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ABSTRACT

Chemoresistance is a major obstacle to effective cancer treatment, particularly in tubo-ovarian high-grade serous carcinoma
(HGSC), the most lethal gynaecological malignancy. Predicting patient-specific chemoresistance remains challenging due to
tumour heterogeneity and the lack of reliable biomarkers. Raman spectroscopy, a label-free technique that provides biochemical
insights into cells and tissues without the need for specific biomarkers, has been extensively applied in cancer research, but its
full potential for detecting subtle biochemical changes linked to chemoresistance in HGSC at the single-cell and subcellular
levels remains underexplored. Another critical challenge is the estimation of classification performance on future data with
cross-validation (CV) in the presence of batch effects. In this study, we demonstrated that confocal Raman microscopy combined
with multivariate analysis can discriminate between cisplatin-resistant (TYK-nu-CP.r) and cisplatin-sensitive (TYK-nu) HGSC
cell lines with 78% accuracy without batch correction. After batch correction, the accuracy improved to 84%. Feature impor-
tance analysis suggested that the separation was linked to a higher level of lipid unsaturation and elevated glutathione levels in
the chemosensitive cell line. Additionally, we proposed a new CV-based area under the receiver operating characteristic curve
(AUC) estimator that accounts for the batch effects better than the popularly used leave-one-batch-out CV. Together, these results
show that with careful data processing, accounting for biases and batch effects, Raman microscopy enables reliable detection
of chemoresistance at a cellular level and can provide insights into the molecular basis of chemoresistance. This study suggests
that Raman microscopy holds promise as a tool for predicting chemoresistance in HGSC and guiding personalised treatment
strategies.

1 | Introduction chemotherapy agents varies substantially between patients
and is also affected by prior treatment. Despite such diver-
Chemotherapy is a cornerstone of cancer treatment. However, sity in chemoresistance, chemotherapy treatment is generally

chemoresistance is a substantial cause of treatment failure based on standardised treatment regimens. Tools that would
and ultimately patient death. Furthermore, resistance to allow the prediction of patient-specific chemoresistance
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would allow more effective and personalised chemotherapy
treatment [1].

One form of cancer for which the above situation is highly rel-
evant is ovarian cancer. Ovarian cancer is the deadliest can-
cer among all gynaecological malignancies [2]. Tubo-ovarian
high-grade serous carcinoma (HGSC) constitutes the majority
of cases and is also the most aggressive. Platinum-based che-
motherapy is the standard treatment for HGSC, often following
cytoreductive surgery [3]. Resistance to platinum-based chemo-
therapy is common and a significant contributor to mortality in
HGSC patients, and it may be intrinsic (existing prior to treat-
ment) or acquired during the course of chemotherapy. Platinum
drug resistance in tumour cells is believed to occur via several
mechanisms [4], and elucidating the precise nature of these
mechanisms is challenging and an enormous field of ongoing
research [5-8]. Furthermore, HGSC tumours exhibit a large de-
gree of intratumoral heterogeneity that contributes to the devel-
opment of chemoresistance [9, 10], which underscores the need
for spatially resolved analytical methods in HGSC research.

Raman spectroscopy has much potential for individualised
chemoresistance screening prior to chemotherapy treatments,
as it is not reliant on a single biomarker, or even a precise un-
derstanding of the molecular and cellular mechanisms [11]. It
encompasses a group of label-free techniques (either spatially
resolved or not) that provide biochemical information on cells
and tissues. Non-spatially resolved Raman methods analyse
bulk samples fast and are well-suited for situations where in-
formation on average biochemical composition is sufficient. In
contrast, spatially resolved Raman microscopy techniques—in-
cluding spontaneous confocal Raman microscopy and coherent
methods such as coherent anti-Stokes Raman scattering (CARS)
and stimulated Raman scattering (SRS)—enable biochemical
imaging at subcellular resolution. Coherent techniques, par-
ticularly SRS, are especially advantageous for imaging appli-
cations due to their faster acquisition speeds and higher spatial
resolution, which make them well-suited for studying even sub-
micron-sized cellular structures such as lipid droplets (LDs) [12].
Although coherent Raman excels in imaging applications, spon-
taneous Raman is generally able to generate more information-
rich spectra, potentially making it more suitable for detecting
subtle molecular changes associated with chemoresistance.

The use of Raman spectroscopy in cancer research has been ex-
tensively studied since the 1990s, particularly for distinguishing
malignant from healthy tissue [13]. Characterisation of chemo-
resistance or, more generally, the effect of chemotherapy drugs
on cells is a more recent application [14-19], and presumably a
more subtle and challenging task, given that it involves differen-
tiating between phenotypically more similar cells and tissues.
Despite the potential of Raman-based approaches for this task,
only a couple of studies have investigated their use in differentiat-
ing between chemoresistant and chemosensitive ovarian cancer
tissues [20, 21], and to our knowledge, only two studies have ap-
plied Raman microscopy to differentiate between single chemo-
resistant and sensitive ovarian cancer cells [17, 22]. In the study
of Moradi et al., they measured spectra of diffraction-limited
volumes at arbitrary locations within cells, and although they
managed to differentiate between the cell lines and attributed
this to relative increases in proteins and glutathione (GSH) in

the cisplatin-resistant cells, the subcellular regions contribut-
ing to the observed spectral separation were not investigated.
Very recently, Li et al. investigated two pairs of chemoresistant
and chemosensitive ovarian cancer cell lines and reported very
high classification performance [22]. Although their results are
promising, the available methodological information is limited,
making it difficult to evaluate the broader applicability of the
findings. Moreover, neither of these studies involved an HGSC
model, which is the most common and lethal ovarian cancer
subtype.

Several methodological concerns remain underexplored in the
existing literature on Raman microscopy and cancer. Sampling
details are often sparse, even though Raman microscopy typi-
cally probes areas smaller than an individual cell, which has im-
portant implications for diagnostic development. Furthermore,
even though the importance of proper model evaluation is in-
creasingly acknowledged in the field, it is still not uncommon
to report near-perfect classification performance based on small
datasets [23]. In experimental domains, data are frequently af-
fected by batch effects, which introduce systematic differences
between samples measured at different timepoints or under
varying experimental conditions. To ensure models capture
true biological signals rather than experimental artifacts, eval-
uation strategies must explicitly account for these variations.
A key focus of this work was to propose a new cross-validation
(CV) strategy for performance estimation. We propose a novel
batch-aware CV strategy for area under the receiver operating
characteristic curve (AUC) estimation, particularly in settings
where test samples from opposite classes originate from differ-
ent batches.

In this study, we used confocal Raman microscopy with line
mapping and partial least squares discriminant analysis
(PLS-DA), linear support vector machines (SVMs) and logistic
regression to distinguish between the HGSC cell line TYK-nu
and its chemoresistant subline TYK-nu-CP.r at the single-cell
level. Furthermore, we aimed to identify which subcellular re-
gions contribute to the molecular differences driving chemo-
resistance. To this end, we compared the analysis of average
cell spectra with that of spectra from specific cellular regions.
Finally, to further explore the role of LDs in these differences,
we employed SRS microscopy to directly analyse LD composi-
tion and its relationship to the chemoresistance classification
results.

2 | Materials and Methods
2.1 | Cell Lines

For the spontaneous Raman analyses, human ovarian cancer
cells TYK-nu and its more chemoresistant subline TYK-nu-CP.r
(lots 02252019 and 08022018, Japanese collection of research
bioresources cell bank, Japan) were cultured at the University
of Otago, New Zealand. Cells were cultured in MEM with
Glutamax (Gibco, Thermo Fisher Scientific, USA) supplemented
with 100-pg/mL streptomycin, 100-U/mL penicillin (Pen-Strep,
Gibco, Thermo Fisher Scientific, USA) and 10% foetal bovine
serum (Moregate Biotech, New Zealand) at 37°C in a humidified
5% CO, environment. Once the cells achieved the logarithmic

Journal of Raman Spectroscopy, 2026

85UB01 T SUOWILLIOD SAIIRID B|cedl[dde 8y} Aq paueAob 812 Sao1Le YO 9SN JO SaINJ 10} AIqITaUIIUQ AB]1M UO (SUOTPUOD-PUR-SLLBIAW0D" A3 1M ARe.q]jBulJUo//ScIy) SUORIPUOD pue SWLB | 8U) 89S *[9202/90/80] Uo AkeiqiTauliuo A8im ‘myin Jo AiseAIIN Aq 02T0L'S1/Z00T 0T/I0p/wW0d" A3 1M ALe.q[BUIUO'S [eUINO BoUB 10S [0 A JeUe//SANL WO papeo|UmMOa ‘0 ‘SSS260T



growth phase (approximately 70%-90% confluency), they were
prepared for subculturing by detaching them with 0.05% tryp-
sin—-EDTA (Gibco, Thermo Fisher Scientific, USA). To confirm
differences in cisplatin resistance between the cell lines, a cyto-
toxicity assay was conducted (Figure S1).

For the Raman spectroscopy analysis, eight samples from each
cell line were prepared from different cell culturing flasks,
within a range of four passages. The number of cells analysed in
each sample for each measurement batch is reported in Table S1.
For each sample, 150,000 cells were seeded onto a Raman-grade
calcium fluoride substrate (CaF,, Crystran LTD, UK) within a
petri dish and left to incubate for 2days before fixation. Post-
incubation, both cell lines showed similar confluency on the
substrates without visible morphological differences or at-
tachment issues between cells cultured in flasks and on CaF,
substrates.

Besides the samples seeded on CaF,, separate samples were
prepared with the intention of collecting reference spectra of
subcellular regions. For this purpose, the cells were seeded
on glass-bottomed petri dishes (MatTek Corporation, USA).
Fixation of all samples was carried out in the same manner;
after the incubation, the cells were first washed with phosphate-
buffered saline (PBS, Gibco, Thermo Fisher Scientific, USA) and
then fixed with 4% paraformaldehyde (PFA, Image-iT, Thermo
Fisher Scientific, USA) at room temperature for 10min. After
removing the PFA, the cells were washed with PBS three times
and then kept in PBS during the measurements.

2.2 | Confocal Raman Microscopy

The confocal Raman measurements were performed using
a WiTec Alpha 300R+ confocal Raman microscope (WITec
GmbH, Germany). To ensure consistency, all cell samples were
measured within 8h after fixation. Measurements were per-
formed with an excitation wavelength of 532nm (Coherent,
Santa Clara, USA), and a 63x NA 1.0 water immersion objec-
tive (W Plan-Apochromat, Zeiss, Germany) was used to focus
the light on the sample and to collect the signal. A grating with
600g/mm and a blaze wavelength of 500nm was used for spec-
tral dispersion and detected with a charge-coupled device (CCD,
Andor iDus 401, Oxford Instruments, Abingdon, UK). The mea-
sured spectral region was ~—60 to 3785cm™!. To minimise the
day-to-day spectral variation, the Raman shift was calibrated
with the silicon 520cm™ peak at the beginning of each mea-
surement day. Spectra were acquired with WITec Control Plus
software with a laser power of 15mW, and the exposure time
was 10s with three accumulations.

2.3 | Spectral Preprocessing and Data Analysis

Raman data analysis was performed on both individual point
spectra and average line map spectra and in both cases, all spec-
tra underwent a similar preprocessing procedure. First, cos-
mic ray spikes were removed using two despiking algorithms,
the Whitaker-Hayes [24] (cosmicdd) and Barton-Hennelly [25]
(cosmicmp) functions, available in the Spectrapepper Python
toolbox [26]. Spike removal was performed in multiple spectral

segments with parameters specifically adjusted for each seg-
ment. The spectra were then smoothed using a Savitzky-Golay
filter with a window length of 3 and a polynomial order of 2.
Subsequently, a constant baseline correction (the minimum in-
tensity value) was applied to the spectra. For the average spectra
approach, line-averaged spectra were calculated at this stage.

Aqueous buffer subtraction from cell spectra involves several
conceptual challenges, as both bulk water and biomolecule-
associated water contribute to the OH-stretch region [27], and
the optimal strategy for handling these contributions in the
context of mitigating physical inhomogeneity has not been
systematically investigated in the literature. Here, an average
background spectrum of the PBS medium was fitted to each cell
spectrum in the range of 3085-3153cm™! using non-negative
least squares regression and subsequently subtracted. To prevent
over-subtraction, a small constant (0.05) was subtracted from
the residuals during the optimisation process. After subtraction,
the resulting cell spectra were visually consistent with those re-
ported by Lang et al., where only the bulk water contribution
was removed [27]. After the buffer subtraction, the adaptive iter-
atively reweighted penalised least squares (airPLS) baseline cor-
rection was applied with the smoothing parameter of 1,000,000
and penalty order of 2, and the spectra were SN'V-normalised. To
account for technical variability across experimental days, we
applied day-by-day batch correction using PyComBat, a Python
implementation of the ComBat algorithm [28]. The final wav-
enumber range used for analysis was 430-3025cm™! with the
silent region (1790-2780cm™) excluded.

The average line map spectra for each cell were classified using
PLS-DA, linear SVM and logistic regression, implemented with
scikit-learn [29]. Linear models are well suited for Raman spec-
troscopy due to their robustness, simplicity and ability to handle
high-dimensional spectral data. They perform especially well
when sample sizes are limited, where more complex models,
such as deep learning, may overfit [30]. Linear models also pro-
vide clear weightings for each wavenumber, making it easier to
interpret results and link spectral features to underlying chemi-
cal or biological differences. Model performance was evaluated
under three CV strategies (leave-one-batch-out, leave-one-cell-
out and leave-two-batches-out), which are explained in depth in
Section 3.

2.4 | Stimulated Raman Scattering Analysis
of Lipid Droplets

For the SRS analyses, the same TYK-nu and TYK-nu-CP.r cell
lines (obtained from the Institute of Biomedicine and FICAN
West Cancer Centre, the University of Turku) were cultured
at the University of Helsinki. Cell culturing, cytotoxicity assay
and sample preparation were done similarly as described earlier,
with minor modifications primarily in material suppliers (see
section “Cell culturing for SRS cell samples” in the Supporting
Information).

The samples were analysed using an in-house-built SRS micro-
scope, which has been described in detail elsewhere [31]. Briefly,
the system comprises an inverted Olympus FV3000 confocal
laser scanning microscope (Olympus, Japan), coupled with a
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dual-output femtosecond laser source (InSight X3+, Spectra-
Physics, MKS Instruments, USA). This laser provides a tunable
pump beam and a fixed Stokes beam at 1045nm. The beams
are passed through a spectral focusing, timing and recombi-
nation unit (SF-TRU, USA) before coupling to the FV3000 mi-
croscope. The light was focused on samples using a UPLSAPO
60xW objective (Olympus, Japan), and the signal was collected
in transmission mode using an oil immersion condenser (Leica
Microsystems, Germany) dipped in PBS containing fixed cells
in a petri dish. Detection was carried out using an SRS detec-
tion system (APE Angewandte Physik & Elektronik Berlin,
Germany). Measurements were done on the CH stretching vi-
brational region, using two pump laser wavelengths: 805nm
(2820-2945cm™!) and 795nm (2950-3040cm™). The step size
in these hyperspectral SRS images was 5cm™!, resulting in
SRS images with 45 wavenumbers. The images were 512X 512-
1024 x 1024 pixels in size, and the pixel size was 0.104 um. Four
replicate samples were analysed for each of the two cell lines,
with a minimum of 10 images captured at different sites of each
sample.

LD spectra were extracted and preprocessed from SRS images
using MATLAB, following a multi-step procedure. First, noise
reduction was applied to the SRS images using block-matching
and 4D filtering (BM4D) [32]. Principal component analysis
(PCA) was then performed, and PC3 was identified to include
features corresponding to LDs. Circular features representing
LDs were detected in the PC3 images using the imfindcircles
function, and an LD mask was created based on this detection.
Next, background subtraction was performed to account for
local cellular background spectra specific to each LD. To min-
imise potential edge effects, an 8-pixel buffer was added to the
radius of each LD in the mask. The inpaintCoherent function
was then applied to replace the LD regions in the hyperspec-
tral image with interpolated values derived from surrounding
pixels. These interpolated background spectra were subtracted
from the average spectra of the corresponding LDs using the
Isqlin function for linear least-squares fitting. After this, the
spectra were further processed by linear baseline correction,
and the peak intensity ratio at 3010cm™'/2845cm™! was calcu-
lated for each spectrum.

3 | Results and Discussion

3.1 | Method Optimisation for Confocal Raman
Microscopy

For Raman analysis of adherent cells, typical substrate options
include glass, quartz and CaF,. For this study, which aimed to
resolve subtle spectral differences between two variants of the
same cell line, we used Raman-grade CaF, because it results in
the least spectral interference. However, its refractive index is
close to that of the aqueous buffer, resulting in poor intracellular
contrast in brightfield images of the confocal Raman microscope
(Figure S2) and thereby influencing our sampling strategy.

It is well documented that Raman microscopy enables detection
of biomolecular heterogeneity and subcellular structures in cells
[33, 34]. The CH stretching region (2800-3000cm™") contains
features primarily derived from lipids, proteins and nucleic

acids, and it alone provides sufficient contrast to differentiate
between major cellular compartments, here categorised as the
nucleus (all intranuclear structures) and cytoplasm (all non-
nuclear intracellular regions) [35]. This was also demonstrated
in our study, as evidenced in Figure 1, which shows single-cell
hyperspectral Raman maps, generated using PCA on the CH
stretching region. The cytoplasm contains a higher concentra-
tion of lipids than the nucleus, with these lipids having a charac-
teristic signal attributed to CH, functional groups at 2845cm™.
In contrast, the nucleus, which contains fewer methylene groups
and more vibrations originating from proteins and nucleic acids,
exhibits a different spectral profile in the CH stretching region.

Previous studies suggest that cell-averaged spectra can produce
robust classification models [34, 36, 37], and therefore, this ap-
proach was investigated first. The acquisition of representative
Raman spectra that accurately reflect a cell's entire chemical
composition is a topic of active discussion in the Raman spec-
troscopy community [34]. As noted by Schie et al., using a large
focal spot to cover a larger area of the cell is one option, but the
reduced confocality results in an increased background contri-
bution in the spectra. Conversely, full-cell mapping of a large
number of cells and samples with a small spot size is impractical
due to the slow acquisition speed. As a result, we opted for a
middle ground and a more feasible approach by collecting line
maps across the geometric centre of cells, determined through
visual estimation. This approach, inspired by previous studies
[14, 38], provided a practical compromise between representa-
tiveness of the spectra and acquisition speed, albeit with a ten-
dency to overrepresent nuclear spectra relative to cytoplasmic
spectra. Another advantage of this approach is that it enabled
the analysis of individual subcellular spectra, as described later.

Upon examining the two cell lines under a standard light micro-
scope, some morphological differences were evident (Figure S3).
Cells from the chemosensitive line typically appeared thinner
and more spread out with irregular morphology, whereas those
from the chemoresistant line were generally thicker and dis-
played a spindle-like form. Both cell morphologies were pres-
ent in each cell line but typically differed in their prevalence.
Cells are typically thicker at the central/nucleus area [33], and
the centre part yields spectra with a relatively high signal-
to-noise ratio. Conversely, signals close to the edges, from the
thin spread-out cytoplasmic regions, tend to be weaker and
dominated by the features originating from the aqueous buffer
(Figure S2). Consequently, comparing Raman spectra of two
morphologically different cell lines poses challenges, as the av-
erage spectral differences between cells could be enormous and
reflect physical inhomogeneity rather than subtle differences in
biochemical composition.

To ensure a meaningful spectral analysis between the two cell
sublines, both types of morphologies were sampled in roughly
equal amounts, rather than relying on random sampling.
Sampling involved selecting approximately 10 cells from each
sample. For each selected cell, a line map comprising 20 spec-
tra was systematically measured across the geometric central
portion of the cell, as described earlier. Measurements were
conducted on eight cell samples per cell line, with each sample
considered as a distinct biological replicate. One set comprising
two samples—one from each cell line—was measured on the
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FIGURE 1 | Confocal Raman mapping and PCA analysis of the CH region of single TYK-nu and TYK-nu-CP.r cells, measured on glass sub-
strate. (A) Left: Brightfield images of cells. Red rectangles indicate the regions where Raman maps were acquired with a step size of 1 um. Right:
Corresponding PC1 score maps obtained from PCA analysis of the CH regions of the Raman map insets, showing clear contrast between nuclear and

cytoplasmic regions. (B) Mean Raman spectra of nuclear and cytoplasmic regions for both cell maps and (C) the corresponding PC1 loading plots; in

(B) and (C), the vertical dashed line marks the Raman shift at 2845cm™1, typical for lipid vibrations. Both maps were recorded with an integration

time of 3s per pixel and a laser power of 15 mW.

same day, using the same experimental parameters. This was
done in order to minimise any day-to-day inconsistencies or ar-
tifacts that could unintentionally introduce variance between
the two cell lines in the collected data. To further minimise the
impact of physical inhomogeneity on data analysis, the bulk
water contribution was subtracted from the spectra.

3.2 | Classification Performance on Average Line
Map Spectra

The aim of classification performance evaluation is to estimate,
from a finite sample of data, how well the classifier under con-
sideration succeeds on future data. For this purpose, we used
binary classification accuracy and area under receiver operating
characteristic (ROC) curve (AUC). Binary classification accu-
racy is the probability of correct classification on future data.
AUC can be interpreted as the probability of predicting a larger
value for a randomly drawn member of the positive class than
that for the negative class plus 0.5 times the probability of pre-
dicting a tie, i.e.,

P(f(X)>f(X")) +0.5P(f(X) =f(X"))

where X and X’ are, respectively, randomly drawn members of
positive and negative classes and f denotes a classifier that out-
puts a real-valued confidence level for the datum being a member
of the positive class. In the literature, this is sometimes referred
to as the Mann-Whitney parameter, since it is the distributional
counterpart of the well-known Mann-Whitney statistic [39].

Indeed, the Mann-Whitney statistic is used as an AUC estima-
tor from a finite sample of data. The statistic averages over every
pair of positive and negative class members in the sample and
counts one whenever the order of their predictions is correct,
half whenever they are tied, and zero otherwise.

A batch effect refers to systematic, non-biological bias in experi-
mental data that arises when samples processed in different groups
(batches) show technical differences unrelated to the underlying
biological signal [40, 41]. These unintentional, systematic errors
typically come from inconsistencies in experimental conditions,
such as samples being processed on different days or different runs
of the instruments. To quantify the batch effects on classification
performance in more detail, we considered two variants of AUC
that we call intra-batch AUC and inter-batch AUC. Intra-batch
AUC corresponds to the same probability as the standard AUC,
but is conditional on the two data being from the same batch. Inter-
batch AUC is AUC conditional on the two data being from differ-
ent batches. These are different quantities that provide answers to
separate practical research questions. The former is useful when
two classes must be separated within future data obtained as a sin-
gle batch. The latter corresponds to the more difficult problem of
separating the classes with different batch effects.

When a learning algorithm is used for training a classifier from
data, the CV is used for estimating the classifier's accuracy and
the AUC variants on future data. CV estimators also account for
the randomness in the training data in addition to that of the
test data. For example, the expected classification accuracy of
a learning algorithm is the probability of correctly classifying a
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datum, given that a certain amount of training data drawn from
the same distribution is used for training the classifier with the
learning algorithm under consideration. The CV estimators typ-
ically average over several splits of the available sample of data
into training and test parts.

To account for batch effects on learning algorithms’ prediction
performance in terms of classification accuracy, we considered
two separate CV estimators. The first assumes that the future
data is from the same batches as the training data, and it is called
leave-one-cell-out cross-validation (LOCO-CV) (Figure 2A).
The second reflects the more realistic setup of future data being
from a new batch unseen during the training. In the literature,
the latter is popularly called the leave-one-batch-out cross-
validation (LOBO-CV), illustrated in Figure 2B [42].

Regarding AUC, the LOBO-CV estimator matches intra-batch
AUC on a future batch not seen during the training phase, as
the AUC values for each of its rounds are obtained from a sin-
gle batch. To estimate inter-batch AUC on future data, we em-
ployed what we call leave-two-batches-out cross-validation

(LTBO-CV). In each of its rounds, two batches are simultane-
ously left out from training, so that the members of the positive
class (TYK-nu-CP.r) are from the first held-out batch and the
members of the negative class (TYK-nu) are taken from the sec-
ond, as shown in Figure 2C. The results from each possible pair
of positive-negative batches are averaged to form the overall CV
estimate. In addition to the two CV pipelines described for AUC
estimation, we also applied LOCO-CV as a comparative base-
line where samples from the same batch can appear in both the
training and test sets, Figure 2A.

The average line map spectra for each Raman cell were clas-
sified using three supervised learning algorithms (PLS-DA,
linear SVM and logistic regression), and model performance
was evaluated with the three different CV strategies described
above. Since hyperparameter tuning was not the focus of this
study, default settings were used where applicable, including for
logistic regression and SVM. However, the default hyperparam-
eters performed poorly for PLS-DA, so nested CV was employed
to select an appropriate number of components (see Supporting
Information for detailed description). The performance of the

Single Cross-Validation round

A. Leave-One-Cell-Out Cross-Validation (LOCO-CV)

TRAIN TEST

C. Leave-Two-Batches-Out Cross-Validation (LTBO-CV)

TRAIN (6 batches) TEST (2 batches)

'
'
1
1
!
!
1
1
1
1
'
'
!
!
'
1
1
'
!
!
1
1
1
negatives used, positives not used :
!

B. Leave-One-Batch-Out Cross-Validation (LOBO-CV)

TRAIN (7 batches)

TEST (1 batch)

© Positive Cell (TYK-nu-CPr)
© Negative Cell (TYK-nu)
& Cell not used

FIGURE2 | Overview of the three cross-validation strategies used in the study. Each of the Sections A, B and C illustrates a single CV round: (A)
leave-one-cell-out, where one individual cell is held out for testing in each round; (B) leave-one-batch-out, where all cells from one batch (day) are

used for test in each round; (C) leave-two-batches-out, where two batches (days) are excluded, and the test set contains only the positive cells from

one batch and the negative samples from the other (for every left-out batch pair, two rounds are built so that each batch contributes once as the source

of positives and once as the source of negatives).
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three classifiers was rather similar, as indicated by the AUCs in
Figure 3 and the accuracies in Figure 4.

Out of the three CV strategies, LOCO-CV showed the highest
classification accuracy of 88% (PLS-DA) (Figure 4A). This CV
strategy is similar to that used by Moradi et al. [17], who ap-
plied Raman microscopy and PCA-LDA to distinguish between
chemosensitive and chemoresistant endometrioid ovarian ad-
enocarcinoma cell lines (A2780s vs. A2780cp) and reported
a classification accuracy of 82.5%. The goal of our CV was to
assess the generalisability of the models to predict unknown
cell samples across different passages (biological replicates)
and measurement days (batches). Therefore, we consider the
LOBO-CV as the primary evaluation method. Using LOBO-CV,
we obtained AUCs ranging from 92%-94% and classification ac-
curacies of 75%-78% (Figures 3A and 4A).

To further analyse the changes that batch effects can cause
on CV-based prediction performance estimates, batch correc-
tion was applied as an initial preprocessing step prior to model
training. The PyCombat algorithm was applied, which adjusts
the day-specific mean and variance shifts while preserving bio-
logical variability through empirical Bayes shrinkage, ensuring

A. Without Batch Correction

that model performance reflected true class separation rather
than batch effects. Batch correction improved classification ac-
curacies (Figure 4B) and LTBO-CV AUC (Figure 3B). For the
PLS-DA model, LOBO-CV classification accuracy increased to
84% following batch correction.

The improvement in classification after batch correction
suggests that day-to-day variation was present in the data,
which, uncorrected, could mask the true biochemical signal
and reduce generalisability. After batch correction, the perfor-
mance can improve because the data becomes more compara-
ble across measurement days. In our case, accuracy benefits
when correcting day-wise variation reduced threshold-related
misclassifications, whereas inter-day AUC improved when the
underlying ordering between positive and negative samples
became more consistent across days because, with LTBO-CV,
positive cells from one batch are compared with negative cells
from another batch.

All samples were prepared and measured by a single operator
within 2weeks, with no optical realignments, grating changes,
or other system modifications. Daily wavenumber calibration
was performed using the Si 520cm™! peak by fine-tuning the

B. With Batch Correction

0.95 0.94 0.95 0.94 0.93 0.92

AUC

LR (L2) SVM (Linear) PLS-DA

N LOCO-CV  mw LTBO-CV  Wm LOBO-CV

0.910.91 —

0.910.90

AUC

LR (L2) SVM (Linear) PLS-DA

I LOCO-CV  mm LTBO-CV B LoBO-CV

FIGURE3 | AUCs for leave-one-cell-out (LOCO-CV), leave-two-batches-out (LTBO-CV) and leave-one-batch-out (LOBO-CV), across three clas-
sifiers (logistic regression [LR], SVM and PLS-DA) with Column (A) without batch correction and Column (B) with batch correction.

A. Without Batch Correction

0.85 0.86 0.88
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SVM (Linear)
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B. With Batch Correction
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FIGURE 4 | Classification accuracies for leave-one-cell-out (LOCO-CV) and leave-one-batch-out (LOBO-CV), across three classifiers (logistic
regression [LR], SVM and PLS-DA) with Column (A) without batch correction and Column (B) with batch correction.
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offset, assuming linear grating dispersion. A more rigorous cali-
bration using a standard covering the full spectral range (finger-
print and CH regions) could have improved precision. However,
even careful wavenumber or intensity calibration cannot fully
remove time-dependent spectral variation. Part of the apparent
day-to-day variation may also reflect biological differences be-
tween replicates or small technical inconsistencies in their han-
dling. Although statistical batch correction methods are rarely
used in vibrational spectroscopy, their application was appro-
priate here because measurement days were independent of the
biological classes, allowing removal of unwanted day effects
without affecting class-related variation, and demonstrating the
potential value of such approaches in this field.

3.3 | Feature Importance Analysis
for Classification of Average Line Map Spectra

To explore the biochemical basis underlying the classification,
we analysed the spectral features that contributed most to the
classification. In our case, the spectral differences between
classes were not obvious upon visual inspection of their average
spectra (Figure 5). Therefore, we analysed the top 25 sets of fea-
tures that contributed most significantly to class separation, as
determined by the classifier coefficients. To do this, we trained
the classifiers on the entire dataset and identified the features
with the highest coefficients. Also, to assess the variability and
stability of feature selection across different CV rounds in the
LOBO-CV, we averaged the coefficients (feature importance
scores) obtained from each round and chose the features that

had been selected in at least 80% of the CV rounds. This ap-
proach allowed us to highlight features that were consistently
important for classification across all CV rounds. Among the
classifiers, PLS-DA produced the largest number of consistently
selected features. The results for all three classifiers are pre-
sented in Table S2 and Figure S4.

All classifiers yielded quite similar patterns in feature impor-
tance. In all three classifiers, the Raman shifts 842, 1069-1079,
1146, 1408-1425, 1708 and 3011cm™' were among the top 25
ranked features and showed high consistency across CV rounds
(Figure 5). The Raman shifts at 842, 1146 and 1708 cm™! were
positively associated with TYK-nu-CP.r. Based on previous as-
signments, 842 and 1146cm™ are tentatively attributed to glu-
cose [43, 44], whereas the feature at 1708 cm™ corresponds to the
shoulder of the Amide I band [45]. The region at 1408-1425cm™,
which was positively associated with TYK-nu, is typically as-
sociated with CH,/CH, bending modes, common in lipids and
proteins [46]. One of the most consistently selected and highly
ranked spectral features was 3011 cm™!, which showed a strong
positive association with TYK-nu, especially in the logistic re-
gression and SVM classification models. This band is commonly
attributed to = C-H stretching vibration of unsaturated lipids
[47], suggesting increased lipid unsaturation in TYK-nu as a key
differentiator between the two cell lines. Additionally, features
in the range of 1069-1079cm™! were associated with TYK-nu.
This region is tentatively attributed to C-C stretching of lipids
[47]. As each spectral peak originates from vibrational modes of
specific functional groups, no individual peak can be uniquely
assigned to a single biochemical compound, and therefore, our
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FIGURE 5 | Fingerprint and CH stretching region average spectra of each cell line + standard deviation, together with the corresponding differ-

ence spectrum (TYK-nu — TYK-nu-CP.r). The vertical lines indicate the important wavenumbers contributing to the separation in all three classifiers.

Red lines represent Raman shifts positively associated with TYK-nu-CP.r, whereas blue lines represent those positively associated with TYK-nu.
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tentative peak assignments represent the most plausible major
contributors to these spectral features.

An earlier Raman microscopy study reported elevated GSH lev-
els in chemoresistant ovarian cancer cells [17]. GSH (both the
reduced and oxidised forms) in aqueous solution exhibits rela-
tively strong Raman bands at approximately 920 and 1410cm™,
although overall GSH is not a particularly strong Raman scat-
terer and it does not benefit from resonance enhancement
with 532-nm excitation [48]. Reduced GSH is characterised by
a sharp Raman band at 513cm™! and oxidised GSH approxi-
mately at 2570cm™ [48, 49]. In our analysis, the Raman shifts
at 1408-1425cm~! emerged as one of the most highly ranked
and consistently selected features in all the classifiers, show-
ing a strong positive association with TYK-nu. Additionally,
the bands at 513 and 918 cm™' were also positively associated
with TYK-nu, although they were not highly ranked. Moreover,
when the classification region was extended to include the area
beyond 2550cm™, the feature at 2570 cm™! exhibited a relatively
weak association with TYK-nu (results not shown). Overall, our
findings suggest that elevated GSH levels are unexpectedly as-
sociated with the chemosensitive TYK-nu rather than its chemo-
resistant subline. To further investigate this surprising result,
we performed a GSH well-plate assay, which revealed that the
chemosensitive subline contained approximately 4.6 times more
GSH than the chemoresistant counterpart (Figure S5).

Substantial experimental evidence supports a functional
role for GSH in mediating chemoresistance, particularly to

platinum-based agents [50, 51]. Numerous studies have associ-
ated elevated intracellular GSH levels with platinum resistance,
and it has been proposed that GSH can directly conjugate cis-
platin, neutralising its cytotoxic effects (among other mecha-
nisms) [52-55]. The mechanistic plausibility of this model is
strong and well demonstrated in cell-based systems, with sev-
eral studies demonstrating that a reduction in the levels of GSH
can sensitise ovarian cancer cells to cisplatin [51, 56]. However,
the relationship between intracellular GSH content and plat-
inum resistance remains controversial. For example, although
Mistry et al. reported a strong positive correlation (r=0.91) be-
tween cisplatin IC values and intracellular GSH levels across
eight ovarian cancer cell lines, closer inspection of the plotted
data suggests that the relationship is non-uniform and may be
weak or even inverse at low IC, values [56]. What is particularly
relevant to our findings is the work of Criscuolo et al., who re-
ported higher GSH levels in chemosensitive ovarian cancer cells
compared with resistant counterparts [57]. They hypothesised
that cisplatin-GSH adduct formation contributes to cisplatin cy-
totoxicity, and that platinum-resistant cells evade this pathway
by downregulating GSH while upregulating compensatory anti-
oxidant mechanisms.

Moreover, there is evidence suggesting that dynamic changes
in GSH during cisplatin exposure may provide more insights
into chemoresistance than baseline GSH alone. For example,
Jamali et al. observed no significant difference in baseline GSH
levels between cisplatin-sensitive and resistant A2780 cells but
noted a time-dependent increase in GSH in the resistant variant
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FIGURE 6 | Average Raman spectra of nucleus and cytoplasm of TYK-nu and TYK-nu-CP.r cells in the fingerprint and CH stretching regions.

Spectra are offset for visual clarity. Vertical lines indicate wavenumbers corresponding to molecular vibrations associated with nucleic acids or lipids.
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upon cisplatin exposure [58]. Taken together, our findings fur-
ther highlight that elevated intracellular baseline GSH is not a
universal feature of platinum resistance in ovarian cancer cells.
Instead, the role of GSH may be cell line-dependent, with the dy-
namic changes in GSH levels (and the ratio of the oxidised and
reduced forms) upon cisplatin exposure providing more compre-
hensive insights than baseline levels alone.

3.4 | Classification Performance on Individual
Spectra

To understand the subcellular basis for the separation between
the average spectra of the two cell lines, all individual Raman
spectra were classified into either nucleus or cytoplasm clusters,
and then, classification on individual point spectra was per-
formed. To build a subcellular classification model applicable to
both cell lines, a reference data set was collected. Due to difficul-
ties in visualising cells on CaF,, these reference data were col-
lected from cells seeded on glass, which provided better contrast
under brightfield microscopy, allowing spectra to be collected
from specific subcellular regions.

Line maps were collected either from the cytoplasm or the nu-
cleus areas of the cells, as shown in Figure S6. Two samples per
cell line were analysed, with a minimum of 10 cells per sample,

resulting in 210 cytoplasm spectra and 200 nucleus spectra. A
linear SVM classifier was trained and evaluated using leave-
one-cell-out CV, achieving a classification accuracy of 94%.
Since neither glass nor CaF, substrates produce background sig-
nals in the CH region, this region was used for the classification
task. Before the final classification task, poor-quality spectra
were excluded based on a signal-to-noise ratio threshold.

The average cytoplasmic and nuclear spectra for TYK-nu and
TYK-nu-CP.r are shown in Figure 6. These spectra are consis-
tent with previous studies distinguishing nuclear and cytoplas-
mic regions, with clear differences such as increased nucleic
acid-associated bands at 725, 785, 1090, 1370 and 1575cm™! in
the spectra of the nuclei and stronger lipid-associated bands at
1737, 2845 and 3010cm™ in spectra of the cytoplasmic regions
(33, 34, 38, 46].

The classification accuracies with logistic regression using
spectra from only the nucleus or cytoplasm were 65% and 70%,
respectively (LOBO-CV). When using individual spectra en-
compassing both subcellular regions, the classification accuracy
was 70%, indicating comparable performance. These accuracies
are lower than the classification accuracy obtained using av-
erage line map spectra, likely due to the reduction of random
noise in the line-map data achieved through spectral averaging.
Moreover, it is important to note that both the actual data and
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FIGURE 7 | SRS microscopy of LDs in TYK-nu and TYK-nu-CP.r cells. (A) Left: average SRS images of all spectral points; right: images showing

lipid droplets coloured by the 3010/2845cm™! peak intensity ratio. (B) Average lipid droplet spectra. (C) Scatter plot of 3010/2845cm™! peak intensity

ratios. Each dot represents a single replicate cell culture dish, and the bars indicate means + standard error of the mean; p=0.0341.
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the reference data used to build the classifier were likely affected
by some level of spectral mixing, as nuclei spectra can contain
signals from the surrounding cytoplasm, which could have con-
tributed to the lower classification performance.

Based on these results, we cannot confidently determine
whether the cytoplasm or nucleus provides more biochemical
information critical for classification. However, the feature
importance analysis of the average line map analysis sug-
gested unsaturated lipids as a potential key contributor to the
separation between the two cell lines. Since cell membranes
and cytoplasmic LDs are rich in unsaturated lipids, this may
provide a plausible explanation for the slightly better classifi-
cation performance observed with cytoplasmic spectra com-
pared with nuclear spectra.

3.5 | Stimulated Raman Scattering Microscopy
Analysis of Lipid Droplets

To test the hypothesis that TYK-nu cells have higher LD unsat-
uration, we performed SRS microscopy. SRS was employed here
due to its ability to image LDs with high spatial resolution, espe-
cially in the z-dimension, when compared with confocal Raman
microscopy based on spontaneous Raman scattering. Compared
with spontaneous confocal Raman microscopy, SRS also enables
faster acquisition of chemical maps, making it ideal for analys-
ing large sample areas with numerous LDs. The CH stretching
region (2820-3040cm™") was chosen for SRS imaging due to its
well-established use in LD analysis [12, 59]. Additionally, this
region allowed us to directly investigate the = C-H stretching
band at ~3010cm™!, which was one of the most consistently se-
lected and highly ranked spectral features in the feature impor-
tance analysis of our confocal Raman microscopy data.

A total of 8548 LDs were segmented from 101 SRS images, and
their spectra were extracted and analysed (Figure 7). The inten-
sity ratio of the = C-H stretch (3010cm™) to the CH, symmetric
stretch (2845cm™) in the resulting spectra was used as a rela-
tive measure of lipid unsaturation. The results showed a higher
level of unsaturation (n=4, p=0.0341) in LDs from TYK-nu
cells compared with TYK-nu-CP.1, as indicated by increased rel-
ative intensity of the = C-H stretching band. Interestingly, this
result contrasts with a previous study that reported higher LD
unsaturation in ovarian cancer stem cells (CSCs) compared with
non-CSCs, where CSCs are generally associated with therapy
resistance [59]. Additionally, differences in LD size distribution
were observed between the two cell lines, with TYK-nu-CP.r
cells appearing to have a higher proportion of larger LDs. Size
distributions and peak intensity ratios for each size category are
shown in Figure S7 in the Supporting Information.

4 | Conclusions

In this study, we have demonstrated that the TYK-nu HGSC
cell line can be differentiated from its chemoresistant subline
using confocal Raman microscopy combined with multivariate
data analysis. This study emphasises the accounting for batch
effects when estimating the classification performance with CV.
In terms of AUC, the probability of predicting a larger positive

class membership confidence score for the class members than
for the non-members, this manifests as three separate statistical
questions. Firstly, how well the classifier can distinguish a new
member of the positive class from a new non-member when both
are from the same batches from which the data used for training
the classifier were obtained. Secondly, how well this can be done
when they are from a new batch not seen during the training
phase. Thirdly, how well the classifier distinguishes a new pos-
itive class member from a new batch from a new non-member
from a different new batch.

In this study, a classification accuracy of 78% was achieved
using average cell spectra without batch correction, whereas
batch correction improved the accuracy to 84%. The analysis of
individual point-spectra yielded an accuracy of 70%. This shows
that cell lines could be distinguished moderately even at the
subcellular level, though better results were obtained through
averaging, likely due to noise reduction. Feature importance
analysis of the average cell spectra suggested that the separation
is contributed by elevated lipid unsaturation and GSH levels in
TYK-nu cells. These results were further supported by colori-
metric glutathione assay and SRS microscopy. These prelimi-
nary findings suggest that Raman microscopy holds promise as
a label-free analytical tool for the prediction of chemoresistance
in HGSC and guiding personalised treatment strategies, without
the need for a specific biomarker.
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Supporting Information

Additional supporting information can be found online in the Supporting
Information section. Figure S1: The cytotoxic responses of the TYK-nu
and TYK-nu-CP.r ovarian cancer cell lines to varying concentrations of
cisplatin in (a) University of Otago and (b) University of Helsinki. Viability
is expressed as a percentage relative to the untreated control group, and
the error bars represent the standard deviation of 3—-4 replicates. Table S1:
Number of cells analysed in each sample for each measurement batch for
both cell lines. Figure S2: (a) Brightfield images of the same TYK-nu-CP.r
cell (indicated by red rectangle) on calcium fluoride substrate immersed in
PBS, imaged under two different lighting conditions (stage moved in be-
tween). In the centre of the field of view, the intracellular structures of the
cells appeared low-contrast, but improved contrast was achievable by clos-
ing the field diaphragm, enhancing visibility in darker peripheral areas.
(b) PCA analysis on the CH stretching spectral region (2800-3000cm™")
and (c) total integrated spectral intensity of hyperspectral Raman map of
the TYK-nu-CP.r cell (background removed). Arrows indicate the pixels
where spectra shown in d) were plotted. Figure S3: Microscopy images
of TYK-nu and TYK-nu-CP.r cells cultured on calcium fluoride. Images
were acquired using an Olympus IX53 inverted microscope equipped
with an Olympus DP73 digital camera and Olympus TH4-200 transmit-
ted light illumination (Olympus Corporation, Tokyo, Japan). Images were
captured and analysed using cellSens Standard v1.8 software (Olympus
Corporation, Tokyo, Japan). Red circles on the images mark examples of
cells with ‘spread out and irregular’ morphology and blue circles mark
cells considered as ‘elongated and spindle-like.” In Raman analyses, both
types of morphologies were sampled in roughly equal amounts. Table S2:
Top 25 features ranked by descending coefficient magnitude for the par-
tial least squares discriminant analysis (PLS-DA), support vector machine
(SVM) and logistic regression (LR) classifiers with L2 regularisation.
Figure S4: Top features selected at least 80% of the leave-one-batch-out
CV, for three learning algorithms (logistic regression [LR], PLS-DA and
SVM). Each box represents the distribution of the model coefficient for
a single Raman shift across all folds. The middle line shows the median
coefficient, the box shows the interquartile range, and the whiskers indi-
cate the range of non-outlier values. Positive values correspond to features
associated with TYKnuCPR and negative values with TYKnu. Figure S5:
Relative glutathione concentrations in TYK-nu and TYK-nu-CP.r cells.
Bars represent the mean and error bars indicate standard deviation (n=3,
p<0.0001). Figure S6: Bright-field images showing representative line
maps (10 spectra/line) collected from either the nucleus or cytoplasm re-
gions of a cell seeded on glass. These data were used to classify spectra into
nucleus and cytoplasm categories. Figure S7: (a) Size distributions of LDs
and (b) average peak intensity ratios for each size category.
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