 2026. Extent of
resection and perioperative neurological status as prognostic markers in
glioblastoma: a population-based study. Feb 24 J. Neurooncol 177 (1), 15. https://
doi.org/10.1007/5s11060-026-05481-y.

Miller, K.D., Ostrom, Q.T., Kruchko, C., Patil, N., Tihan, T., Cioffi, G., Fuchs, H.E.,
Waite, K.A., Jemal, A., Siegel, R.L., Barnholtz-Sloan, J.S., 2021. Brain and other
central nervous system tumor statistics, 2021 (Sep). CA Cancer J. Clin. 71 (5),
381-406. https://doi.org/10.3322/caac.21693.

Mobher, D., Stewart, L., Shekelle, P., 2016. Implementing PRISMA-P: recommendations
for prospective authors. Jan 28 Syst. Rev. 5, 15. https://doi.org/10.1186/513643-
016-0191-y.

Molinaro, A.M., Hervey-Jumper, S., Morshed, R.A., Young, J., Han, S.J., Chunduru, P.,
et al., 2020. Association of Maximal Extent of Resection of Contrast-Enhanced and
Non-Contrast-Enhanced Tumor With Survival Within Molecular Subgroups of
Patients With Newly Diagnosed Glioblastoma. JAMA Oncol. 2020 Apr 1;6(4):495-
503. doi: 10.1001/jamaoncol.2019.6143. In: Erratum in: JAMA Oncol, 6, p. 444.
https://doi.org/10.1001/jamaoncol.2020.0360. Mar 1.

Nassiri, F., Ajisebutu, A., Patil, V., Mamatjan, Y., Liu, J., Wang, J.Z., Voisin, M.R.,
Nejad, R., Mansouri, S., Karimi, S., Chakravarthy, A., Chen, E., De Carvalho, D.D.,
Aldape, K., Zadeh, G., 2024. Metabologenomic characterization uncovers a clinically
aggressive IDH mutant glioma subtype. Apr 7 Acta Neuropathol. 147 (1), 68.
https://doi.org/10.1007/s00401-024-02713-1.

Ospanov, A., Romanishkin, I., Savelieva, T., Kosyrkova, A., Shugai, S., Goryaynov, S.,
Pavlova, G., Pronin, I., Loschenov, V., 2023. Optical Differentiation of Brain Tumors
Based on Raman Spectroscopy and Cluster Analysis Methods. Sep 22 Int. J. Mol. Sci.
24 (19), 14432. https://doi.org/10.3390/1jms241914432.

Page, M.J., McKenzie, J.E., Bossuyt, P.M., Boutron, I., Hoffmann, T.C., Mulrow, C.D.,
Shamseer, L., Tetzlaff, J.M., Akl, E.A., Brennan, S.E., Chou, R., Glanville, J.,
Grimshaw, J.M., Hrdbjartsson, A., Lalu, M.M., Li, T., Loder, E.W., Mayo-Wilson, E.,
McDonald, S., McGuinness, L.A., Stewart, L.A., Thomas, J., Tricco, A.C., Welch, V.A.,
Whiting, P., Moher, D., 2021. The PRISMA 2020 statement: an updated guideline for
reporting systematic reviews. Mar 29 BMJ 372, n71. https://doi.org/10.1136/bmj.
n71.

Park, J.S., Yoon, T., Park, S.A,, Lee, B.H., Jeun, S.-S., Eom, T.J., 2024. Delineation of
three-dimensional tumor margins based on normalized absolute difference mapping
via volumetric optical coherence tomography. Sci. Rep. 14, 7984. https://doi.org/
10.1038/541598-024-56239-3.

Pekmezci, M., Morshed, R.A., Chunduru, P., Pandian, B., Young, J., Villanueva-Meyer, J.
E., Tihan, T., Sloan, E.A., Aghi, M.K., Molinaro, A.M., Berger, M.S., Hervey-
Jumper, S.L., 2021. Detection of glioma infiltration at the tumor margin using
quantitative stimulated Raman scattering histology. Jun 9 Sci. Rep. 11 (1), 12162.
https://doi.org/10.1038/541598-021-91648-8.


https://doi.org/10.1016/S1470-2045(24)00130-X
https://doi.org/10.1016/S1470-2045(24)00130-X
https://doi.org/10.1016/S1470-2045(23)00453-9
https://doi.org/10.1007/s11060-015-1929-4
https://doi.org/10.3390/molecules29050979
https://doi.org/10.3390/molecules29050979
https://doi.org/10.1038/s41374-021-00667-6
https://doi.org/10.1038/s41586-024-08169-3
https://doi.org/10.1038/s41586-024-08169-3
https://doi.org/10.1016/j.saa.2024.125518
https://doi.org/10.1016/j.neurot.2026.e00958
https://doi.org/10.1117/1.JBO.30.1.015001
https://doi.org/10.1117/1.JBO.30.1.015001
https://doi.org/10.1016/j.compbiomed.2024.109271
https://doi.org/10.1016/j.compbiomed.2024.109271
https://doi.org/10.1016/j.saa.2024.124581
https://doi.org/10.1177/00037028241276013
https://doi.org/10.1177/00037028241276013
https://doi.org/10.1016/j.saa.2025.125980
https://doi.org/10.1016/j.saa.2025.125980
https://doi.org/10.1039/D4AY02068E
https://doi.org/10.1039/D4AY02068E
https://doi.org/10.1080/00032719.2022.2107660
https://doi.org/10.1021/acs.analchem.3c03984
https://doi.org/10.1021/acs.analchem.3c03984
https://doi.org/10.1039/D3AY00188A
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref52
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref52
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref52
https://doi.org/10.1002/jrs.6842
https://doi.org/10.1093/neuonc/noaf139
https://doi.org/10.1093/neuonc/noaf139
https://doi.org/10.1093/pnasnexus/pgae208
https://doi.org/10.1093/pnasnexus/pgae208
https://doi.org/10.1016/j.pdpdt.2024.104388
https://doi.org/10.1016/j.apsb.2022.12.019
https://doi.org/10.3171/2020.5.JNS20376
https://doi.org/10.3171/2020.5.JNS20376
https://doi.org/10.1093/noajnl/vdz008
https://doi.org/10.1158/0008-5472.CAN-16-0270
https://doi.org/10.1158/0008-5472.CAN-16-0270
https://doi.org/10.1016/j.ijmedinf.2024.105523
https://linkinghub.elsevier.com/retrieve/pii/S1386505624001862
https://linkinghub.elsevier.com/retrieve/pii/S1386505624001862
https://doi.org/10.1016/j.anndiagpath.2022.151899
https://doi.org/10.1016/j.wneu.2022.05.133
https://doi.org/10.1016/j.wneu.2022.05.133
https://doi.org/10.1002/jrsm.1411
https://doi.org/10.1007/s11060-026-05481-y
https://doi.org/10.1007/s11060-026-05481-y
https://doi.org/10.3322/caac.21693
https://doi.org/10.1186/s13643-016-0191-y
https://doi.org/10.1186/s13643-016-0191-y
https://doi.org/10.1001/jamaoncol.2020.0360
https://doi.org/10.1007/s00401-024-02713-1
https://doi.org/10.3390/ijms241914432
https://doi.org/10.1136/bmj.n71
https://doi.org/10.1136/bmj.n71
https://doi.org/10.1038/s41598-024-56239-3
https://doi.org/10.1038/s41598-024-56239-3
https://doi.org/10.1038/s41598-021-91648-8

C.0. Vrancianu et al.

Perera Valdivia, D., Zapata Vega, L., Herrera Pérez, E., Toledo Cisneros, F., Gomez
Lépez, L., Guzman Reynoso, L., Rumia Arboix, J., Di Somma, A., Ensenat Nora, J.,
Ferrés Pijoan, A., Roldan Ramos, P., 2024. Effects of the Use of Neuronavigation in
Patients with Supratentorial Brain Gliomas: A Cohort Study (Jul). World Neurosurg.
187, e860-e869. https://doi.org/10.1016/j.wneu.2024.05.002.

Prathaban, K., Wu, B., Tan, C.L., Huang, Z., 2023. Detecting tumor infiltration in diffuse
gliomas with deep learning. Adv. Intell. Syst. 5 (12), 2300397. https://doi.org/
10.1002/aisy.202300397.

Price, M., Ballard, C., Benedetti, J., Neff, C., Cioffi, G., Waite, K.A., et al., 2024. CBTRUS
Statistical Report: Primary Brain and Other Central Nervous System Tumors
Diagnosed in the United States in 2017-2021. Neuro Oncol. 26 (ement 6), vil-vi85.

Quesnel, A., Coles, N., Angione, C., Dey, P., Polvikoski, T.M., Outeiro, T.F., Islam, M.,
Khundakar, A.A., Filippou, P.S., 2023. Glycosylation spectral signatures for glioma
grade discrimination using Raman spectroscopy. Feb 21 BMC Cancer 23 (1), 174.
https://doi.org/10.1186/512885-023-10588-w.

Rai, A., Singh, V., Shetty, P., Moiyadi, A.V., 2025. Brainshift correction using navigated
intraoperative ultrasound informs intraoperative decision-making during glioma
surgery. Apr 29 Acta Neurochir. (Wien. ) 167 (1), 124. https://doi.org/10.1007/
s00701-025-06457-z.

Reinecke, D., Maarouf, N., Smith, A., Alber, D., Markert, J., Goff, N.K., Hollon, T.C.,
Chowdury, A., Jiang, C., Hou, X., Meissner, A.K., Fiirtjes, G., Ruge, M.L,, Ruess, D.,
Stehle, T., Al-Shughri, A., Korner, L.I., Widhalm, G., Roetzer-Pejrimovsky, T.,
Golfinos, J.G., Snuderl, M., Neuschmelting, V., Orringer, D.A., 2025. Fast
intraoperative detection of primary central nervous system lymphoma and
differentiation from common central nervous system tumors using stimulated Raman
histology and deep learning. Jun 21 Neuro Oncol. 27 (5), 1297-1310. https://doi.
org/10.1093/neuonc/noae270.

Reinecke, D., Ruess, D., Meissner, A.K., Fiirtjes, G., von Spreckelsen, N., Ion-
Margineanu, A., Khalid, F., Blau, T., Stehle, T., Al-Shugri, A., Biittner, R.,
Goldbrunner, R., Ruge, M.I., Neuschmelting, V., 2024. Streamlined Intraoperative
Brain Tumor Classification and Molecular Subtyping in Stereotactic Biopsies Using
Stimulated Raman Histology and Deep Learning. Sep 3 Clin. Cancer Res. 30 (17),
3824-3836. https://doi.org/10.1158/1078-0432.CCR-23-3842.

Reinecke, D., von Spreckelsen, N., Mawrin, C., lon-Margineanu, A., Fiirtjes, G., Jiinger, S.
T., Khalid, F., Freudiger, C.W., Timmer, M., Ruge, M.1., Goldbrunner, R.,
Neuschmelting, V., 2022. Novel rapid intraoperative qualitative tumor detection by
a residual convolutional neural network using label-free stimulated Raman
scattering microscopy. Acta Neuropathol. Commun. 10 (1), 109. https://doi.org/
10.1186/540478-022-01411-x.

Riva, M., Sciortino, T., Secoli, R., D'Amico, E., Moccia, S., Fernandes, B., Conti Nibali, M.,
Gay, L., Rossi, M., De Momi, E., Bello, L., 2021. Glioma biopsies Classification Using
Raman Spectroscopy and Machine Learning Models on Fresh Tissue Samples. Mar 3
Cancers (Basel) 13 (5), 1073. https://doi.org/10.3390/cancers13051073.

Romanishkin, 1., Savelieva, T., Kosyrkova, A., Okhlopkov, V., Shugai, S., Orlov, A,
Kravchuk, A., Goryaynov, S., Golbin, D., Pavlova, G., Pronin, L., Loschenov, V., 2022.
Differentiation of glioblastoma tissues using spontaneous Raman scattering with
dimensionality reduction and data classification. Sep 15 Front. Oncol. 12, 944210.
https://doi.org/10.3389/fonc.2022.944210.

Salari, N., Ghasemi, H., Fatahian, R., Mansouri, K., Dokaneheifard, S., Shiri, M.H., et al.,
2023. The global prevalence of primary central nervous system tumors: a systematic
review and meta-analysis. Eur. J. Med. Res. 28 (1), 39.

Santos, C.S., Amorim-Lopes, M., 2025. Externally validated and clinically useful machine
learning algorithms to support patient-related decision-making in oncology: a
scoping review. Feb 21 BMC Med. Res. Methodol. 25 (1), 45. https://doi.org/
10.1186/512874-025-02463-y.

Saueressig, C., Delbridge, C., Scholz, D., Kazemi, A., Khan, M.Z., Metz, M., Meyer, B.,
Mitsdoerffer, M., Schiiffler, P.J., Wiestler, B., 2025. From histology to diagnosis:
Leveraging pathology foundation models for glioma classification (Oct). Comput.
Biol. Med. 197 (Pt A), 110988. https://doi.org/10.1016/j.
compbiomed.2025.110988.

Saueressig, C., Scholz, D., Raffler, P., Delbridge, C., Wiestler, B., Schiiffler, P., 2026.
Multimodal fusion of pathology and radiology foundation models for WHO 2021
glioma subtyping. Mar 12 NPJ Precis. Oncol. 10 (1), 118. https://doi.org/10.1038/
541698-026-01366-5.

Scheffler, P., Straehle, J., El Rahal, A., Erny, D., Mizaikoff, B., Vasilikos, I., Prinz, M.,
Coenen, V.A., Kiihn, J., Scherer, F., Heiland, D.H., Schnell, O., Roelz, R., Beck, J.,
Reinacher, P.C., Neidert, N., 2025. Intraoperative classification of CNS lymphoma
and glioblastoma by Al-based analysis of Stimulated Raman Histology (SRH). Jan 26
Brain Spine 5, 104187. https://doi.org/10.1016/j.bas.2025.104187.

Sciortino, T., Secoli, R., d'’Amico, E., Moccia, S., Conti Nibali, M., Gay, L., Rossi, M.,
Pecco, N., Castellano, A., De Momi, E., Fernandes, B., Riva, M., Bello, L., 2021.
Raman Spectroscopy and Machine Learning for IDH Genotyping of Unprocessed
Glioma Biopsies. Aug 20 Cancers (Basel) 13 (16), 4196. https://doi.org/10.3390/
cancers13164196.

Sippl, C., Stark, F., Schneider, K.I., Reyes Medina, B., Schulz-Schaeffer, W.,
Brinkmann, M., Neumann, F., Droop, R., Ullmann, S., Wiirthwein, T., Hellwig, T.,
Hoffmann, L., Monfroy, N., Khafaji, F., Saffour, S., Gaber, K., Linsler, S., 2026.
Stimulated Raman Spectroscopy for Intraoperative Glioblastoma Diagnosis-A
Complementary Tool to Frozen Section? Mar 24 Cancers (Basel) 18 (7), 1053.
https://doi.org/10.3390/cancers18071053.

Sledziriska, P., Bebyn, M., Szczerba, E., Furtak, J., Harat, M., Olszewska, N., et al., 2022.
Glioma 2021 WHO Classification: The Superiority of NGS Over IHC in Routine
Diagnostics. Mol. Diagn. Ther. 26 (6), 699-713.

Sounderajah, V., Guni, A., Liu, X., Collins, G.S., Karthikesalingam, A., Markar, S.R.,
Golub, R.M., Denniston, A.K., Shetty, S., Moher, D., Bossuyt, P.M., Darzi, A.,
Ashrafian, H., 2025. STARD-AI Steering Committee. The STARD-AI reporting

18

Critical Reviews in Oncology / Hematology 228 (2026) 105675

guideline for diagnostic accuracy studies using artificial intelligence. Nat. Med. 31,
3283-3289. https://doi.org/10.1038/s41591-025-03953-8.

Stables, R., Clemens, G., Butler, H.J., Ashton, K.M., Brodbelt, A., Dawson, T.P.,
Fullwood, L.M., Jenkinson, M.D., Baker, M.J., 2016. Feature driven classification of
Raman spectra for real-time spectral brain tumour diagnosis using sound. Dec 19
Analyst 142 (1), 98-109. https://doi.org/10.1039/c6an01583b.

Straehle, J., Erny, D., Neidert, N., Heiland, D.H., El Rahal, A., Sacalean, V., Steybe, D.,
Schmelzeisen, R., Vlachos, A., Mizaikoff, B., Reinacher, P.C., Coenen, V.A., Prinz, M.,
Beck, J., Schnell, O., 2021. Neuropathological interpretation of stimulated Raman
histology images of brain and spine tumors: part B. Neurosurg. Rev. 45 (2),
1721-1729. https://doi.org/10.1007/5s10143-021-01711-1.

Stupak, E.V., Glotov, V.M., Askandaryan, A.S., Clancy, S.E., Hiana, J.C., Cherkasova, O.
P., et al., 2025. Raman Spectroscopy in the Diagnosis of Brain Gliomas: A Literature
Review. Cureus 17 (2), €79165.

Sulangi, A.J., Husain, A., Lei, H., Okun, J., 2024. Neuronavigation in glioma resection:
current applications, challenges, and clinical outcomes. Front. Surg. 11, 1430567.

Sun, J., Fang, H., Zhang, Z., Chen, M., Tian, J., Chen, L., Zou, X., Yin, H., Yin, J., 2019.
Detection of glioma by surface-enhanced Raman scattering spectra with optimized
mathematical methods. J. Raman Spectrosc. 50 (8), 1130-1140. https://doi.org/
10.1002/jrs.5634.

Tang, J., Chen, L., Li, Z., Li, C., Li, D., 2025. Imaging Strategies for Delineating Glioma
Margins: Aiming at Precise Therapy (Forthcoming). Fundam. Res.. https://doi.org/
10.1016/j.fmre.2024.12.022.

Trevisi, G., Palermo, M., Barbone, P., Sturiale, C.L., 2025. Illuminating glioma surgery: A
meta-analysis of Raman spectroscopy for intraoperative decision-making. Oct 31
Neurosurg. Rev. 48 (1), 749. https://doi.org/10.1007/5s10143-025-03836-z.

Tu, S., Zhang, P., Chi, X., Zhang, Y., Ji, N., 2026. Lipid metabolism classification of
gliomas. Feb 11 Sci. Rep. 16 (1), 8219. https://doi.org/10.1038/541598-026-37697-
3.

Uckermann, O., Galli, R., Mark, G., Meinhardt, M., Koch, E., Schackert, G., Steiner, G.,
Kirsch, M., 2020. Label-free multiphoton imaging allows brain tumor recognition
based on texture analysis-a study of 382 tumor patients. Mar 12 Neurooncol Adv. 2
(1), vdaa035. https://doi.org/10.1093/noajnl/vdaa035.

Uckermann, O., Yao, W., Juratli, T.A., Galli, R., Leipnitz, E., Meinhardt, M., Koch, E.,
Schackert, G., Steiner, G., Kirsch, M., 2018. IDH1 mutation in human glioma induces
chemical alterations that are amenable to optical Raman spectroscopy (Sep).

J. Neurooncol 139 (2), 261-268. https://doi.org/10.1007/s11060-018-2883-8.

Uckermann, O., Ziegler, J., Meinhardt, M., Richter, S., Schackert, G., Eyiipoglu, LY.,
Hijazi, M.M., Krex, D., Juratli, T.A., Sobottka, S.B., Galli, R., 2024. Raman and
autofluorescence spectroscopy for in situ identification of neoplastic tissue during
surgical treatment of brain tumors (Dec). J. Neurooncol 170 (3), 543-553. https://
doi.org/10.1007/5s11060-024-04809-w.

Valanarasu, J.M.J., Xu, H., Usuyama, N., Kim, C., Wong, C., Argaw, P., Ben Shimol, R.,
Crabtree, A., Matlock, K., Bartlett, A.Q., Bagga, J., Gu, Y., Zhang, S., Naumann, T.,
Fox, B.A., Wright, B., Robicsek, A., Piening, B., Bifulco, C., Wang, S., Poon, H., 2026.
Multimodal Al generates virtual population for tumor microenvironment modeling.
Jan 22 Cell 189 (2), 386-400.e19. https://doi.org/10.1016/j.cell.2025.11.016.

Vershinina, O., Turubanova, V., Krivonosov, M., Trukhanov, A., Ivanchenko, M., 2025.
Explainable Machine Learning Models for Glioma Subtype Classification and
Survival Prediction. Aug 9 Cancers (Basel) 17 (16), 2614. https://doi.org/10.3390/
cancers17162614.

Vrancianu, C.O., Necula, M., Milea, E., Siminea, N., Cristian, R.-E., Stoica, A.,
Chifiriuc, M.C., Oancea, B., Paun, A., Petre, L., Paun, M., 2026. Raman spectroscopy
as a diagnostic tool for glioma: protocol for a systematic review. Diagnostic and
Prognostic Research 10 (1), 9. https://doi.org/10.1186/541512-026-00226-x.

Vrazhnov, D., Mankova, A., Stupak, E., Kistenev, Y., Shkurinov, A., Cherkasova, O.,
2023. Discovering Glioma Tissue through Its Biomarkers' Detection in Blood by
Raman Spectroscopy and Machine Learning. Pharmaceutics 15 (1), 203.

Wang, P., Wang, J., Fang, Z., Chen, Q., Zhang, Y., Qiu, X., Bao, Z., 2025. Novel metabolic
subtypes in IDH-mutant gliomas: implications for prognosis and therapy. Apr 30
BMC Cancer 25 (1), 815. https://doi.org/10.1186/512885-025-14176-y.

Wang, W., Zhao, Y., Teng, L., Yan, J., Guo, Y., Qiu, Y., et al., 2023. Neuropathologist-
level integrated classification of adult-type diffuse gliomas using deep learning from
whole-slide pathological images. Nat. Commun. 14 (1), 6359.

Wen, P.Y., van den Bent, M., Youssef, G., Cloughesy, T.F., Ellingson, B.M., Weller, M.,
et al., 2023. RANO 2.0: Update to the Response Assessment in Neuro-Oncology
Criteria for High- and Low-Grade Gliomas in Adults. J. Clin. Oncol. 41 (33),
5187-5199.

Wurm, L.M., Fischer, B., Neuschmelting, V., Goldbrunner, R., Croner, R.S., Jagielski, M.
W., Laue, D., Ertel, W., Hacker, M.C., Dybas, J., Kahlert, U.D., 2026. Spectral
discrimination of pediatric SF188 and adult glioblastoma stem cells by deep
learning-enhanced Raman profiling. Feb 2 Front. Oncol. 16, 1748133. https://doi.
org/10.3389/fonc.2026.1748133.

Yang, G., Zhang, K., Xu, W., Xu, S., 2024. A review of clinical use of surface-enhanced
Raman scattering-based biosensing for glioma. Apr 8 Front. Neurol. 15, 1287213.
https://doi.org/10.3389/fneur.2024.1287213.

Yin, H., Zhang, X., Zhao, Z., Cao, C., Xu, M., Zhou, S., Xuan, T., Jin, Z., Han, L., Fan, Y.,
Wang, C., Zhu, X., Mao, Y., Yu, J., Li, C., 2025. Artificial Intelligent-Enhanced
Metabolite Profiling for Intraoperative IDH1 Genotyping in Glioma Using an
Orthogonally Responsive SERS Probe (Jul). Adv. Sci. (Weinh. ) 12 (26), e2503360.
https://doi.org/10.1002/advs.202503360.

Zhang, L., Zhou, Y., Wu, B., Zhang, S., Zhy, K., Liu, C.H,, Yu, X., Alfano, R.R., 2023.

A Handheld Visible Resonance Raman Analyzer Used in Intraoperative Detection of


https://doi.org/10.1016/j.wneu.2024.05.002
https://doi.org/10.1002/aisy.202300397
https://doi.org/10.1002/aisy.202300397
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref76
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref76
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref76
https://doi.org/10.1186/s12885-023-10588-w
https://doi.org/10.1007/s00701-025-06457-z
https://doi.org/10.1007/s00701-025-06457-z
https://doi.org/10.1093/neuonc/noae270
https://doi.org/10.1093/neuonc/noae270
https://doi.org/10.1158/1078-0432.CCR-23-3842
https://doi.org/10.1186/s40478-022-01411-x
https://doi.org/10.1186/s40478-022-01411-x
https://doi.org/10.3390/cancers13051073
https://doi.org/10.3389/fonc.2022.944210
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref84
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref84
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref84
https://doi.org/10.1186/s12874-025-02463-y
https://doi.org/10.1186/s12874-025-02463-y
https://doi.org/10.1016/j.compbiomed.2025.110988
https://doi.org/10.1016/j.compbiomed.2025.110988
https://doi.org/10.1038/s41698-026-01366-5
https://doi.org/10.1038/s41698-026-01366-5
https://doi.org/10.1016/j.bas.2025.104187
https://doi.org/10.3390/cancers13164196
https://doi.org/10.3390/cancers13164196
https://doi.org/10.3390/cancers18071053
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref91
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref91
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref91
https://doi.org/10.1038/s41591-025-03953-8
https://doi.org/10.1039/c6an01583b
https://doi.org/10.1007/s10143-021-01711-1
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref95
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref95
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref95
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref96
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref96
https://doi.org/10.1002/jrs.5634
https://doi.org/10.1002/jrs.5634
https://doi.org/10.1016/j.fmre.2024.12.022
https://doi.org/10.1016/j.fmre.2024.12.022
https://doi.org/10.1007/s10143-025-03836-z
https://doi.org/10.1038/s41598-026-37697-3
https://doi.org/10.1038/s41598-026-37697-3
https://doi.org/10.1093/noajnl/vdaa035
https://doi.org/10.1007/s11060-018-2883-8
https://doi.org/10.1007/s11060-024-04809-w
https://doi.org/10.1007/s11060-024-04809-w
https://doi.org/10.1016/j.cell.2025.11.016
https://doi.org/10.3390/cancers17162614
https://doi.org/10.3390/cancers17162614
https://doi.org/10.1186/s41512-026-00226-x
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref107
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref107
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref107
https://doi.org/10.1186/s12885-025-14176-y
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref109
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref109
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref109
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref110
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref110
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref110
http://refhub.elsevier.com/S1040-8428(26)00562-7/sbref110
https://doi.org/10.3389/fonc.2026.1748133
https://doi.org/10.3389/fonc.2026.1748133
https://doi.org/10.3389/fneur.2024.1287213
https://doi.org/10.1002/advs.202503360

C.0. Vrancianu et al.

Human Glioma. Mar 14 Cancers (Basel) 15 (6), 1752. https://doi.org/10.3390/
cancers15061752.

Zhang, X.M., Gao, T.H., Cai, Q.Y., Xia, J.B., Sun, Y.N., Yang, J., et al., 2026. Artificial
intelligence in digital pathology diagnosis and analysis: technologies, challenges,
and future prospects. Jan 4 Mil. Med. Res. 12 (1), 93. https://doi.org/10.1186/
s40779-025-00680-6.

Zhao, J., Lin, S.Y., Attias, R., Mathews, L., Engel, C., Larghero, G., Vremenko, D., Kao, T.
W., Lee, T.H., Wang, Y.H., Tsai, C.C., Marostica, E., Lo, Y.C., Meredith, D., Ligon, K.
L., Arnaout, O., Roetzer-Pejrimovsky, T., Lin, S.C., Shih, N.N., Chaisuriya, N.,
Cook, D.J., Chiang, J.H., Liu, C.J., Woehrer, A., Golden, J.A., Nasrallah, M.P., Yu, K.
H., 2025. Uncertainty-aware ensemble of foundation models differentiates
glioblastoma from its mimics. Sep 29 Nat. Commun. 16 (1), 8341. https://doi.org/
10.1038/541467-025-64249-6.

Corneliu Ovidiu Vrancianu, PhD, is a Research Scientist at National Institute of Research
and Development for Biological Sciences, Bucharest, Romania. His research interests
include antimicrobial resistance, molecular diagnostics, next-generation sequencing, and
artificial intelligence applications in precision medicine.

Marian Necula, PhD, is a Research Scientist at National Institute of Research and Devel-
opment for Biological Sciences, Bucharest, Romania. His research focuses on applied
statistics, machine learning, artificial intelligence, remote sensing, and advanced analyt-
ical methods for environmental and deltaic ecosystems.

Eduard Milea, PhD, is a Research Scientist at National Institute of Research and Devel-
opment for Biological Sciences, Bucharest, Romania. His research focuses on bioinfor-
matics, biostatistics, epidemiology, machine learning, and artificial intelligence for
biomedical data analysis.

Nicoleta Siminea, PhD is a Research Scientist at National Institute of Research and
Development for Biological Sciences, Bucharest, Romania. Her research interests include
bioinformatics, biomedical data analysis, and the development of computational ap-
proaches to improve disease diagnosis and treatment.

Roxana-Elena Cristian, PhD is a Research Scientist at National Institute of Research and
Development for Biological Sciences, Bucharest, Romania. Her research interests include
nanotoxicology, genetics, molecular biology, and clinical laboratory diagnostics.

19

Critical Reviews in Oncology / Hematology 228 (2026) 105675

Alice Stoica is a Research Assistant National Institute of Research and Development for
Biological Sciences, Bucharest, Romania. Her research focuses on molecular biology, ge-
netics, nanotoxicology, biomaterials, and experimental approaches for biomedical
applications.

Mariana Carmen Chifiriuc is Professor of Microbiology and Immunology at the University
of Bucharest, Romania, and a Ph.D. supervisor in Biology. Her research interests include
antimicrobial resistance, microbial virulence, host-pathogen interactions, microbiome
research, and rapid microbiological diagnostics. She has coordinated numerous national
and international research projects and has published more than 300 articles in interna-
tional peer-reviewed journals.

Bogdan Oancea is Professor at the University of Bucharest and Research Scientist at Na-
tional Institute of Research and Development for Biological Sciences, Bucharest, Romania.
His interdisciplinary research integrates machine learning, artificial intelligence, bioin-
formatics, and biostatistics to develop computational approaches for biomedical research,
public health, and health metrics.

Andrei Paun is Professor of Computer Science at the University of Bucharest and Research
Scientist at National Institute of Research and Development for Biological Sciences,
Bucharest, Romania. His research interests include theoretical computer science, mem-
brane computing, systems biology, biocomputing, and computational models for biolog-
ical systems.

Ton Petre is Professor of Mathematics at the University of Turku, Finland, and Research
Scientist at National Institute of Research and Development for Biological Sciences,
Bucharest, Romania. His research focuses on computational systems biology, network
modelling, large-scale life science modelling, and computational methods for biomedical
data integration and analysis.

Mihaela Paun is Professor of Statistics at the University of Bucharest and Research Scientist
at National Institute of Research and Development for Biological Sciences, Bucharest,
Romania. Her research focuses on biostatistics, biocomputing, high-performance
computing, data analysis, and computational methods for biomedical and environ-
mental applications.


https://doi.org/10.3390/cancers15061752
https://doi.org/10.3390/cancers15061752
https://doi.org/10.1186/s40779-025-00680-6
https://doi.org/10.1186/s40779-025-00680-6
https://doi.org/10.1038/s41467-025-64249-6
https://doi.org/10.1038/s41467-025-64249-6

	Raman spectroscopy for glioma diagnosis toward precision neuro-oncology: A systematic review
	1 Introduction
	2 Methods
	2.1 Eligibility criteria
	2.1.1 Patients
	2.1.2 Information sources
	2.1.3 Search strategy

	2.2 Study records
	2.2.1 Data management
	2.2.2 Selection Process
	2.2.3 Data collection process
	2.2.4 Data items

	2.3 Risk of bias assessment
	2.4 Data synthesis

	3 Results
	3.1 Study selection
	3.2 Characteristics of included studies
	3.3 Sources of methodological heterogeneity
	3.3.1 Raman Modalities and Acquisition Strategies
	3.3.2 Clinical Setting and Tissue Preparation
	3.3.3 Analytical Approaches and Machine Learning
	3.3.4 Validation Strategies and Units of Analysis

	3.4 Diagnostic Performance Across Raman Modalities
	3.4.1 Conventional Raman Spectroscopy
	3.4.2 Stimulated Raman histology and stimulated Raman scattering
	3.4.3 Surface-Enhanced Raman Spectroscopy
	3.4.4 Comparative synthesis of diagnostic performance

	3.5 Clinical Applications of Raman Spectroscopy in Glioma
	3.5.1 Tumor Detection and Tissue Classification
	3.5.2 Tumor Margin Assessment
	3.5.3 Histopathological Classification and Glioma Grading
	3.5.4 Molecular Characterization
	3.5.5 Intraoperative Decision Support and Digital Pathology

	3.6 Machine Learning and Validation Maturity
	3.6.1 Evolution of Bioinformatic Approaches
	3.6.2 Validation remains the principal limitation
	3.6.3 Analytical level influences reported performance
	3.6.4 Methodological Risks and Best Practices for Machine-Learning Validation
	3.6.5 External Validation and clinical translation

	3.7 Risk of bias assessment
	3.7.1 Overall risk-of-bias profile
	3.7.2 Patient selection
	3.7.3 Index test domain
	3.7.4 Reference standard and flow-and-timing

	3.8 Translational readiness and strength of evidence
	3.8.1 Applications Supported by the Strongest Evidence
	3.8.2 Emerging Applications
	3.8.3 Remaining barriers to clinical implementation
	3.8.4 Overall Strength of Evidence


	4 Discussion
	4.1 Biological rationale and principal findings
	4.2 From Intraoperative Raman Imaging to AI-Assisted Molecular Diagnostics
	4.3 Translational challenges and future perspectives

	5 Conclusions
	Critical View
	Ethics approval and consent to participate
	Consent for publication
	Funding
	Declaration of Competing Interest
	Acknowledgements
	Appendix A Supporting information
	Data availability
	References




