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Abstract

Raman spectroscopy provides label-free, molecularly specific measurements of tissue, cells,
and biofluids. Chemometric, machine-learning, and deep-learning methods are used to
interpret these measurements for diagnostic purposes. This review critically examines an
index sample of 15 studies applying such methods to pancreatic samples (human tissue and
biofluids, animal models, cell lines), focusing on preprocessing, classification, and valida-
tion design. Few studies are restricted to the pancreas, so the sample includes other tumor
types; “pancreatic cancer” denotes the whole group, and pancreatic ductal adenocarcinoma
is named only where a study reports it. Across these studies, high internal performance
is often accompanied by small numbers of independent biological units, spectral pseu-
doreplication, unclear patient- or specimen-level partitioning, data-dependent processing
outside training folds, and limited external validation; instrument and pipeline differences
further prevent direct comparison. We distinguish evidence of spectral separability within
a dataset from evidence of diagnostic generalization to independent patients; our conclu-
sions concern validation design, not diagnostic accuracy for any tumor type. Priorities
include transparent reporting, patient-grouped evaluation, training-only preprocessing
and model selection, harmonized acquisition and processing, and shared benchmarks with
sequestered test sets. Raman spectroscopy remains a promising source of biochemical
information, but clinical translation requires reproducible performance across independent
patients, laboratories, and acquisition conditions.

Keywords: Raman spectroscopy; machine learning; deep learning; pancreatic cancer;
pancreatic ductal adenocarcinoma; pancreatitis; data leakage; validation

1. Introduction
Pancreatic cancer is among the leading causes of cancer death, and global deaths have

risen 2.3-fold since 1990 [1]. It also has one of the poorest prognoses: the 5-year survival
rate is approximately 13% in the United States [2]. Survival improved only modestly over
the past four decades, but has risen faster in the last ten years, a gain attributed mainly
to higher resection rates and improved perioperative safety [3]. Despite this progress,
pancreatic cancer has the lowest 5-year survival rate of all major cancers [2].

Clinicians classify pancreatic cancer into two main groups: exocrine tumors and
neuroendocrine tumors. Each group contains several subtypes that differ in symptoms
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and prognosis [4,5]. Exocrine tumors account for roughly 95% of all pancreatic cancers.
They originate from the exocrine cells of the gland whose ducts carry digestive enzymes
to the duodenum. pancreatic ductal adenocarcinoma (PDAC) is the most common ex-
ocrine subtype and accounts for over 90% of diagnoses. It originates from the ductal
epithelium [6]. Several mutations drive PDAC; the most common affects Kirsten rat sar-
coma viral oncogene homolog (KRAS), which encodes K-Ras, a key protein in the rat
sarcoma/mitogen-activated protein kinase (RAS/MAPK) signaling pathway, and is altered
in more than 80% of cases [7].

Less common exocrine subtypes include squamous cell carcinoma and adenosqua-
mous carcinoma; the latter occurs in 1–4% of exocrine cancers and combines features of both
histologies. Colloid carcinoma (1–3%) develops from an intraductal papillary mucinous
neoplasm (IPMN) [8]. Tumor cells float in a mucin-rich matrix, so they spread more slowly
and respond better to treatment. Neuroendocrine tumors originate in the pancreatic islets.
They represent under 2% of pancreatic cancer cases and are typically less aggressive than
exocrine forms [9].

Raman spectroscopy (RS) is used for the molecular characterization of biomedical
samples. When incident photons interact with matter, a small fraction is scattered in-
elastically, with a frequency shift relative to the excitation radiation. This Raman shift
reflects the vibrational properties, and hence the chemical composition, of the molecules
probed [10]. The frequency distribution of the photons scattered by a complex biological
sample therefore yields a characteristic spectral profile, commonly called the sample’s
“molecular fingerprint” [11]. RS is generally non-destructive at appropriate laser powers
and label-free [11]. A single spectrum covers a range that includes bands from many
potential biomarkers, such as lipids, nucleic acids, and proteins. Several variants of RS,
described in the following sections, also map the signal across a surface and so show the
spatial distribution of specific classes of molecules, with a resolution that can reach the
subcellular level. Numerous studies have proposed RS as a diagnostic approach in cancer
research, although this line of work is still at an early stage [12–15].

The Raman signal is intrinsically weak, particularly when compared with other poten-
tially concomitant contributions, such as autofluorescence [16]. In this regard, stimulated
Raman scattering (SRS), a member of the broader family of coherent Raman scattering (CRS)
techniques, represents a potential solution to this limitation. The basic principle underlying
SRS consists of illuminating the sample with two laser pulses, typically with durations of
a few picoseconds or less [17], which are spatially and temporally overlapped [18]. This
interaction generates a Raman signal characterized by spatial and temporal coherence,
resulting in an improved signal-to-noise ratio. Moreover, the technique enables video-rate
acquisition, at the expense of a narrow instantaneous bandwidth, typically on the order
of ∼10 cm−1 in single-frequency implementations [17]. Nevertheless, recent studies have
demonstrated the potential of SRS as a diagnostic approach in several tumor types [19–23].
In particular, in the case of brain tumors, SRS combined with deep learning has reached
intraoperative molecular classification accuracy exceeding 90% [22], and, more recently,
an accuracy above 96% has been reported for pancreatic biopsies obtained via endoscopic
ultrasound-guided fine-needle aspiration [23]. Coherent nonlinear optical microscopy
combining SRS with second-harmonic generation (SHG) has shown high diagnostic con-
cordance (reported Cohen’s kappa, κ > 0.97) with hematoxylin and eosin (H&E) staining
on frozen sections from pancreatic resection margins, and produced comparable image
quality on fresh, unprocessed tissue without a quantified concordance score [24].

Although CRS is particularly effective for the rapid imaging of complex biological
samples, the high cost of the required instrumentation limits its potential for engineering
and integration into compact systems [25]. Moreover, it does not fully overcome the limited
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detection sensitivity often associated with biomarkers of interest. On the other hand,
surface-enhanced Raman spectroscopy (SERS) appears to be a Raman-based approach
combining high efficacy with the possibility of being engineered into compact, point-
of-care devices [26]. SERS exploits the enhancement of the electromagnetic field in the
vicinity of metallic nanostructures, such as nanostructured surfaces or nanoparticles. By
placing the analyte within these regions of enhanced electromagnetic field, it is therefore
possible to induce Raman scattering with a substantially enhanced intensity [27]. Two
complementary mechanisms are generally invoked to explain this enhancement [28]. In the
electromagnetic enhancement (EE) model, incident radiation resonant with the collective
oscillations of the conduction electrons excites a localized surface plasmon resonance in
the metallic nanostructure, strongly amplifying the local electric field. This amplification
is maximal at the so-called “hot spots”, typically located at junctions, gaps, or aggregates
of metallic nanoparticles [29], where the enhancement can be sufficient to enable single-
molecule detection [30]. The chemical enhancement (CE) mechanism, by contrast, arises
from changes in the molecular polarizability caused by the interaction between the analyte
and the metal surface [31]. EE is generally regarded as the dominant contribution, with
enhancement factors of 104–108, whereas CE rarely exceeds 101–103 [27,32]; CE is, however,
molecule- and surface-specific and thus contributes to spectral selectivity [31].

All the aforementioned advantages make SERS suitable for the detection of cancer
biomarkers at very low concentrations [33]. However, their quantification remains challeng-
ing because experimental factors interfere with standard detection. Banaei et al. recently
tested a SERS-based immunoassay on serum extracellular vesicles (EVs) from 15 patients
(5 controls, 5 chronic pancreatitis, 5 PDAC) and reported sensitivity and specificity above
0.95 in discriminating chronic pancreatitis from pancreatic cancer [34]. Traditional methods
for isolating tumor-derived EVs are laborious and often destructive. SERS immunoas-
says avoid this problem by detecting EVs directly in serum. Valera et al. used SERS to
study immunosuppression in stratified pancreatic cancer–stroma spheroids (STAM) and
in monocultures of cancer cells or fibroblasts. In the co-culture spheroids, indoleamine
2,3-dioxygenase 1 (IDO1) converted tryptophan into kynurenine at much higher rates
than in either monoculture, and the SERS signal tracked this difference accurately when
validated against the enzyme-linked immunosorbent assay (ELISA) [35].

Although the high information content of individual Raman spectra represents a major
strength of the approach, translating that richness into diagnostically useful information is
not straightforward. A Raman spectrum is, numerically, a table of intensities across hun-
dreds or thousands of wavenumbers: neighboring channels are highly correlated because
the finite linewidth of each vibrational mode is sampled at a much finer digital resolution,
many channels are dominated by noise, and the differences between specific tumor histo-
types, healthy tissue, and pancreatitis are often too subtle to distinguish by eye. Ordinary
statistics struggle with this geometry, so advanced computational strategies are required
to suppress noisy or redundant contributions and extract the diagnostically relevant sig-
nal [13,36]. In this context, chemometric methods distinguish patterns associated with the
classes of interest from irrelevant variation or noise [37]. As in machine learning (ML) more
broadly, chemometric methods applied to Raman data fall into two classes: unsupervised
models, which explore the data without labels, and supervised models, which learn from
samples whose class is already known [38].

In supervised learning (SL), the entire spectrum is associated with one label describing
a property of the sample as a whole, such as the tissue histotype (tumor, pancreatitis,
healthy) from which it was acquired. This label may take continuous or discrete (categorical)
values; the model is then termed a regressor or a classifier, respectively. Labels are used
during training, validation, and testing to build a model able to predict them on new
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spectra. Among the most common regression models is multiple linear regression (MLR),
while widely used classifiers include partial least squares discriminant analysis (PLS-DA),
support vector machine discriminant analysis (SVM-DA), and artificial neural networks
(ANNs), among others [15].

Unsupervised learning (UL) comprises a class of ML methods designed to au-
tonomously uncover latent structures, patterns, and relationships within data in the ab-
sence of predefined class labels. Rather than learning an explicit mapping between input
features and target outputs, these models characterize the intrinsic structure and distribu-
tion of the data, thereby revealing underlying patterns and organization. Representative
UL techniques include dimensionality-reduction methods, such as principal component
analysis (PCA) and t-distributed stochastic neighbor embedding (t-SNE), which project
high-dimensional data into lower-dimensional spaces while preserving relevant features of
their underlying structure, as well as clustering algorithms, such as k-means and hierarchi-
cal clustering, which partition observations according to predefined measures of similarity.
In spectroscopic applications, these approaches are particularly valuable at the exploratory
stage of data analysis, as they can reveal latent substructures, sample heterogeneity, or
outliers without requiring prior assumptions regarding the classes of interest, such as
tumor histotypes.

Raman-ML studies on pancreatic cancer are comparatively few. In a 2022 review
of artificial intelligence (AI) applications to pancreatic cancer, Huang et al. mentioned
only one Raman study among dozens of papers on computed tomography (CT), magnetic
resonance imaging (MRI), positron emission tomography (PET), endoscopic ultrasound,
and biomarkers [39]. More broadly, Raman-ML applications have been reported more
extensively in other tumor types, including breast, lung, and cervical cancer [40].

To address this landscape, the present review examines the application of ML tech-
niques to Raman data from pancreatic samples, mapping what has been achieved so far
and assessing how far the field is from clinical translation. Because studies restricted to
the pancreas are few, the review analyzes an index sample of studies that differ in sample
type and tumor type, described in Section 3, and not an exhaustive survey of the literature.
“Pancreatic cancer” denotes the whole group, and PDAC is used only where a study reports
it. The review therefore does not estimate the diagnostic accuracy of Raman spectroscopy
for any tumor type; it assesses whether the validation design of each study supports the per-
formance it reports. This work builds upon a previous broad survey [15], which cataloged
Raman-AI applications across seven cancer types and included seven of the pancreatic
studies revisited here. While the two reviews overlap, they follow distinct methodological
frameworks, which are disclosed here for transparency. The analysis conducted in the first
review explicitly identifies leave-one-patient-out cross-validation, small-sample overfitting,
and validation-strategy selection as central concerns for the field, but the authors do not
apply these criteria to evaluate the individual studies. The present review takes up that gap
directly, applying a fixed taxonomy of ML failure modes (structural leakage, preprocessing
leakage, feature-selection bias, model-selection bias, confounded class labels, and spectral
pseudoreplication) to each study of the sample.

2. Machine Learning Methods for Raman Investigations of
Pancreatic Cancers

ML is increasingly applied to Raman spectroscopy to classify biological samples and
identify spectral features associated with pathological conditions [15,41]. In studies of
pancreatic cancer, researchers have investigated several supervised learning approaches.
For instance, Mandrell et al. and Ziwei et al. applied support vector machines (SVMs) and
k-nearest neighbors (k-NN) to Raman spectra for the classification of pancreatic cancer-
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related samples [42,43], while Li et al. used convolutional neural networks (CNNs) to
analyze Raman spectra and identify features relevant to pancreatic cancer classification [44].
Feature-selection procedures have also been employed to reduce the number of spectral
variables and improve the interpretability of classification models [42,45]. Dimensionality
reduction and feature extraction methods, including PCA and partial least squares (PLS),
are generally used to transform the original spectra into lower-dimensional representations
before classification.

SVMs are among the supervised learning methods commonly used for the classifi-
cation of Raman spectra in cancer research, with applications to different tumor types
and biological samples [46–48]. In the binary classification setting, an SVM determines
a decision hyperplane that maximizes the margin between the two classes [49]. When
the classes are not linearly separable in the original feature space, kernel functions allow
SVMs to construct non-linear decision boundaries by implicitly mapping the data into a
higher-dimensional feature space.

Random Forests (RFs) are ensemble learning methods based on collections of decision
trees [50]. Each tree is trained on a bootstrap sample drawn from the original training set,
and a random subset of features is considered at each node when determining the split [50].
Let Np denote the total number of features; a common choice for classification is to consider√︁

Np randomly selected features at each split [51]. The feature and threshold defining the
split are chosen according to the reduction in node impurity, often measured using the Gini
index [51,52]. The final class is assigned by majority voting across the individual trees.

A recent approach combines topological data analysis (TDA) with ML to obtain a
different representation of Raman spectra for classification [53]. Instead of using the spectral
variables directly, TDA is used to extract descriptors based on the topological structure
of the data, which are eventually provided to a conventional machine-learning classifier.
In a study of pancreatic tissue, Conti et al. applied this approach to Raman spectra from
biopsies of normal tissue, chronic pancreatitis, and PDAC [53].

3. Review Scope and Methods
3.1. Review Type

This is a critical review of the validation design of studies that apply machine learning
to Raman spectra of pancreatic samples. It has a systematic component: a fixed taxonomy
of failure modes is applied to every study, the coverage search is documented, and the
eligibility criteria are stated explicitly (Sections 3.3 and 3.4). It was not, however, conducted
as a systematic review in the sense of the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) guidelines [54]: no protocol was registered, screening was
not duplicated, and the aim is to examine how validation can fail, not to estimate how well
the methods perform. We therefore do not claim adherence to PRISMA and use its 2020
flow diagram only as a template to report the selection of records.

3.2. Index Sample

The review analyzes an index sample of 15 studies. It starts from the pancreatic studies
of the review by Manganelli Conforti et al. [15], seven in total, to which the group added
its own 2025 study [41]; these eight studies formed an earlier, unpublished draft of this
review. The authors then extended the sample to the 15 studies analyzed here, choosing
those closest to the research interests of the group. The index sample therefore reflects what
the authors found and chose, and not every study that meets the eligibility criteria below.
Studies on pancreatic samples that apply no classifier to the spectra, such as those cited in
the Introduction as clinical or technical context [24,35], are not part of the index sample.
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The sample covers human tissue and biofluids, animal models, and cell lines. Because
studies restricted to the pancreas are few, it also contains studies of other tumor types
and of pancreatic lesions other than ductal adenocarcinoma, provided that pancreatic
samples were part of the data analyzed with a machine-learning classifier. Pancreas-specific
performance is not always reported: it is absent in two multi-cancer serum studies [55,56],
and can be reconstructed from a confusion matrix in only one of them. “Pancreatic cancer”
denotes the whole group, and PDAC is used only where a study reports it.

3.3. Coverage Search

To make the process verifiable and to estimate what the index sample leaves out, we
searched PubMed and Scopus. For each database, we ran a broad query combining Raman,
SERS, or stimulated Raman terms with a pancreas term, and a narrower query that also
required ML and classification terms. The strings are given in the Supplementary Materials,
with no restriction on language or publication dateat retrieval. The two sets were merged
and deduplicated with a Python 3.12 script that matches the records first by DOI and then,
among those not matched, by normalized title together with the year; the script is given
in Section “Deduplication of PubMed and Scopus records” of Supplementary File S2. The
procedure left 394 unique records, of which 164 were found in both databases, 3 in PubMed
only and 227 in Scopus only. The 15 studies of the index sample had been identified before
the search and independently of the queries. The broad queries retrieved all of them, and
the narrower queries retrieved 14 of 15 (The exception is Carmicheal et al. [57]: the abstract
names the classifier “principal component differential function analysis” (sic) and contains
none of the machine-learning or classification terms of query A. The 19 October sets of
query A could not be reproduced exactly (Supplementary File S2, Queries)). The check
shows that the queries are not blind to the studies we had selected (The searches were run
on 19 October 2026. The publication window (up to 30 June 2026) was applied at screening.
Figure 1 describes the flow).

Figure 1. Identification, screening, and eligibility of records. The broad and narrower queries are
reported in Supplementary File S2 (Queries). The authors selected the 15 studies in the index sample
from the 31 eligible studies. The 16 eligible studies not analyzed were not excluded by any criterion
and are listed in Table S3 of Supplementary File S1.
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3.4. Eligibility and Screening

A record was eligible if it (i) reported primary research (journal article, conference
paper, or book chapter), (ii) used Raman-based measurements, including SERS and stimu-
lated Raman scattering, (iii) included pancreatic samples (human tissue or biofluid, animal
model, or cell lines) among the data analyzed, and (iv) applied a statistical or machine-
learning classifier to the spectra. Of the 394 unique records, 359 were excluded based
on their titles and abstracts, and 35 met the criteria. Three were excluded after full-text
review because no classifier was applied to the spectra; one lacked a pancreatic sample. Of
31 eligible studies, 15 form the index sample.

The index sample was read from the perspective of translational diagnostics, that is, of
whether the reported validation would support a tool that a pathologist could use; this is the
perspective of the review, not a criterion by which the studies were selected. Accordingly,
the index sample contains more studies on human tissue directed to histopathology (four
of 15 [23,41,58,59]) than the 16 studies not analyzed (one of 16 [60]).

The remaining 16 are described in Table S3 of Supplementary File S1; they were not
excluded by any criterion, but were not selected for the analysis carried out in Section 4.
We retrieved the full text for 14 of the 16 eligible records and used it to confirm eligibility.
For the remaining two (Bunganič [61] and Chen [62]), the decision was based on the
abstract alone.

Table S3 also allows a descriptive check, without appraising the studies, of whether the
16 would alter the weakness we found most often in the index sample, namely a partition
of training and test data below the level of the patient or not stated (Supplementary File S1,
Table S2). For 14 of the 16 the separation could be extracted. In six of them at least one
analysis divided the data at the level of single spectra or readouts, or the unit of the
split is not stated; in two, no held-out set was used and the model was evaluated on
all samples, with leave-one-out cross-validation or permutation tests; in five, the data
were divided by sample, by tissue block, or with an independent test set; in one, a model
parameter was selected on the accuracy of the cross-validation also used for evaluation.
The 16 studies therefore show the same weakness, but not universally. This description
reports what the studies state; it is not an appraisal of their validity, and it does not cover
weaknesses that Table S3 does not report, such as preprocessing or feature selection outside
the training folds.

Titles and abstracts were screened by one author (R.D.G.), who read the full text where
the abstract did not settle eligibility. Of the 35 records that met the criteria on title and
abstract, 33 were read in full; the other two were assessed on the abstract (see above).
The query strings combined the concepts of Raman spectroscopy (including SERS and
stimulated Raman scattering) and pancreas, with the addition of machine learning in
the narrower query; they were proposed by the AI assistant, and the author ran them
in PubMed and Scopus and exported the records. To limit the risk of omitting relevant
studies, the broad query combined only the concepts of Raman and pancreas, and two
databases were searched with no restriction on language or publication date at retrieval.
The AI assistant did not exclude any record on its own: it was used to organize the exports,
to apply the deduplication rule (first by DOI, then by normalized title together with the
year; Supplementary File S2, Section “Deduplication of PubMed and Scopus records”),
and to propose an exclusion code for each record. The author took every inclusion and
exclusion decision and checked the proposed codes on a sample. There was no independent
duplicate screening. The screening log, with the exclusion codes X1 to X6, is provided as
Supplementary File S2. To assess the risk of false exclusion, a random stratified sample
of 30 of the 359 records excluded on title and abstract was re-assessed by R.D.G., blind
to the assigned code. None of the 30 was found to be eligible, so the exclusion decision
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was confirmed for all of them; at first reading, the assigned code matched in only 14 of the
30 records (stratified sample, not a population estimate). The disagreements arose because
the exclusion criteria are not mutually exclusive (e.g., a review also lacks a classifier)
and because no code was dedicated to the absence of Raman measurements. The codes
in Supplementary File S2 should therefore be read as indicative of the main reason for
exclusion, not as a unique classification. Because the re-assessor was also the screener, the
check tests the consistency of the decisions, not their independence; with no false exclusion
in 30 records, a rate of up to about 10% remains compatible with the data. The check does
not cover studies that the queries did not retrieve or that the two databases do not index,
and we did not search other databases or the reference lists of the retrieved studies.

3.5. Data Extraction and Appraisal

We read each of the 15 studies in full and extracted the sample type, the unit of analysis,
the number of patients, animals, or preparations, as well as the number of spectra, the
preprocessing and feature-selection steps, the model-selection and validation schemes, and
the origin of the class labels. Each study was then assessed and described in Section 4. The
extraction tables are provided in Supplementary File S1 (Tables S1 and S2), and a synopsis
is presented in Table 1. The assessment describes potential failures in validation design; the
review does not estimate how prevalent these failure modes are in the literature.
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Table 1. Synopsis of the 15 Raman–ML studies reviewed in Section 4. “Units” are the independent
biological or experimental units; the number of spectra follows the arrow. “Documented” leakage
means that the paper itself describes a procedure that lets test information reach training; “unresolved”
means that grouping or nesting is not reported, so leakage can be neither confirmed nor excluded.
Headline figures are internal unless stated otherwise.

Study Sample, Modality Units → Spectra Internal Validation Headline Result Leakage External Cohort

Zhang et al.,
2026 [55]

Human serum
exosomes, SERS

655 samples
(45 pancreatic) →
≥131,000

5-fold CV, grouping
not stated

97.4% cancer vs.
non-cancer; 93.89%
eleven-class; no
pancreas-specific metric

Unresolved None

Lazzini et al.,
2025 [41]

Human surgical tissue,
confocal Raman

15 patients → 1140 per
class after SMOTE

5-fold CV; SMOTE order
not stated ≈96% (RF) Unresolved None

Tan et al., 2025 [23] Human EUS-FNA
biopsies, SRS imaging

76 patients → 2000 blocks
per class

8:2 block-level split, no slide
grouping

Block AUC 0.996; benign
class confounded with
preparation route

Unresolved
33 cases,
4 hospitals: 96.97%
(32/33)

Aslam et al.,
2024 [45]

Mouse tissue,
spontaneous Raman 20 mice → 2529

10% hold-out + 15-fold CV;
SVM-RFE nesting
not shown

98.5% (NLSVM) Unresolved None

Kralova et al.,
2024 [64]

Human plasma,
Raman + ROA

191 samples (sample-level
analysis)

LOOCV; band selection on
full cohort, nesting
not stated

89.0% cancer vs. control;
86.7% three-way Unresolved None

Szymoński et al.,
2023 (EJNMMI) [59]

Human FFPE tissue,
RHM + CNN

17 patients (24 slides) →
53,879 70:30 split at spectrum level

94% validation accuracy,
five classes (training
>99%)

Documented None

Szymoński et al.,
2023 (ABC) [58]

Human FFPE tissue,
RHM + CNN

15 patients (16 slides) →
42,098 annotated, 126,294
after augmentation

70:30 split at spectrum level;
augmentation before split

>98% (CNN + dense
classifier) Documented One new slide,

qualitative only

Sezer et al., 2022 [63] Single cell line,
confocal Raman One cell line → 254 One 67:33 split; PCA fitted

on all spectra 97.6% (PCA–SVM) Documented None

Uthamacumaran et
al., 2022 [56]

Human serum EVs,
Raman + FTIR

9 subjects (1 pancreatic)
→ 18 Raman

50:50 split + 5-fold CV,
grouping unclear

100% hold-out; 30–90%
in CV Unresolved None

Banaei et al.,
2021 [34]

Human serum EVs,
targeted SERS
immunoassay

15 patients →
150 readouts

Random 5-fold CV
on readouts

Sens. 0.95, spec. 0.96 (task
not attributed) Documented None

3.6. Limitations of the Approach

Several limitations apply. First, the index sample is not exhaustive and reflects the
authors’ choices, so conclusions about the field cannot be drawn from it. Second, the
eligibility criteria were refined during the work rather than fixed beforehand. Third, one
author screened titles and abstracts, and the coauthors checked the screening output;
however, screening was not independently duplicated. The coauthors also validated each
study appraisal, but did not conduct the appraisals in duplicate. Fourth, two authors
coauthored one of the appraised studies [41]; an author who did not participate in that
study conducted its appraisal.

4. Review of Raman Spectroscopy and Machine Learning Applications in
Pancreatic Oncology

The 15 studies reviewed here are an index sample. How they were selected, and what
the coverage search shows about the eligible studies that are not analyzed, is described in
Section 3.
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https://doi.org/10.3390/app162111019


Appl. Sci. 2026, 16, 11019 10 of 38

This section reviews Raman spectroscopy and machine-learning techniques for cancer
diagnosis. Many studies combine pancreatic cancer with other malignancies, making it
difficult to extract pancreas-specific accuracy figures.

Three measurement strategies appear across this literature. Spontaneous confocal
Raman is used in roughly half of the studies, for measurements of serum [43], tissue [41,44],
serum-derived extracellular vesicles [56], and cultured cells [63].

Other studies use SERS. Mandrell et al. [42] applied it to cultured cells, while
Carmicheal et al. [57] applied it first to cell lines and later to serum-derived exosomes.
Banaei et al. [34] used a targeted serum-EV immunoassay, and a later study applied SERS to
serum-derived exosomes captured on a functionalized chip [55]. Szymoński and colleagues
reported two companion studies combining Raman hyperspectral mapping [58,59] with
CNN classification.

From a preprocessing perspective, the selected papers use distinct strategies.
Aslam et al. [45] do not explicitly report preprocessing, suggesting that they either adopted
the protocol from Li et al. [44] or used the preprocessed dataset directly. In contrast,
Mandrell et al. [42] and Lazzini et al. [41] evaluate multiple dimensionality-reduction or
feature-selection pathways before selecting a final classifier. The two companion papers
by Szymoński combine polynomial baseline correction and Savitzky–Golay smoothing
with spectral-range restriction; the Analytical and Bioanalytical Chemistry (ABC) study
also uses noise-based data augmentation. The Sezer et al. [63] study processes the spectra
shown in its main figures using background subtraction and software-level smoothing,
but describes the spectra used for classification as unprocessed. Banaei et al. [34] reduce
each targeted SERS measurement to the intensity of one reporter peak before decision-tree
classification. Finally, the study [55] adopts a conventional four-step pipeline.

The selected papers are grouped by the sample type on which the main classifier was
applied and, within each group, reviewed in reverse chronological order. The first group com-
prises biofluid and extracellular-vesicle studies [34,43,55–57,64] (Sections 4.1–4.6); the second
comprises human and animal tissue studies [14,23,24,41,44,45,58,59] (Sections 4.7–4.12); and
the third comprises cultured-cell studies [42,63] (Sections 4.13 and 4.14). A study that used
more than one sample type was assigned to the type on which its reported performance
was obtained. The SRS study by Zhang et al. [24] which has no classifier, is grouped by
sample type. This grouping organizes the narrative only: Tables S1–S3 in Supplementary
File S1 and the synopsis Table 1 retain chronological order.

4.1. Serum-Exosome SERS with a Hybrid CNN–MLP Classifier

Zhang et al. [55] developed an integrated SERS chip functionalized with a CP05 pep-
tide for automatic capture of serum exosomes, coupled to a hybrid CNN–multilayer percep-
tron (MLP) classifier for the diagnosis of ten cancer types (breast, thyroid, esophageal, kid-
ney, pancreatic, duodenal, lung, colorectal, ovarian, and gastric) versus non-cancer controls.

The cohort comprised 655 serum samples: 200 non-cancer controls and 455 patients
with pathologically confirmed cancer. The authors collected at least 200 SERS spectra
per sample and reported 97.4% accuracy for cancer vs. non-cancer discrimination. The
paper also reports 97.08% accuracy and an area under the receiver operating characteristic
curve (AUC) of 0.99 for early-stage cancer detection, and 93.89% accuracy, 93.1% sensitivity,
and 99.03% specificity for the eleven-class task comprising ten cancer types and controls.
None of these figures is broken down by cancer type in the text. The reported confusion
matrix indicates that the pancreatic class included 45 patients, 41 of whom were correctly
classified; the manuscript does not state pancreas-specific accuracy, sensitivity, or specificity.
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4.1.1. Spectrum-Level Leakage Masquerading as Patient-Level Validation

The study contains at least 131,000 spectra but only 655 independent serum samples.
The manuscript declares that five-fold cross-validation was implemented, but does not
say how the spectra are split: the text states only that “the dataset was split into training
and validation subsets” in each fold, with no mention of sample or patient identity. When
spectra from the same serum sample are distributed across training and validation folds,
the classifier can memorize sample-specific SERS fingerprints rather than generalizable
cancer biology. Since no patient-holdout protocol is described or reported, the results must
be considered potentially affected by spectral pseudoreplication.

4.1.2. Small Per-Class Cohort and Unstable Early-Stage Metrics

With 455 malignant samples across 10 cancer types, the average class size is about 45,
and the pancreatic class is close to this average. With class sizes this small, accuracy is an
unstable point estimate rather than a robust measure of screening performance. Moreover,
the 93.89% pooled eleven-class accuracy cannot be assumed to hold uniformly across
classes of such different sizes. The non-cancer class alone (200 samples) is more than four
times the size of the average malignant class.

4.1.3. Overall Opinion

The integrated SERS–AI platform is an elegant engineering concept, but the reported
metrics reflect spectrum-level separability within a limited cohort, not validated diagnostic
accuracy on unseen patients. Thus, these very high accuracy estimates should not yet
be interpreted as evidence of independent patient generalization or pancreas-specific
clinical performance.

4.2. Raman Spectroscopy and Raman Optical Activity of Blood Plasma

Kralova et al. [64] applied Raman spectroscopy and its polarized variant, Raman
optical activity (ROA), to blood plasma for the differential diagnosis of three gastrointestinal
cancers—hepatocellular, colorectal, and pancreatic—against healthy controls. The study
comprised 191 plasma samples; Raman and ROA spectra were acquired simultaneously
and combined for classification. The paper addressed two diagnostic tasks: distinguishing
cancer from controls, and differentiating among the three cancer types. Two classification
strategies were compared: PCA–linear discriminant analysis (LDA) on the entire spectral
range, and LDA on a manually curated selection of spectral bands, both evaluated by leave-
one-out cross-validation (LOOCV). Supplementary File S1 reports these results: Band-
based LDA achieved 88.5% sensitivity, 89.7% specificity, and 89.0% accuracy (170/191) for
cancer-versus-control classification. For the three-cancer task, overall accuracy was 86.7%
for band-based LDA versus 76.1% for PCA–LDA.

4.2.1. Unclear Nesting of Feature and Band Selection

The main methodological concern is the choice of classification variables. The authors
used Welch’s t-test to retain principal components whose scores differed significantly be-
tween sample groups. The initial spectral bands for the LDA model were chosen from PCA
loading plots and then tuned using LDA-generated standardized canonical discriminant
coefficients. These procedures involve supervised choices, but the authors do not state
whether PCA, principal-component selection, and band optimization were repeated within
each LOOCV training fold rather than performed once on the full dataset. The paper
reports a separate 20-fold cross-validation for the PCA step itself, but does not establish
whether the full selection procedure was nested within the final classifier evaluation. If
selection used all samples before LOOCV, a given patient’s label would have influenced the
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representation later used to classify that same patient once held out. Therefore, the reported
sensitivity, specificity, and accuracy figures carry a substantial risk of model-selection
artifacts, cf. Kapoor and Narayanan [65].

4.2.2. Decoupled Evaluation of Cancer Detection and Cancer Typing

The cancer-versus-control and three-way cancer-type models are trained and reported
separately; their combination into a single two-stage diagnostic procedure is proposed but
never evaluated end-to-end, so errors propagating from the first stage into the second are
not quantified.

4.2.3. Potential Demographic Confounding

The paper describes the three cancer groups as “age-balanced,” but control subjects
are 7–9 years younger on average than each cancer group (hepatocellular carcinoma (HCC)
68, colorectal carcinoma (CC) 66, pancreatic cancer (PaC) 67, controls 59 years). Sex distri-
butions also differ across groups. The authors attribute the sex imbalance to the underlying
clinical population at the recruiting network rather than to sampling choices, but do not
report accuracy figures stratified by age or sex. The gaps in age and sex represent potential
confounding and can partially inflate the 89% cancer-versus-control accuracy, which may
reflect these gaps rather than a disease-specific signature.

4.2.4. Unreported Acquisition-Failure Rates and Potential Selection Bias

The authors acknowledge difficulties in collecting several blood plasma samples from
cancer patients despite the fluorescence-suppression protocol, but do not report the number
of failures, their distribution across diagnoses, or their relationship to the final 191-sample
cohort. It cannot therefore be concluded that the unmeasurable samples were the hardest
to classify, or that their omission affects the reported accuracy.

4.2.5. Internal Validation and Limited Clinical Scope

All reported classifier evaluations derive from LOOCV within one recruitment net-
work across affiliated Prague hospitals and departments, which follow a common plasma-
collection protocol; no independent test cohort, held-out-center evaluation, or second-
instrument validation is reported. The comparison is also limited to cancer patients versus
healthy controls: the study does not report specificity against pancreatitis or other clinically
relevant, non-malignant conditions.

4.2.6. Overall Opinion

Kralova et al. worked on a 191-sample cohort and addressed both cancer-versus-
control discrimination and differentiation among three malignancies. The analysis is
reported at the sample level, without describing individual acquisition scans as indepen-
dent observations, which bypasses the explicit scan-level pseudoreplication. The combined
use of Raman and ROA, and the biologically motivated exclusion of non-specific carotenoid
bands from the band-based classifiers, are genuine strengths. Nevertheless, the reported
accuracies rest on a feature-selection procedure whose nesting within cross-validation
is not established; the cancer-versus-control contrast is entangled with an unaddressed
age and sex difference between groups. These issues suggest the 87% three-way and 89%
binary accuracies are better read as upper bounds on achievable performance than as direct
estimates of it.

4.3. Raman and FTIR Spectroscopy of Patient-Derived Extracellular Vesicles

Uthamacumaran et al. [56] proposed a method for differentiating cancer patients from
healthy controls using Raman spectroscopy combined with Fourier transform infrared spec-
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troscopy (FTIR) spectroscopy. The authors analyzed spectra from serum-derived EVs. The
cohort comprised nine subjects: four cancer patients, each diagnosed with a different cancer
type (colorectal, hepatocellular, breast, or pancreatic cancer), and five healthy controls. The
authors selected 18 Raman spectra from the EVs, while FTIR measurements were obtained
from a subset of 14 spectra. Three machine-learning classifiers—an AdaBoost-boosted
Random Forest ensemble, Decision Trees, and Support Vector Machines—were evaluated
using a single 50:50 training–test split, with an additional five-fold cross-validation anal-
ysis. In the limited 1800–1940 cm−1 interval, Decision Tree and SVM classifiers reported
100% hold-out accuracy on baseline-corrected Raman spectra, whereas the corresponding
cross-validation scores drop to 30% and 90%, respectively.

4.3.1. Spectral Pseudoreplication and Class Label

The 18 Raman and 14 FTIR spectra do not correspond to 18 and 14 independent
patients, respectively, since they originate from only nine biologically independent subjects.
The paper describes spectrum-level splitting for both the 50:50 partition and the five-fold
cross-validation, but does not indicate how spectra were grouped. If spectra from the same
preparation occur in both training and test sets, the classifiers may learn patient-specific
features rather than cancer-associated signatures. Moreover, the cancer class is biologically
and histologically heterogeneous, with four different cancer types represented by only
four patients. The classifier may therefore distinguish (from healthy controls) patient- or
cancer-type-specific spectral signatures rather than a general cancer signature. In particular,
only one patient had pancreatic cancer, making any conclusion about pancreatic cancer
classification highly uncertain.

4.3.2. Validation-Protocol Ambiguity and Reporting Inconsistency

The reported standard deviations of approximately 20–40 percentage points indi-
cate substantial variability in the performance estimates. The interpretation of the re-
ported metrics is further complicated by the small number of subjects, the spectrum-level
splitting, the preprocessing choices, and the restriction to a selected spectral interval.
These factors make it difficult to assess the robustness and generalizability of the reported
classification performance.

4.3.3. Overall Opinion

The study provides a proof of concept that standard classifiers can separate EV spectra
under the experimental conditions considered. It also illustrates the effect of preprocess-
ing, through the comparison of raw, baseline-corrected, and frequency-restricted spectra.
However, the very small and heterogeneous cohort, together with the unclear grouping
of spectra during validation, prevents the reported 100% hold-out accuracy from being
interpreted as evidence of robust cancer, and in particular pancreatic cancer, classification.

4.4. Targeted SERS Immunoassay of Tumor-Derived Extracellular Vesicles

Banaei et al. [34] combined a targeted SERS immunoassay with shallow decision trees
to distinguish pancreatic cancer from pancreatitis and healthy controls. The assay captured
circulating EVs from serum using a cluster of differentiation 81 (CD81)-functionalized gold
substrate and selectively labeled vesicles expressing ephrin type-A receptor 2 (EphA2) with
antibody-functionalized gold nanoparticles. The nanoparticles carried 4-nitrobenzenethiol
as an extrinsic Raman reporter, and the intensity of its 1336 cm−1 peak was used as a
surrogate measure of tumor-derived EV abundance. Thus, the classifier operates on a
targeted immunoassay readout rather than on an intrinsic serum or EV Raman fingerprint.

The clinical dataset comprised serum from five patients with pancreatic cancer, five
patients assigned to the pancreatitis group, and five healthy controls. Four cancer patients
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had metastatic pancreatic adenocarcinoma and one had locally advanced disease. Ten
Raman readouts were obtained from each serum sample, producing 150 measurements
from only 15 biologically independent subjects. The authors trained depth-two decision
trees for the pancreatic cancer-versus-pancreatitis and pancreatic cancer-versus-control
comparisons and reported five-fold cross-validated sensitivity of 0.95 and specificity of
0.96. The EphA2-positive EV signal was also significantly higher in the cancer group than
in either comparison group.

4.4.1. Documented Readout-Level Pseudoreplication and Leakage

The five-fold cross-validation randomly partitions the 150 Raman measurements,
not the 15 patients. Consequently, technical readouts from the same serum sample can
occur in both training and test folds. The model can therefore exploit patient-, substrate-,
incubation-, or batch-specific signal characteristics, and the 150 measurements do not
constitute 150 independent diagnostic cases. Because there are only five patients per group,
the reported sensitivity and specificity cannot be interpreted as estimates of performance
on unseen patients. The same problem affects the inferential analysis: the reported F(2, 72)
statistic indicates that technical measurements, rather than the 15 patients, were treated as
independent observations.

4.4.2. Ambiguous Performance Reporting

Figure 7 of the original article presents two binary trees trained on the full datasets,
each containing 100 technical readouts, whereas the text reports only one sensitivity and
one specificity value. It is not stated whether these metrics refer to one task, an average over
the two tasks, or a pooled calculation. No fold-level results, confusion matrices, confidence
intervals, or patient-level predictions are provided. The printed specificity equation is also
internally inconsistent because its final numerator is labeled “true positive” rather than
“true negative”. Restricting tree depth may reduce model complexity, but it does not correct
leakage or the non-independence of technical replicates.

4.4.3. Cohort and Label Limitations

The pancreatitis group is clinically heterogeneous and includes one patient with
acute gallstone pancreatitis despite the study’s stated focus on chronic pancreatitis. More
importantly, the claim of potential early cancer detection is not supported by the cohort:
every pancreatic cancer case was locally advanced or metastatic. Serial dilution of serum
from one metastatic patient tests analytical signal response, not biological sensitivity in
early-stage disease. No independent cohort, early-stage cases, benign pancreatic lesions, or
additional clinical center was used for validation.

4.4.4. Experimental Burden and Protocol Inconsistency

Although the method is described as rapid and requiring minimal sample prepara-
tion, it depends on a multi-stage immunoassay with substrate functionalization, blocking,
repeated incubations, washing, nanoparticle labeling, and drying. The methods also give
inconsistent incubation times: one section reports 6 h for serum capture and 10 h for re-
porter labeling, whereas another reports 2 and 8 h, respectively. This ambiguity complicates
reproduction and weakens the claim of a rapid clinical workflow.

4.4.5. Overall Opinion

This study is relevant to Raman–ML because it applies a decision-tree classifier to a
SERS-derived clinical signal and addresses the important differential diagnosis between
pancreatic cancer and pancreatitis. It provides useful proof-of-concept evidence that EphA2-
positive EVs can be measured using a targeted SERS immunoassay. Nevertheless, the ML
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task is effectively a threshold classification of one reporter-peak intensity, and its validation
is dominated by technical-replicate leakage from a 15-patient cohort. The reported 0.95
sensitivity and 0.96 specificity should therefore be described as internal readout-level
results, not as evidence of patient-level diagnostic performance or early cancer detection.

4.5. Serum Raman Spectroscopy for Distinguishing Benign and Malignant Pancreatic Tumors

Yan et al. [43] used confocal Raman micro-spectroscopy of blood serum to distin-
guish benign from malignant pancreatic tumors. The study included serum samples from
18 patients with pancreatic cancer and 10 patients with benign pancreatic tumors. Raman
spectra were acquired in the 400–1800 cm−1 range; the authors attributed the observed
spectral differences to changes in alcohols, lipids, amides, and nucleic acids. To reduce
dimensionality, PLS was fitted to the original 815-wavenumber spectra using both the
spectral matrix and the benign/malignant labels, yielding ten latent components (the first
six accounted for 97.045% of cumulative variance, with third partial least-squares compo-
nent (PLS3) alone explaining 48.9%). The resulting components were then classified using
LDA, SVMs, and k-NN under five-fold cross-validation. The linear, quadratic, and cubic
SVM kernels, as well as fine k-NN (k = 1), converged on the same peak accuracy of 96.4%;
LDA performed slightly worse.

4.5.1. Supervised Preprocessing Leakage

PLS is a legitimate dimensionality-reduction tool for Raman data (cf. Sec. 1 for the
specific nature of Raman data) before classification, but it is supervised. Indeed, the paper
affirms that PLS was fitted using “the independent and dependent variables” — i.e., the
full spectral matrix together with the benign/malignant labels — as a single step applied
to the entire dataset, and that only the subsequent classification stage was cross-validated.
Because the labels influenced the feature space before any train–test split, information from
the nominal validation folds leaked into the training representation. This is not a potential
risk; it is a confirmed case of supervised preprocessing leakage.

4.5.2. Statistical Inadequacy

With only 28 patients, each misclassification modifies accuracy by approximately
3.6 percentage points; the 96.4% figure (27/28) is thus inherently brittle. Given the 18:10
class ratio, a majority-class classifier would already achieve 64.3%. This factor limits the
precision of the estimated classification performance and its generalizability to independent
patient populations.

4.5.3. Ambiguity in the Experimental Unit

A source of potential data leakage is that with 28 patients, five-fold cross-validation
creates test sets of five to six patients per fold. The authors collected multiple Raman
measurements from different locations within each serum sample, yet they do not specify
how these spectra were aggregated or assigned to folds. If spectra were split across
the training and test sets, accuracy would increase unnecessarily and patient-specific
information would be leaked. Moreover, the paper does not state whether the five-fold
split was stratified at the patient level. Without this confirmation, the 96.4% figure cannot
be assumed to reflect patient-level generalization.

4.5.4. Composition of the Benign Class

The benign group is clinically heterogeneous, and its exact composition is unspecified.
It may encompass histologically distinct entities (e.g., IPMN, serous cystadenoma) with
divergent molecular profiles. Grouping these into a single class means the classifier could
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learn to separate one particular benign entity from cancer rather than benignity per se,
further limiting generalizability.

4.5.5. Overall Opinion

The study [43] offers an interesting biological scenario for serum-based Raman diag-
nostics, although its ML implementation remains procedurally naive. The 96.4% accuracy
is undermined by PLS leakage, unclear experimental-unit handling, and a minute cohort.
The results should be read as a feasibility sketch rather than a validated diagnostic estimate.

4.6. Exosome SERS with Discriminant Function Analysis

Carmicheal et al. [57] studied the combination of SERS with principal component–
discriminant function analysis (PC-DFA) to distinguish pancreatic cancer from normal
tissue. SERS spectra were acquired from exosomes isolated from normal pancreatic ep-
ithelial and pancreatic cancer cell lines. The authors reduced the original spectral space
(1004 wavenumbers) to 20 principal components. These components were then used for
discriminant function analysis (DFA). The PC-DFA model achieved 90% accuracy on the
cell-line spectra. To investigate the potential diagnostic efficacy, the model was applied to
serum samples from 10 controls and 10 patients with early-stage cancer.

4.6.1. Validation Protocol and Potential Information Leakage

The manuscript does not provide enough detail to determine whether all data trans-
formations, particularly PCA, were independently fitted within each training fold. The
dimensionality reduction on the entire dataset before cross-validation is a possible source
of information leakage. Moreover, the 121 specimens are not all biologically independent,
since multiple SERS measurements originate from the same exosome preparation. There is
no evidence that spectra from the same source were confined to a single fold.

4.6.2. Overall Opinion

Carmicheal et al. correctly recognize exosome SERS as a promising liquid-biopsy
modality. However, given the issues described above, while the study supports the potential
of Raman/SERS combined with multivariate analysis as a discovery and proof-of-concept
tool, it does not yet provide sufficient evidence for robust clinical diagnostic performance.

4.7. Classical Classifiers on Raman Spectra of Surgical Pancreatic Specimens

Lazzini et al. [41] applied LDA, Gaussian naive Bayes (GNB), and a random forest (RF)
classifier to Raman spectra of surgical pancreatic specimens, combined with either PCA
or a custom spectral-band selection procedure (SPSEL) for dimensionality reduction, to
distinguish normal pancreas from pancreatitis and ductal adenocarcinoma across a set
of fifteen patients. The study claims a maximum accuracy of approximately 96% with
RF. Another important result achieved by this study is the evidence that the Raman
peak of methionine (at 695 cm−1) is less intense in PDAC than in healthy tissues or in
pancreatitis: the authors interpret this trend as consistent with deoxyribonucleic acid
(DNA) hypomethylation, a process common in many tumors including PDAC [66] and
mechanistically linked to methionine-cycle metabolism [67].

4.7.1. Spectral Pseudoreplication and Undisclosed Cross-Validation Grouping

Of the fifteen patients, four had normal tissue, three had pancreatitis, and ten had
PDAC, with two patients providing both normal and pancreatitis regions from the same
tissue sample. Therefore, patient identity is strongly confounded with class membership
ab initio. In addition, the authors did not specify how the 5-fold cross-validation is applied
to the pooled spectra. Without a grouping constraint, spectra from a single patient can be

https://doi.org/10.3390/app162111019

https://doi.org/10.3390/app162111019


Appl. Sci. 2026, 16, 11019 17 of 38

distributed across training and test folds, allowing a classifier to exploit patient-specific
features rather than tissue biology.

4.7.2. Label-Informed Oversampling Before Cross-Validation

The study leverages synthetic minority oversampling technique (SMOTE) to address
class imbalance, yielding a balanced set of 1140 spectra per class. As described in the
previous paragraph, the authors do not indicate whether the synthetic minority instances
were generated separately within each training fold. Following the way SMOTE constructs
synthetic spectra, such a missing protocol creates label-correlated information across the
train–test boundary with reported inflations to metrics [68]. Moreover, the small error
reported for the best configuration (e.g., ±1.8% for RF) is consistent with cross-fold con-
tamination from correlated or synthetic spectra.

4.7.3. Overall Opinion

This work addresses a genuinely three-class diagnostic problem, which is close to a
realistic clinical decision. The spectral assignments proposed for the discriminating Raman
bands are consistent with the literature but not independently assessed. The risk of data
leakage and correlated spectra limits the validity of the reported accuracies. The 96% figure
should be read as evidence of spectrum-level separability within this cohort, not as an
estimate of performance on unseen patients.

4.8. Deep Learning-Assisted Stimulated Raman Histology of EUS-FNA Specimens

Tan et al. [23] developed a dual-stage EfficientNetV2-L pipeline for intraoperative
histologic classification of pancreatic endoscopic ultrasound-guided fine-needle aspiration
(EUS-FNA) specimens imaged by SRS microscopy. The SRS images—from 76 patients,
55 malignant, 6 benign, 5 non-diagnostic, and 10 resected-margin patients imaged by
simulated puncture—were arranged into 512 × 512-pixel blocks (2000 patches per class).
The authors used the blocks to train a network that first separates diagnostic from non-
diagnostic blocks and then benign from malignant blocks. The model achieved a block-level
AUC of 0.996 for both stages and a confusion-matrix diagonal above 0.98, and was further
evaluated on an independent, four-hospital external set of 33 cases, reaching 96.97% case-
level accuracy, comparable to four human pathologists (90.91–100%).

4.8.1. Block-Level Pseudoreplication and Non-Grouped Splitting

The central methodological weakness concerns the internal train/validation split. The
authors state that blocks from all 76 patients were pooled and divided into train/test with
a ratio of 8:2. However, the paper does not describe patient- or slide-level grouping. The
absence of an explicit patient- or slide-level grouping allows a random block-level split
from one patient’s slide to appear on both sides of the partition.

This is structurally the same failure mode documented by Yagis et al. for slice-level (as
opposed to subject-level) cross-validation in two-dimensional (2D) CNNs, especially for
small cohorts [69]. The very high block-level AUC (0.996) and confusion-matrix diagonal
(>0.98) should accordingly be read as evidence of within-slide separability rather than
patient generalization.

4.8.2. Preparation-Route Confound in the Benign Training Class

Ten of the seventy-six training patients contribute benign material exclusively
through ex-vivo “simulated EUS-FNA” puncture of resected tumor margins. This yields
1130 patches, which constitute the majority (57%) of the 2000 benign training patches. In
contrast, malignant blocks come from genuine in-vivo fine-needle aspiration (FNA) aspi-
rates. Since ex-vivo and in-vivo aspirates originate from different protocols, the network
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learns the benign vs. malignant discrepancy that may somewhat track protocol instead of
histopathological distinction, an example of a labeling confound.

4.8.3. Small, Imbalanced External Validation Set

The four-hospital, 33-case external cohort is a genuine strength relative to most of this
corpus—it is the only prospectively independent, multi-site test set among the reviewed
studies—but it contains only 5 benign and 2 non-diagnostic cases against 26 malignant.

4.8.4. Qualitative Rather than Co-Registered Histologic Comparison

The visual correspondence between SRS and H&E reported by the study is based on
17 sample pairs imaged at “nearby locations” with one member of each pair processed
by SRS and the other by standard H&E. This supports a qualitative demonstration that
SRS captures comparable histologic features; however, since the two images are not the
same tissue section, the comparison does not ensure a pixel- or structure-level ground-truth
validation of the SRS representation.

4.8.5. Overall Opinion

This study is externally validated. Its quantitative gradient-weighted class activa-
tion mapping (Grad-CAM)/pathologist concordance (κ = 0.87 on 31 cases, not explicitly
identified as the same 33-case external cohort) is remarkable. However, the headline
block-level performance is a typical case of non-grouped-split pseudoreplication, and the
benign training class is confounded with tissue-acquisition protocol. The paper’s claim
of “comparable diagnostic accuracy to experienced pathologists” is best supported by the
external case-level result alone.

4.9. Explainable Machine Learning on Mouse Tissue Spectra

Aslam et al. [45] proposed an explainable supervised machine-learning approach
for detecting PDAC from Raman spectra. The study used a mouse model comprising
20 animals injected with human pancreatic cancer cells. The authors collected 2529 Raman
spectra: 1305 from tumor tissue and 1224 from normal pancreas. Notably, Li et al. [44] used
the same cohort. Rather than using the spectral intensities directly, the authors derived
an interpretable feature set from three complementary approaches: statistical descriptors,
Raman peak features, and extended empirical mode decomposition. A total of 162 features
were extracted and subsequently reduced using support vector machine recursive feature
elimination (SVM-RFE) combined with correlation bias reduction (CBR). The reduced
feature sets were then used for classification with three baseline algorithms—k-NN, LDA,
and linear support vector machine (LSVM)—alongside a nonlinear support vector machine
(NLSVM). The latter achieved the highest reported accuracy, 98.5%. The authors also
associated selected Raman peaks with mutations in KRAS and tumor protein p53 (TP53),
presenting this as a biologically interpretable fingerprint.

4.9.1. Pseudoreplication and Spectral-Level Leakage

The dataset contains 2529 spectra but only 20 biological subjects. The authors parti-
tioned the data into a 10% hold-out test set and performed 15-fold cross-validation on the
remainder, but the manuscript does not clearly establish that spectra originating from the
same animal were kept within the same partition. If spectra from the same animal were
allowed to fall into both training and test folds, the classifier could learn animal-specific
optical or anatomical signatures rather than tumor biology. With only 20 independent
subjects, any claim of 98.5% mouse-level accuracy is unsustainable; the effective sample
size is an order of magnitude smaller than the number of spectral trials suggests, on average
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126 spectra per subject. Therefore, the reported results do not constitute a validation of the
approach in human clinical samples.

4.9.2. Supervised Feature-Selection Leakage

SVM-RFE is a wrapper method that uses class labels to rank and eliminate features.
The manuscript does not describe an inner cross-validation loop in which SVM-RFE is
refitted exclusively on the training folds. If the 162 features were ranked once on the full
dataset before any train–test split, the selected variables were shaped by information from
the nominal validation sets. This introduces supervised preprocessing leakage.

4.9.3. Overall Opinion

Aslam et al. make an honest effort to move beyond black-box classification by linking
selected features to spectral bands. Yet the pipeline is technically fragile: SVM-RFE leakage,
pseudoreplication, and an optimistic benchmarking protocol mean that the reported 98.5%
accuracy is best interpreted as an upper bound under idealized conditions; these limitations
preclude direct inference to human PDAC detection.

4.10. Raman Hyperspectral Mapping and CNN Classification of Tumor Subtypes

Szymoński et al. published two related studies in 2023 applying Raman hyperspec-
tral mapping (RHM) and CNN classification to overlapping pancreatic cancer (PC) sub-
types using the same institutional tissue archive. In the paper published in ABC [58],
the authors classified subcellular components (nuclei and cytoplasm) of conventional
PDAC, intraductal papillary mucinous carcinoma (IPMC), and ampulla of Vater adenocar-
cinoma (AVAC) across sixteen slides from fifteen patients using a CNN combined with a
secondary dense classifier fed by hand-crafted spectral ratios. In an earlier study published
in European Journal of Nuclear Medicine and Molecular Imaging (EJNMMI) [59], twenty-four
slides from seventeen patients (including two benign cases) were used to classify the three
tumor types plus stroma and benign tissue by coupling FTIR imaging with RHM and
training a CNN directly on raw spectra.

However, neither study specifies whether their respective patient cohorts overlap. Both
projects used the same institutional archive over a near-identical timeframe and did not
state any specific exclusion criteria, so patient reuse across the two datasets remains possible.
Regarding performance, while the ABC workflow delivers over 98% accuracy thanks to
random noise augmentation and the ratio-based classifier, the EJNMMI study reports 94%
validation accuracy on a coarser five-class task without implementing either technique.

4.10.1. Spectrum-Level Splitting and Absence of Patient-Stratified Validation

Both studies rely on a 70:30 train-test split executed at the spectrum level. Because
individual slides yield 10,000 to 18,000 spectra, this approach introduces significant spatial
autocorrelation; thousands of highly correlated spectra from identical tissue structures are
split between training and evaluation subsets, artificially inflating performance. While the
ABC paper attempts a modest external validation by testing the CNN on an additional
conventional pancreatic ductal adenocarcinoma (cPDAC) slide (13,924 spectra) from a new
patient, the EJNMMI study does not evaluate its model on unseen patients at all. Therefore,
the 94% accuracy reflects spectrum-level correlation within a fixed set of formalin-fixed,
paraffin-embedded (FFPE) blocks rather than generalization to independent pathology.
Without robust patient-level validation, the EJNMMI findings offer limited generalizability,
denoting a weaker methodology compared to the companion study.

https://doi.org/10.3390/app162111019

https://doi.org/10.3390/app162111019


Appl. Sci. 2026, 16, 11019 20 of 38

4.10.2. Classification Task and Cohort Scope Change Between Papers

A further inconsistency lies in the tasks assigned to the two architectures, which
are presented as equivalent evidence despite solving non-comparable problems. The
EJNMMI study focuses on five coarse classes, including benign conditions, whereas the
ABC paper targets seven sub-cellular compartments without accounting for a benign
category. Consequently, the two models target different biological scales.

4.10.3. Circular Interpretation of Biomarkers of Two Different Kinds

The validation approach in the ABC study uses a circular design. The workflow
analyses DNA methylation and β-sheet ratios using spectra grouped by the same CNN
under evaluation. This results in a near-automatic separation in the PCA space instead of
providing independent biochemical confirmation. The EJNMMI study uses a similar form
of circular reasoning, restricting the subsequent PCA to tissue regions already delineated
by hierarchical cluster analysis (HCA) clustering. The distinct biochemical differences
revealed by the PCA emerge as a mathematical consequence of the initial unsupervised
partition, rather than providing an independent validation criterion.

4.10.4. Overall Opinion

The two papers present an ambitious technical pipeline (RHM + CNN + multivariate
analysis) for pancreatic cancer subtyping, yet neither demonstrates patient-level gener-
alization: both rest on spectrum-level pseudoreplication that inflates accuracy, and the
single attempt at testing an unseen patient (ABC) is qualitative only. The drop from 98% to
94% suggests that the higher figure was partly purchased by the secondary classifier and
by contaminated splitting, rather than a genuine methodological advance. The proposed
spectroscopic “fingerprints” for DNA methylation and β-sheet content remain interesting
hypotheses. However, their derivation from circular, inconsistent pipelines limits their
clinical translatability.

4.11. CNN-Assisted Raman Spectroscopy of Mouse Pancreatic Tissue

Li et al. [44] presented a deep-learning approach, based on CNNs, for distinguishing
cancerous from normal pancreatic tissue. The authors acquired 2529 spectra (1305 tumor,
1224 normal pancreas) from 20 mice, using the same cohort as Aslam et al. [45]. The classifier
operates end-to-end on near-raw spectral representations: the original one-dimensional (1D)
Raman spectrum, a rank-one 2D image obtained from the outer product of each spectrum
with its transpose, and the first principal component (PC1) of that 2D image obtained via
PCA. Each representation was passed to a custom four-layer CNN achieving test accuracy
above 96% (up to 97.39% for 1D Raman), sensitivity above 97%, and AUC up to 0.993. The
authors additionally associated cancer-relevant peaks with protein and collagen content
and normal-tissue peaks with lipid and nucleic acid content.

4.11.1. Pseudoreplication and Specimen-Level Data Leakage

The most important methodological issue concerns the statistical independence of
the spectra used for training and evaluation. The dataset contains 2529 spectra but only
20 biological animals (126 spectra per animal on average). The authors state that they split
“the Raman data” without clarifying whether spectra from the same animal, tumor, or tissue
specimen were kept within the same partition. A random distribution of spectra among
the three partitions makes the measurements statistically dependent. This is particularly
relevant for CNNs. Because they learn representations directly from the input rather
than from a fixed set of engineered descriptors, and are therefore more capable than
shallow classifiers of exploiting subject-specific artifacts—a mechanism known as shortcut
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learning [70]. Yagis et al. report that slice-level rather than subject-level cross-validation in
2D CNNs for medical imaging inflates test accuracy by 29–55%, an effect most pronounced
in small-sample regimes such as this twenty-animal cohort [69].

4.11.2. Test-Set-Driven Architecture Selection

The authors report comparing CNNs with three, four, and five convolutional layers
and selecting the four-layer configuration because it obtained the higher testing accuracy,
sensitivity, and specificity than the alternatives. Choosing an architecture by directly
comparing test-set metrics across candidate models is a standard source of optimistic bias:
once the test partition has informed a design decision, even informally, it is no longer a
valid held-out estimate of generalization

4.11.3. Rank-One Redundancy of the 2D Representation

The 2D Raman image is constructed as the outer product of the normalized 1D spec-
trum with its own transpose, M = wwT, where w ∈ Rn. By construction, M is a rank-one,
symmetric n × n matrix and therefore contains the same information as w. This has a direct
consequence for the PCA step used to obtain 2D Raman PC1: because each 2D image is
prefeatured by PCA individually rather than through a dataset-wide fit, 2D Raman PC1 is
algebraically identical to the original 1D spectrum (up to sign and scale). The performance dif-
ferences reported across the three CNN models (96.44–97.39% accuracy) therefore cannot reflect
additional discriminative information carried by the 2D or PC1 representations; they are caused
by the bias of feeding identical information through architecturally distinct convolutional filters.

4.11.4. Inconsistent Cross-Validation Reporting

The authors never reconcile the results of five- vs. ten-fold cross-validation (CV). The
first was performed to test the CNN models, while the second is related to the extraction of
CNN features from the max-pooling layers. Therefore, it is not possible to determine from
the text whether this reflects a second, undocumented experiment or a reporting error. This
ambiguity affects how the headline accuracy figures should be read.

4.11.5. Overall Opinion

The study is methodologically ambitious—to the authors’ knowledge, the first attempt
at CNN feature visualization in Raman-based cancer diagnosis—but the deep-learning
pipeline is subject to the same categories of bias documented for classical ML pipelines in
this review. The 2D representation adds architectural complexity without a demonstrable
information gain over the 1D spectrum, making its construction unnecessary. The 97.39%
accuracy is an overfitted estimate from a small-animal set, with the issues stated above, not
a reproducible diagnostic metric.

4.12. Near-Infrared Raman Spectroscopy in a Mouse Xenograft Model

Pandya et al. [14] investigated near-infrared Raman spectroscopy for distinguishing
normal pancreatic tissue from tumors in an orthotopic mouse xenograft model. The
experiment involved 33 mice and intended normal/tumor sampling within animals, but
resulted in 60 tissues: 31 normal and 29 malignant. From the tissues, the authors collected
920 spectra: 475 normal and 445 malignant. The final animal-to-specimen mapping was
not provided. Classification used PCA and DFA, with separate analyses of individual
spectra and one mean spectrum per tissue. For the 920 individual spectra, a random 50:50
training/test split repeated 20 times yielded reported average sensitivity and specificity of
96.4% and 96.2%, respectively. leave-one-out (LOO) evaluation yielded 91.0% sensitivity
and 88.4% specificity. LOO on the small cohort of 60 tissue means reported sensitivity and
specificity of 100%.
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4.12.1. Incomplete Documentation of PCA Fitting and Component Use

For individual spectra, 13 principal components explained 96% of the variance, and
analysis of variance (ANOVA) identified seven components with significant differences
between diagnostic classes. For tissue means, eleven principal components explained
approximately 99% of the variance. However, the study does not clarify whether PCA
was refitted within each training partition. Its description suggests PCA was computed on
the entire pooled cohort—all 920 individual spectra, or all 60 tissue means—before either
the 50:50 split or the LOO partition was formed. In such a case, held-out observations
would contribute to the representation used for training. Moreover, since the protocol uses
the principal-component scores as DFA inputs directly, and ANOVA on the full cohort
identified which components were diagnostically significant before that, label-informed
selection leakage would also be possible.

4.12.2. Spectral Pseudoreplication in Individual-Spectrum Validation

The random split operates on spectra, and leave-one-out explicitly withholds one
spectrum while retaining the others for training. Consequently, the latter evaluates an
observation whose tissue is already represented in the training data by other measurements.
The random split likewise permits spectra from the same tissue on both sides of the partition;
no tissue- or animal-grouped allocation is described. The authors report low variability
among measurements from a given tissue.

4.12.3. Tissue Averaging Does Not Establish Animal-Level Independence

The authors analyzed 60 mean spectra (from 60 tissues), leveraging the fact that
averaging reduces the contribution of within-tissue spectral replicates. However, the
experimental design permits normal and tumor tissues to originate from the same mouse,
and so does the corresponding pair of mean spectra. Within-animal sampling is valuable
for biological comparison, but it is not equivalent to testing on independent animals.

4.12.4. Author-Acknowledged Overestimation and Numerical Instability

The authors identify the flaws in their experiment, concluding that their results likely
overestimate the true sensitivity and specificity. They link high prediction performance
to low variability among spectra from the same tissue and expect greater heterogeneity
in vivo. Moreover, they describe the individual-spectrum DFA with leave-one-out as
unsatisfactory because of multicollinearity, reporting a condition number of κ = 278,164.2.
Even if this diagnostic should not be treated as a measure of leakage or a numerical estimate
of performance inflation, the authors’ caution is nevertheless consistent with the limited
independence of the individual spectral observations.

4.12.5. Restricted Biological Scope and Lack of External Validation

The experiment used two human carcinoma cell lines implanted into mice within one
experimental setting. No independent animal cohort, human tissue test cohort, or second-
instrument evaluation was reported in the paper. The paired normal/tumor design—with
each animal contributing one tissue of each class—is a genuine methodological strength, but
the model and sampling design offer limited evidence about performance across naturally
occurring human disease.

4.12.6. Overall Opinion

This is a historically important paper—one of the earliest RS + ML investigations of
pancreatic cancer. It provides exploratory evidence of spectral differences between normal
pancreatic tissue and xenograft tumors. Its comparison of individual spectra with tissue
means, and its explicit warning about overestimation, are remarkable features. However,
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spectrum-level validation does not test independent tissues, tissue averaging does not
ensure animal-level independence, and the description does not demonstrate training-only
PCA fitting or clarify the role of ANOVA in determining classifier inputs. In conclusion,
the reported figures, including 100% sensitivity and specificity for tissue means, should be
viewed as internal exploratory results from a small animal study, not as validated clinical
estimates or formal upper bounds on attainable accuracy.

4.13. Raman Classification of Pancreatic Cancer Cells Following EMT Modulation

In their study, Sezer et al. [63] examined the epithelial-to-mesenchymal transition
(EMT), a key process in various physiological and pathological contexts. Using RS, the
authors investigated how indomethacin, a nonsteroidal anti-inflammatory drug, affects
transforming growth factor beta (TGF-β)-induced EMT in a pancreatic cancer cell line, track-
ing changes in peak intensity and position related to chemical composition. EMT-associated
spectral changes were observed in treated cells compared to controls, with concentration-
dependent effects at 100 and 300µM. To reduce input dimensionality, the authors applied
PCA and implemented four machine-learning classifiers. The PCA–SVM approach yielded
a maximum accuracy of 97.6%; AdaBoost reached 96.4%, k-NN 95.2%, and Decision Tree
94%. These spectral trends were corroborated by molecular assays (immunostaining and
quantitative reverse transcription polymerase chain reaction (qRT-PCR)).

4.13.1. Unprocessed Classification Branch, and PCA Leakage

The paper describes three distinct levels of spectral processing that are easy to con-
fuse. The spectra shown in the main results figures underwent background subtraction and
instrument-level smoothing, while the loading plots carry a Savitzky–Golay-smoothed overlay
line, applied only for that visualization and not fed back into the analysis. The manuscript
affirms that PCA was fitted on “unprocessed Raman signals” without preprocessing. Since
no justification for using unprocessed spectra is given, the 97.6% figure is left exposed to
instrumental artifacts. In addition, PCA itself was fitted on all 254 spectra as a single step
before the 67/33 split described afterwards for classifier training. The test-set spectra therefore
contributed to the covariance structure defining the principal components, so the projected
scores are not independent between training and test partitions—a case of data leakage.

4.13.2. Single-Split Validation

The authors compared four classifiers on a single 67/33 train/test hold-out, reporting
only the best result; this introduces an uncontrolled model-selection bias. Moreover, with
84 spectra in the test set, the performance is sensitive to the random partition and cannot
be assumed stable.

4.13.3. Overall Opinion

Sezer et al. provide a sound pharmacological investigation in which Raman spec-
troscopy effectively tracks EMT-related biochemical changes. However, the machine-
learning add-on is methodologically weak: an unjustified choice to classify on uncorrected
spectra, PCA applied before splitting, and a single hold-out produce a 97.6% figure that
should be treated as an informal separability index, not a validated classification metric.

4.14. SERS of Tumor-Repopulating Cells

Mandrell et al. [42] used Raman spectroscopy to distinguish tumor-repopulating
cells (TRCs) from parental controls in the MIA PaCa-2 pancreatic cancer line, and sought
the best combination of data type, dimensionality reduction, and classifier. The authors
compared spontaneous Raman with gold- and silver-substrate SERS during instrument
optimization and selected the silver SERS substrate, which gave the best signal-to-noise
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ratio. All 51 subsequent spectra were acquired with this SERS configuration: 37 from
8 parental controls and 14 from 5 TRC preparations. Classification was performed using
SVMs with several kernels and k-NN. The authors compared combinations of spectral
representation, normalization, feature-selection method (t-statistic, signal-to-noise statistic
(MIT correlation), Relief feature-selection algorithm (RELIEF)), dimensionality (including
PCA), and classifier, and reported a best cross-validated accuracy of 0.982 using either
t-score or MIT correlation-selected peaks without PCA.

The authors themselves acknowledge that the figure of 98.2% is fragile. Since the
14 TRC spectra set the granularity of the cross-validation scheme (one TRC spectrum per
fold, giving 14 folds), the 0.982 accuracy corresponds to 13 folds classified perfectly and a
single misclassified spectrum. The authors attribute this uniformity to the small sample
size and the discrete cross-validation scheme, explicitly ruling out an analysis error; they
do not describe it as data leakage. The same granularity, however, is consistent with
structural leakage.

4.14.1. Non-Independent Spectra and Structural Leakage

The main methodological issue is that cross-validation was performed at the spectrum
level rather than at the level of the 13 cell preparations. At least 3 spectra were collected
from different locations in each preparation, and the averaged spectra were not used for
machine learning. Each of the 14 folds was constructed to contain exactly one TRC spectrum
together with two to three parental-control spectra—a design choice the authors adopted
specifically to avoid leave-one-out validation. Since the 37 parental-control spectra come
from only 8 preparations, no fold assignment of this kind can keep every preparation’s
spectra together: spectra from the same parental preparation necessarily recur across
multiple folds. Unless all spectra from a preparation were assigned to the same fold,
the classifier could exploit preparation- or substrate-specific signatures shared between
training and test data. This alone is enough to inflate the reported accuracy. In addition,
the headline 0.982 is the mean of the 14 per-fold accuracies (13 folds at 1.0, one fold at
0.75 for a subset of three parental-control and one TRC spectrum) rather than a pooled
spectrum-level accuracy: a technical distinction that does not change the substance of the
leakage argument.

4.14.2. Feature-Selection and Model-Selection Bias

Secondly, the article fails to mention whether the t-statistic, MIT correlation, or RELIEF
scores were recalculated using only the training spectra within each cross-validation fold.
If these label-dependent feature selection methods were applied to the full dataset once
before cross-validation, the held-out labels would influence the selected Raman variables,
introducing supervised preprocessing leakage.

4.14.3. Confounded Class Label

The TRC/control label is related to an unblinded experimental batch variable: TRCs
underwent 3D fibrin-gel selection, whereas parental controls did not. There is no evidence
that the classification can distinguish a signal driven by tumor-repopulating phenotype
from one driven by culture condition alone.

4.14.4. Overall Opinion

In short, the study shows that SERS combined with ML techniques can separate
these cell lines, but the 98.2% figure reflects an overfitted validation scheme rather than a
reproducible diagnostic performance.
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4.15. Methodological Summary and Limitations

Supplementary Table S2 reports the summary of Raman modalities, instrumentation,
and preprocessing pipelines across the reviewed literature.

4.16. Recurring Methodological Weaknesses

The studies reviewed above share several recurring methodological limitations. The
number of spectra is often treated as the sample size, even though the independent ex-
perimental unit is the patient, animal, tissue block, serum sample, or cell preparation.
Data-dependent operations such as PLS, PCA, feature selection, data augmentation, and
oversampling are not always fitted exclusively within the training partition. High internal
accuracy is also rarely supported by an untouched external cohort. These limitations
are not equivalent: some articles describe procedures that directly imply data leakage,
whereas others provide insufficient information to determine whether patient- or specimen-
grouped partitioning was used. Table 1 summarizes this classification, while Table S1 in
Supplementary File S1 explains the reasoning for each study.
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Table 1. Cont.

Study Sample, Modality Units → Spectra Internal Validation Headline Result Leakage External Cohort

Li et al., 2021 [44]
Mouse tissue,
spontaneous Raman +
CNN

20 mice → 2529 (cohort
shared with Aslam)

Split level not stated;
architecture chosen on test
metrics

97.39% (1D input) Unresolved None

Mandrell et al.,
2020 [42]

Cell-line preparations,
SERS 13 preparations → 51 14-fold CV on single spectra 98.2% (mean of fold

accuracies) Documented None

Yan et al., 2020 [43] Human serum, confocal
Raman

28 patients (18 malignant,
10 benign)

5-fold CV after PLS fitted
on all data 96.4% (27/28 equivalent) Documented None

Carmicheal et al.,
2019 [57]

Cell-line and serum
exosomes, SERS

Cell-line preparations;
serum 10 + 10

Fold structure and PCA
fitting not documented 90% on cell lines Unresolved Serum application

only (20 subjects)

Pandya et al.,
2008 [14]

Mouse xenograft tissue,
NIR Raman 33 mice, 60 tissues → 920 50:50 splits (20×), LOO;

PCA on pooled cohort

96.4/96.2% (50:50);
91.0/88.4% (LOO),
sens./spec.

Unresolved None

CV, cross-validation; LOO(CV), leave-one-out (cross-validation); RF, random forest; NLSVM, nonlinear SVM; EV, extracellular vesicle; RHM, Raman
hyperspectral mapping.
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4.16.1. Cross-Study Interpretation

The most common weakness is not a small number of spectra but a small number
of independent biological units relative to the number of correlated spectra. The correct
denominator for uncertainty is therefore the number of patients, animals, or prepara-
tions, not the number of spectral acquisitions. It is also worth noting that two of the
15 reviewed studies (Aslam et al. [45], Li et al. [44]) share the same 20-mouse cohort (same
instrument, same 2529 spectra). A defensible pipeline partitions these independent units
first, then fits every downstream step—preprocessing, feature selection, balancing, model
selection—using training data only. Nested validation becomes necessary once several
processing or model alternatives are compared, and an external cohort remains the only
way to test transportability across patients, instruments, and laboratories.

4.16.2. Consequences for Reported Accuracy

The weaknesses summarized in Table S1 of Supplementary File S1 do not imply that
the observed Raman differences are spurious. Rather, they limit the strength and scope
of the conclusions that can be drawn. Most studies provide evidence that their spectra
contain class-associated structure under the acquisition conditions examined, but they
do not yet provide unbiased estimates of prospective diagnostic performance. There-
fore, we read the highest reported accuracies as internal spectrum-level or within-cohort
results unless both patient-grouped validation and independent external validation are
explicitly demonstrated.

5. Standardization Gaps, Benchmark Datasets and Future Directions
5.1. Reporting and Validation Standards

The weaknesses summarized in Section 4.16 recur across research groups, instruments,
and publication years. This kind of pattern points to a structural gap in how the literature
is reported and checked.

Reporting guidance for this type of study has existed since 2015. Transparent Reporting
of a multivariable prediction model for Individual Prognosis or Diagnosis (TRIPOD) [71]
is a 22-item checklist for papers that develop or validate a multivariable diagnostic or
prognostic model; it covers data source, predictors, sample size, validation strategy and
performance measures. Its 2024 update, TRIPOD + AI [72], replaces it with 27 items and
adds machine-learning requirements, including how validation folds were built and how
class imbalance was handled. No reviewed study cites either document. The 2015 checklist
predates all of them, whereas TRIPOD + AI appeared after most were written. Both target
prediction models for individual patients, so they apply directly to the serum and tissue
studies and only by analogy to the cell-line and animal work. Sezer et al. [63] illustrate
what is at stake: their PCA was fitted on all 254 spectra, including the 84 later assigned
to the test set, so the projection used for classification was not learned from training data
alone. An item asking authors to state the order of fold construction and feature extraction
would have made this visible in the paper itself, instead of leaving it to be inferred from
the full text.

5.2. Instrumental and Computational Comparability

In a round-robin experiment within the European Cooperation in Science and Tech-
nology (COST) action Raman4clinics, aliquots of five reference substances were measured
on 35 setups in 15 institutes [73]. The authors noticed changes in various metrics, including
standard deviation and peak position. As a consequence, they expect models built on one
setup to fail on another when the setups differ substantially. In addition, preprocessing
the data adds a different kind of variation. Baseline correction, normalization and peak
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extraction differ from study to study (Supplementary File S1 Table S2), so a band assigned
to the same molecular group in two papers need not have been quantified in the same
way. It is interesting to point out that quantitative imaging ran into this problem and
addressed it with the Image Biomarker Standardization Initiative (IBSI) [74], which fixed
feature definitions and processing workflows and released reference values for checking
software. Raman spectroscopic imaging will need to address these gaps to become a tool
for oncological diagnostics.

5.3. Benchmark Datasets: Lessons from Other Tumors

Shared data enable comparability testing and external validation. Unfortunately,
pancreatic Raman research does not have such shared data. By contrast, glioma imaging
represents a clear precedent. The Brain Tumor Segmentation (BraTS) challenge, active
since 2012, combines multi-institutional MRI with expert annotation and withholds the test
labels, so that participants are ranked on data they never saw [75,76]. More recent editions
added survival prediction [77] and a genomic classification task [78]. Melanoma followed
a similar route through the International Skin Imaging Collaboration (ISIC) [79], whose
public archive allowed algorithms to be compared on images that none of the developing
groups had collected.

The pancreas now has its own benchmark in radiology. Artificial Intelligence and Ra-
diologists in Pancreatic Cancer Detection using standard-of-care CT scans (PANORAMA)
released the training data and analysis code of a multicentre CT cohort of 3440 patients,
together with a platform that scores algorithms on a sequestered, blinded test set, and
used the same test data to compare an AI system with 68 radiologists [80]. The authors
of this review recognize the PANORAMA initiative as the true lack in pancreatic Raman
studies. Indeed, the closest Raman analogues are the stimulated Raman histology clas-
sifiers for glioma, developed on large intraoperative image collections and tested across
institutions [22,81].

However, Raman benchmarks with different specimens are available. For example,
the bacterial isolate dataset of Ho et al. [82] is employed as a common testbed for deep clas-
sifiers; RamanBench, a recent preprint, gathers 74 public datasets with 325,668 spectra and
evaluates 28 models under one protocol [83], and a separate study compares Raman-specific
deep networks on three open datasets under a unified training protocol [84]. Moreover, the
small open library of reference spectra for individual biomolecules [85] serves a dissimilar
purpose, since it catalogs pure compounds and holds no patient-derived spectra.

Metadata are also important: Every spectrum should carry patient, specimen, and
acquisition identifiers, so that partitions can be grouped by patient and the pseudorepli-
cation discussed in Section 4.16 becomes a queryable property of the dataset. Moreover,
the functional metadata already compiled in Supplementary File Table S2 (instrument,
excitation wavelength and power, SERS substrate, preprocessing pipeline) must accompany
each record.

Standardized reporting makes internal validation verifiable, harmonized instruments
and pipelines make results comparable across laboratories, and a shared benchmark with a
sequestered test set makes external validation possible. All of them contribute to making
accuracy figures reliable.

5.4. Future Directions

The immediate need is a multicentre patient cohort with predefined patient-level par-
titions, acquired on documented instruments and released with a held-out portion whose
labels stay with the organizers, along the lines of BraTS and PANORAMA. Sensitivity
studies that isolate the effect of each preprocessing choice on the extracted features would
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show how much of the reported discrimination survives a change of pipeline. quantum
machine learning (QML) has been proposed for cancer-related data [86,87]; none of the
reviewed studies uses it, and any claimed benefit for Raman classification would have to
be tested against tuned classical baselines on identical partitions, with computational cost
and the distinction between simulation and quantum hardware reported.

6. Conclusions
Taken together, the studies reviewed here show that Raman measurements contain

enough biochemical information to distinguish several pancreatic-related sample classes.
This has been demonstrated in tissues, biofluids, cell preparations, and animal models, but
the studies address different questions and cannot be combined into a single estimate of
diagnostic performance. Most reported accuracies describe discrimination within a small
cohort collected under one set of experimental conditions.

The main concern is the difference between the number of spectra and the number of
independent biological samples. If spectra from the same patient, animal, or preparation
are allowed to enter both training and test sets, the resulting accuracy may not reflect
performance on a new case. The same problem arises when preprocessing, feature selection,
or model tuning uses information from the test data. In several articles, the reported
methods do not provide enough detail to determine whether these risks were avoided.
This does not invalidate the observed spectral differences, but it limits their interpretation
to separability within the studied cohort.

Future studies should therefore define the biological unit before partitioning the data,
fit every data-dependent step using training data only, and evaluate the final model on
independent patients and instruments. Patient-derived benchmark datasets, complete
acquisition metadata, and clearer reporting would make results easier to compare across
laboratories. The most urgent challenge is to develop a framework to examine how prepro-
cessing choices affect extracted spectral features. Until such validation becomes routine,
Raman spectroscopy should be regarded as a promising research tool for pancreatic cancer
rather than as an established clinical diagnostic platform.
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1D one-dimensional
2D two-dimensional
ABC Analytical and Bioanalytical Chemistry
AI artificial intelligence
ALS asymmetric least squares
ANOVA analysis of variance
ANN artificial neural network
ANNs artificial neural networks
AUC area under the receiver operating characteristic curve
AVAC ampulla of Vater adenocarcinoma
BraTS Brain Tumor Segmentation
CBR correlation bias reduction
CC colorectal carcinoma
CD81 cluster of differentiation 81
CNN convolutional neural network
CNNs convolutional neural networks
COST European Cooperation in Science and Technology
cPDAC conventional pancreatic ductal adenocarcinoma
CRM confocal Raman microscopy
CRS coherent Raman scattering
CT computed tomography
CV cross-validation
DFA discriminant function analysis
DL deep learning
DNA deoxyribonucleic acid
DTGS deuterated triglycine sulfate
ECD electronic circular dichroism
EJNMMI European Journal of Nuclear Medicine and Molecular Imaging
ELISA enzyme-linked immunosorbent assay
EM-CCD electron-multiplying charge-coupled device
EMT epithelial-to-mesenchymal transition
EphA2 ephrin type-A receptor 2
EUS-FNA endoscopic ultrasound-guided fine-needle aspiration
EV extracellular vesicle
EVs extracellular vesicles
FFPE formalin-fixed, paraffin-embedded
FFT fast Fourier transform
FNA fine-needle aspiration
FTIR Fourier transform infrared spectroscopy
GNB Gaussian naive Bayes
Grad-CAM gradient-weighted class activation mapping
H&E hematoxylin and eosin
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HCA hierarchical cluster analysis
HCC hepatocellular carcinoma
IBSI Image Biomarker Standardization Initiative
IDO1 indoleamine 2,3-dioxygenase 1
IPMC intraductal papillary mucinous carcinoma
IPMN intraductal papillary mucinous neoplasm
IR infrared
ISIC International Skin Imaging Collaboration
k-NN k-nearest neighbors
KRAS Kirsten rat sarcoma viral oncogene homolog
LDA linear discriminant analysis
LOO leave-one-out
LOOCV leave-one-out cross-validation
LSVM linear support vector machine
MAPK mitogen-activated protein kinase
ML machine learning
MLP multilayer perceptron
MLR multiple linear regression
MIT correlation signal-to-noise statistic
MRI magnetic resonance imaging
NLSVM nonlinear support vector machine
NMF non-negative matrix factorization
OPO optical parametric oscillator
OPLS-DA orthogonal partial least squares discriminant analysis
PaC pancreatic cancer

PANORAMA
Artificial Intelligence and Radiologists in Pancreatic Cancer Detection
using standard-of-care CT scans

PC pancreatic cancer
PCA principal component analysis
PC-DFA principal component–discriminant function analysis
PC1 first principal component
PDAC pancreatic ductal adenocarcinoma
PET positron emission tomography
PLS partial least squares
PLS-DA partial least squares discriminant analysis
PLS3 third partial least-squares component
PRISMA Preferred Reporting Items for Systematic Reviews and Meta-Analyses
qRT-PCR quantitative reverse transcription polymerase chain reaction
QML quantum machine learning
RAS rat sarcoma
RAS/MAPK rat sarcoma/mitogen-activated protein kinase
RELIEF Relief feature-selection algorithm
RF random forest
RFs random forests
RHM Raman hyperspectral mapping
ROA Raman optical activity
RS Raman spectroscopy
SERS surface-enhanced Raman spectroscopy
SHG second-harmonic generation
SL supervised learning
SMOTE synthetic minority oversampling technique
SNV standard normal variate
SPSEL spectral-band selection procedure
SRS stimulated Raman scattering
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STAM stratified pancreatic cancer–stroma spheroids
SVD singular value decomposition
SVM support vector machine
SVMs support vector machines
SVM-DA support vector machine discriminant analysis
SVM-RFE support vector machine recursive feature elimination
TDA topological data analysis
TGF-β transforming growth factor beta
TML topological machine learning
TP53 tumor protein p53
TRC tumor-repopulating cell
TRCs tumor-repopulating cells

TRIPOD
Transparent Reporting of a multivariable prediction model for
Individual Prognosis or Diagnosis

t-SNE t-distributed stochastic neighbor embedding
UL unsupervised learning
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