
Title Prediction of pathological response to neo adjuvant chemoradiotherapy for oesophageal cancer 

using vibrational spectroscopy

Authors(s) Nguyen, Thi N. Q., Maguire, Adrian, Mooney, Catherine, et al.

Publication date 2021-03

Publication information Nguyen, Thi N. Q., Adrian Maguire, Catherine Mooney, and et al. “Prediction of Pathological 

Response to Neo adjuvant Chemoradiotherapy for Oesophageal Cancer Using Vibrational 

Spectroscopy” 3, no. 1 (March, 2021).

Publisher Wiley

Item record/more 

information

http://hdl.handle.net/10197/12181

Publisher's statement This is an open access article under the terms of the Creative Commons Attribution License, which 

permits use, distribution and reproduction in any medium, provided the original work is properly 

cited.

Publisher's version (DOI) 10.1002/tbio.202000014

Downloaded 2023-05-26T05:55:56Z

The UCD community has made this article openly available. Please share how this access

benefits you. Your story matters! (@ucd_oa)

© Some rights reserved. For more information

https://twitter.com/intent/tweet?via=ucd_oa&text=Prediction+of+pathological+response+t...&url=http%3A%2F%2Fhdl.handle.net%2F10197%2F12181


FU L L AR T I C L E

Prediction of pathological response to neo-adjuvant
chemoradiotherapy for oesophageal cancer using
vibrational spectroscopy

Thi N. Q. Nguyen1,2 | Adrian Maguire1 | Catherine Mooney3 |

Naomi Jackson1 | Niamh Lynam-Lennon5 | Vicki Weldon1,2 | Cian Muldoon4 |

Aoife A. Maguire4 | D. O'Toole4 | Narayanasamy Ravi5 | John V. Reynolds5 |

Jacintha O'Sullivan5 | Aidan D. Meade1,2

1Centre for Radiation and Environmental
Science, Focas Research Institute,
Technological University Dublin, Dublin,
Ireland
2School of Physics and Clinical and
Optometric Sciences, Technological
University Dublin, Dublin, Ireland
3School of Computer Science, University
College Dublin, Dublin, Ireland
4Department of Histopathology, St.
James's Hospital, Dublin, Ireland
5Trinity Translational Medicine Institute,
Department of Surgery, Trinity College
Dublin, St James's Hospital, Dublin, Ireland

Correspondence
Dr Aidan D. Meade, School of Physics and
Clinical and Optometric Sciences, TU
Dublin, City Campus, Dublin 8, Ireland.
Email: aidan.meade@tudublin.ie

Funding information
Health Research Board, Grant/Award
Number: HRA-POR-1314-2015; Science
Foundation Ireland, Grant/Award
Numbers: 12/TIDA/B2406, 13/RC/2106

Abstract

In oesophageal cancer (OC) neo-adju-

vant chemoradiotherapy (neoCRT) is

used to debulk tumour size prior to

surgery, with a complete pathological

response (pCR) observed in approxi-

mately �30% of patients. Presently

no predictive quantitative methodology exists which can predict response, in

particular a pCR or major response (MR), in patients prior to therapy.

Raman and Fourier transform infrared imaging were performed on OC tissue

specimens acquired from 50 patients prior to therapy, to develop a computa-

tional model linking spectral data to treatment outcome. Modelling sensitivi-

ties and specificities above 85% were achieved using this approach. Parallel in-

vitro studies using an isogenic model of radioresistant OC supplied further

insight into OC cell spectral response to ionising radiation where a potential

spectral biomarker of radioresistance was observed at 977 cm−1.

This work demonstrates that chemical imaging may provide an option for tri-

age of patients prior to neoCRT treatment allowing more precise prescription

of treatment.

Abbreviations: CRM, confocal Raman microspectroscopy; FTIR, Fourier Transform Infrared; LDA, Linear discriminant analysis; neoCRT, neo-
adjuvant chemoradiotherapy; OC, oesophageal cancer; PCA, Principal components analysis; pCR, complete pathological response; PLSDA, Partial
least squares discriminant analysis; ROC AUC, receiver-operator-characteristic area-under-the-curve; TMA, tissue-micro-array; TRG, Tissue
regression grade.
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1 | INTRODUCTION

Oesophageal cancer (OC) presents a significant therapeu-
tic challenge to cure. There are two main disease sub-
types: oesophageal adenocarcinoma (OAC; originating in
glandular cells) and squamous cell carcinoma (SCC; orig-
inating in squamous epithelial cells). Today almost half
of the worldwide OAC burden occurs in Western Europe,
America and Oceania.1 For instance over the period from
1972 to 2012 the incidence rate trebled in both males and
females in the UK2, and rapid rises in incidence are
predicted to occur in the EU from the present beyond
2030.1,3

In patients who present with locally advanced dis-
ease and are considered for treatment with curative
intent, current therapeutic regimens focus on neo-adju-
vant treatment (prior to surgery) with chemotherapy
alone or neo-adjuvant chemoradiotherapy (neoCRT).
Randomised clinical trials (RCTs) have established that
these combination treatments significantly improve cure
rates compared with surgery alone,.4–6 At this time
approximately 30% of patients undergoing neoCRT prior
to resection will have no evidence of cancer in the re-
section specimen, a so-called complete pathological
response (pCR). If this response could be predicted prior
to treatment such patients may possibly be spared sur-
gery. Conversely, for patients who are resistant to treat-
ment, and may possibly be harmed by a long delay to
surgery, this information may completely alter the treat-
ment pathway.

While it was hoped that genomic methods could permit
prediction of response7–10 in their totality investigations in this
domain have had limited success owing to challenges sur-
rounding study design, power11–13 and in particular the com-
plexity of tumour heterogeneity. Biophotonic imaging
technologies (via Raman or Fourier-transform infrared [FTIR]
spectroscopy) have demonstrated application to the objective
classification of tissue histopathology ex-vivo14 or in-situ,15

with the identification of disease biomarkers in tissue16–19 and
biofluids.20,21 Critically, recent results have also suggested the
existence of spectral biomarkers of radio- and chemotherapeu-
tic response22–25 that are capable of discriminating patients by
response both before and during treatment.26,27

The objective of this study was to investigate whether
the spectral fingerprints of OC tissue, obtained via confo-
cal Raman spectra and FTIR spectra, could be used to
predict neoCRT response prior to treatment. Tumour

regression grade (TRG) represents a pathological measure
of neoCRT response using a 5-point scale where a TRG 1
represents complete regression, 2 represents a partial
regression, 3 is an intermediate regression and 4 and 5
represent slight to no regression.28 In patients, tissue
spectra were recorded using both modalities, and after
post-processing of spectral measurements, classification
models for TRG were constructed using various machine
learning approaches, with particularly encouraging clas-
sification performance seen with partial-least-squares dis-
criminant analysis (PLSDA).

Additionally spectral profiles of an isogenic cell line
model of radioresistant OC (OE33 cell line) were used to
elucidate spectral biomarkers that could identify profiles
of radioresistance for reference to tissue spectra in
patients with poor neoCRT response. The primary paren-
tal OE33 line (OE33P) was originally established from
OAC with a radioresistant subline (OE33R) generated by
exposing the OE33 parental line to 50Gy of fractionated
X-radiation (2Gy per fraction).29 This isogenic model has
been previously used to elucidate molecular markers
underlying radioresistance in OC and has revealed the
interlinking roles played by DNA repair efficiency, ROS
damage of mitochondria and altered energy metabolism
associated with this radioresistant phenotype.30,31 In the
present instance spectra of this line were studied with
the purpose of establishing and explaining Raman spec-
tral biomarkers of radioresistance that could correlate
with observations in patient tissue. Although a potential
spectral biomarker was found at 977 cm−1 in the cell
line model a corresponding feature was not observed in
tissue and therefore this observation requires further
validation.

This proof-of-concept study may be encouraging for
the future deployment of spectroscopic technologies as a
pre-therapeutic predictive triage for OC patients.

2 | MATERIALS AND METHODS/
EXPERIMENTAL

2.1 | Cell lines

The human OAC cell line OE33 was obtained from the
European collection of cell cultures. OE33 P (radio-sensitive)
and OE33 R (radio-resistant) cells were generated, cultured
and characterised in our laboratory as previously described.29
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2.2 | Cell irradiation

In-vitro cultured OE33R and OE33P cells were irradiated
in triplicate with 2Gy (or sham-irradiated) using a
Gulmay Medical X-ray generator (RS225, Gulmay Medi-
cal). The dose rate at the sample was 1.5 Gy/min and the
photon energy was 200 kV. Cells were fixed at 24 hours
post-irradiation using 4% paraformaldehyde in dH2O,
and were drop cast onto calcium fluoride slides (CaF2;
Crystran Ltd., UK). Cells were air dried and stored in a
desiccator until the time of spectral analysis.

2.3 | Tissue characteristics and ethical
considerations

Following ethical approval (Joint St James's Hospital/
Tallaght University Hospital joint Research Ethics Com-
mittee) and written informed consent, diagnostic biopsy
specimens were taken from patients with a diagnosis of
operable OC, by a qualified endoscopist (D.O'T, N.R.)
prior to neo-adjuvant therapy. The tissue was preserved
in a standard manner through fixation in 4% formalin
solution and subsequently embedded in paraffin wax.
Histologic confirmation of tumour tissue in biopsies was
performed by a pathologist using routine haematoxylin
and eosin staining.

Patients received a complete course of neoCRT. Surgi-
cal resection was performed within 1 month of complet-
ing the CRT regimen. All resected esophagectomy
specimens were assessed by a consultant GI pathologist
(C.M.). Tumour pathological response to treatment was
assigned a TRG score between 1 and 5, as previously
described.28

A 10 μm thick section was cut from each full face tis-
sue block using a microtome and the tissue was mounted
on a 2.5 mm thick calcium fluoride (CaF2) slide for vibra-
tional spectroscopy. A parallel 4 μm thick section was
also cut a stained with haemotoxylin & eosin (H + E) for
reference purposes during spectroscopic histopathological
imaging. The tissue for spectroscopic imaging was subse-
quently chemically dewaxed according to a protocol
described elsewhere.32

In addition, a tissue-micro-array (TMA) was prepared
from full face biopsy specimens, as described previ-
ously.30 Tissue cores with a diameter of 0.6 mm were
taken using a precision instrument (Beechers Inc.), and a
TMA block prepared. A single 10 μm section of this block
was prepared for spectroscopic analysis with chemical
dewaxation as noted earlier here. This cohort contained
both OAC and SCC tissues. Both were incorporated
within the study. Patient cohort characteristics are out-
lined in Table 1.

In total, OC tissues from 50 patients who had pro-
vided their full consent were used in this work. The
acquisition of both FTIR and Raman spectra was guided
by contiguous H&E stained sections of each tissue sam-
ple. A typical H + E stained section is shown in Figure 1,
with epithelia and stroma highlighted.

2.4 | Spectroscopic measurements

2.4.1 | Raman spectroscopy

For measurements on cultured cells, Raman spectroscopy
was performed using a Horiba Jobin Yvon Labram
HR800 UV spectrometer. Spectra were acquired with a
532 nm solid-state diode laser delivering 100 mW of
power to the sample through a ×100 objective (NA = 0.9),
over a 6 second integration time with individual spectra

TABLE 1 Patient cohort characteristics

Gross sections TMA

Patients (n) 31 19

Male 27 16

Female 4 3

Age (Years)* 60 (37-76) 62 (45-75)

Histology

Adenocarcinoma 31 15

Squamous cell carcinoma 0 4

Clinical TNM stage

0 0 0

I 0 0

IIa 18 11

IIb 1 1

III 12 7

IV 0 0

Clinical nodal status

N0 17 10

N1 14 9

TRG

1 6 2

2 11 3

3 10 8

4 4 4

5 0 2

Abbreviations: N0, lymph node metastasis negative; N1, lymph
node metastasis positive TMA, tissue-microarray; TNM, tumour-
node-metastasis; TRG, tumour regression grade.
*Values given are mean (range).
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averaged across three integrations. In the case of the cel-
lular samples, approximately 150 to 160 point spectra
were acquired from the nuclear portion of 60 cells for
each triplicate sample at each dose, giving rise to a
dataset of approximately 1900 spectra for final analysis.

Similarly for measurements on OC tissue, Raman
spectroscopy was performed with the same system using
a 660 nm solid-state diode laser delivering 100 mW of
power to the sample. Each individual tissue spectrum
was measured with a 20 second integration time averaged
across three integrations. Spectral measurements were
performed separately on epithelia and stromal portions of
the tissue. A total of 100 spectra were recorded separately
from both the stroma and epithelial portions of the tissue
from each patient using the parallel H + E stained sec-
tion as a guide.

For all spectra wavenumber calibration in post-
processing was conducted using a spectrum of
1,4-bis(2-methyl-styryl) benzene as a reference, which
was acquired at the time of analysis of all biological sam-
ples. A diffraction grating ruled with 300 lines per mm was
used for spectral dispersion in each case, resulting in a
spectral resolution of ~2.1 cm−1. In recording spectra, the
confocal hole was set to 100 μm with the grating centred
at 1350 cm−1.

2.4.2 | FTIR spectroscopic
measurements

FTIR images were acquired in transmission mode using a
Spectrum Spotlight 400 FTIR imaging system (Perkin
Elmer, Dublin, Ireland; NA = 0.6), equipped with a liq-
uid nitrogen-cooled mercury cadmium telluride detector
in transmission mode. Each image was recorded with a
pixel size of 6.25 μm2, with a 4 cm−1 spectral resolution
and averaged over 128 scans in the range from 750 cm−1

to 4000 cm−1.
Spectra were corrected for atmospheric interference

from CO2 and water vapour using routines within the
SpectrumIMAGE software (PerkinElmer), and were
converted from transmittance to absorbance for analysis.

2.5 | Spectral data pre-processing

Raman and IR spectra were next pre-processed using in-
house code developed within Matlab R2017a
(Mathworks) which utilised methods within PLS-Toolbox
version 8.02 (Eigenvector Research Inc.).

For Raman spectra of OE33 cells, OC epithelia and
stroma the pre-processing steps included: wavenumber cali-
bration, baseline correction, smoothing (with a Satvitzsky-

Golay filter, fifth-order polynomial and 15-point window) and
vector normalisation as detailed in previous work.33 Approxi-
mately 6800 spectra were retained for further analysis.

IR spectra from all tissue subcomponents were pooled,
limited to the fingerprint region (1000-1800 cm−1) and
corrected using the resonant Mie-extended multiplicative
scattering correction (RMie-EMSC).34 The corrected spectra
were next subjected to outlier removal, vector normalisation
and inter-sample averaging23 (within each patient image) in
order to provide a reduced spectral set of ~190 000 spectra
for analysis.

2.6 | Spectral data analysis and
classification of TRG scores

Each of the following spectral analysis methods were
implemented in Matlab R2017a (Mathworks), aside from
the exploratory PCA analysis of the spectral data from
the OE33 cell line which was implemented in Python 3.7.

2.6.1 | Principal component analysis

Principal component analysis (PCA)35 is a commonly
used unsupervised method that reduces dimensionality
and transforms a spectral dataset of N wavenumbers to a
set of linearly uncorrelated M variables (where M<N)
while retaining most of the signal within the original
dataset. These linearly uncorrelated variables are termed
principal components (PCs). Each PC describes a propor-
tion of the variance of the original dataset in a decreasing
fashion, where each PC is also orthogonal to all other
PCs. Here PCA was performed with mean-centering.

2.6.2 | TRG classification under
bootstrap strategy

Separate models for prediction of TRG score were con-
structed using Raman and FTIR spectra, respectively, using
an approach described previously26 incorporating some
modifications. Here, owing to the small sample size, all clas-
sification models were constructed and optimised using
0.632 bootstrapping. Model performance was measured as
the area under the curve of the receiver operator character-
istic (ROC AUC). Models were repeatedly evaluated on ran-
domly sorted data to define tolerances on ROC AUC
figures. The modelling schema is presented in Figure 2,
using modelling algorithms including PCA-linear discrimi-
nant analysis (LDA), PCA-quadratic discriminant analysis
(QDA), Partial least squares-discriminant analysis (PLSDA)
and K-nearest neighbours (KNN).
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K-nearest neighbours
KNN36,37 is a non-parametric method of classification,
which is widely employed in machine learning. To clas-
sify an unknown sample, KNN classification starts by cal-
culating the distance of that sample to all the samples of
the training dataset. The most represented class from the
k smallest distances is thus the class label of the
unknown sample. Here prototype KNN classifiers were
optimised by varying the value of k from 1 to 50.

PCA-linear discriminant analysis
LDA38 is a binary classification method. LDA
assumes that data from each class is distributed nor-
mally with equal covariance in each class, and uses
the Bayes Theorem to estimate a linear boundary
that optimally separates the data of each class. Here
LDA models used PC scores of spectra as input (PCA-
LDA). To optimise and evaluate model performance,
PCA-LDA was run with a number of PCs varying
from 1 to 50.

PCA-quadratic discriminant analysis
Closely related to LDA, QDA38 is also a binary classi-
fication method based on the Bayes Theorem. Again
it is assumed that each class is normally distributed,
though no assumption is made regarding the equality
of the covariance matrices. This leads to the decision
boundary being quadratic in shape. Again, coupled
with PCA, PCA-LDA was optimised by evaluating its
performance while varying the number of PCs from
1 to 50.

Partial least squares-discriminant analysis
PLSDA39 is a supervised multivariate classification
method that is widely used with spectral datasets.40 Simi-
lar to PCA, PLSDA can be employed as a feature extrac-
tion method though in contrast to PCA PLSDA it aims to
reduce dimensionality by transforming a spectral dataset
of N wavenumbers to a set of M linear features (where
M<N), while preserving as much covariance as possible
between the dataset and its corresponding response

FIGURE 2 Flowchart depicting

the preprocessing and TRG-score

classification pipelines for Raman

and FTIR spectra. Several machine

learning methods have been used for

TRG classification in order to define

an optimal classification model (TRG

is tissue regression grade)

FIGURE 1 Typical haemotoxylin-eosin stained section of

oesophageal adenocarcinoma used as a reference for spectroscopic

imaging. Epithelial cells are identified by a blue border, while red

arrows identify the location of surrounding stroma

FIGURE 3 Mean spectra of OE33 P and R isogenic cell line

model with irradiation condition. A distinct band centred at

977 cm−1 is diminished after 2Gy irradiation in both the parental

(P) and resistant (R) lines
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FIGURE 4 PCA of OE33 isogenic cell line model with irradiation condition. Sensitivities and specificities of classification using an

LDA model are included for each pairwise classification. Spectral discriminants (loadings in righthand panels) are dominated by mode

centred at 977 cm−1, especially in discriminating irradiated resistant (R) and parental (P) lines and in discriminating resistant control (0Gy)

form its irradiated counterpart. LDA, linear discriminant analysis; PCA, principal components analysis
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variable (the class label). The linear features are termed
latent variables (LVs) to distinguish them from PCs, and
in contrast to PCA each LV is not orthogonal to the
others within the model. In the present instance the
PLSDA model complexity was optimised by varying the
number of LVs from 1 to 50.

Bootstrap strategy
In order to obtain a robust estimate of classifier perfor-
mance, a bootstrap cross-validation strategy42 was
employed. Bootstrapping aims to generate b new datasets
for the development of b classification models. Firstly, a
set of test data is randomly selected (the “out-of-bag”
samples). Then the remaining data is used to construct a
set of bootstrapped training sets by randomly drawing
samples n times with replacement, where n is the num-
ber of spectra within the original dataset. The final boot-
strap classification performance (CP) is thus averaged
over the number, b, of bootstrapped datasets.

To circumvent the pessimistic bias43 in bootstrap
cross-validation, the CP in this study was calculated
using the .632 estimate approach43 as below:

CPboot =
1
b

Xb

i=1
0:632CPoob ið Þ+0:368CPr ið Þð Þ,

400 600 800 1000 1200 1400 1600 1800
0

Wavenumber (cm

(A)

(B)

-1)

0.02

0.04

0.06

0.08

0.1

0.12

0.14

TRG 1
TRG 2
TRG 3
TRG 4

400 600 800 1000 1200 1400 1600 1800
0

Wavenumber (cm-1)

0.02

0.04

0.06

0.08

0.1

0.12

0.14

TRG 1
TRG 2
TRG 3
TRG 4

FIGURE 5 Mean Raman spectra of OC tissue by TRG score

for A, epithelia and B, stroma. OC, oesophageal cancer; TRG, tissue

regression grade

FIGURE 6 Visualisation of PCA applied to Raman spectra of OC tissue. In A, B, and C scores and loadings for analysis of epithelia are

shown, with scores and loadings for stroma in D, E, and F. No clear discrimination by TRG class is observed between the scores of the first

three components for either tissue structure. OC, oesophageal cancer; PCA, principal components analysis; TRG, tissue regression grade
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where, at the ith bootstrap dataset, CPoob(i) is the
classification performance on the out-of-bag test sam-
ple, and CPr(i) is the resubstitution classification

performance calculated using the bootstrap
training set.

As recommended in previous work,42 b was set to
100. The out-of-bag test set was constructed by randomly
extracting 40% of patient spectra (with stratified sampling
by class) and the remaining spectral dataset was used for
the generation of bootstrap training sets. This boo-
tstrapping procedure was used to select the optimal num-
ber of PCs for PCA-LDA/QDA, the optimal number of
LVs for PLSDA and the value of k for KNN.

The classification performance of each fitted model
was measured as the classification accuracy, the F1-score
and ROC AUC. The optimal model for each algorithm
was taken as that which gave the highest ROC AUC.

As a final validation check to ensure model over-
fitting did not occur, a methodology suggested by
Westerhuis41 was employed, whereby separate models
were constructed in which the class label for each spec-
trum was randomly assigned at training and the model
performance was evaluated. A sample of this result is
depicted in Figure S2.

1000 1100 1200 1300 1400 1500 1600 1700 1800
0

Wavenumber (cm-1)

0.2

0.4

0.6

1

0.8

TRG 1
TRG 2
TRG 3
TRG 4
TRG 5

FIGURE 7 Mean fingerprint FTIR spectra of OC tissue by

TRG score. FTIR, Fourier transform infrared; OC, oesophageal

cancer; TRG, tissue regression grade

FIGURE 8 Visualisation of

PCA applied to FTIR spectra of OC

tissue. In A, and B, scores are plot,

while in C, loadings are shown. No

clear discrimination by TRG class is

observed between the scores of the

first three components. FTIR, Fourier

transform infrared; OC, oesophageal

cancer; PCA, principal components

analysis; TRG, tissue regression grade
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TABLE 3 Optimal oesophageal cancer TRG classification performance, estimated by .632 bootstrap cross-validation, using IR spectra of

sample tissue

Classifier AUC (%) Median (comp) IQR (comp.) Accuracy (%)

TRG 1 vs 2-3-4-5 KNN 85 ± 5 1 2 85 ± 5

PLSDA 75 ± 9 27 27 80 ± 6

PCA-LDA 73 ± 11 26 13 80 ± 7

PCA-QDA 86 ± 5 23 26 88 ± 2

TRG 1–2 vs 3-4-5 KNN 77 ± 5 1 0 70 ± 5

PLSDA 70 ± 8 24 23 70 ± 6

PCA-LDA 71 ± 7 25 8 70 ± 6

PCA-QDA 75 ± 7 20 19 72 ± 5

TRG 1–2-3 vs 4-5 KNN 76 ± 4 1 0 77 ± 5

PLSDA 70 ± 9 19 18 78 ± 6

PCA-LDA 70 ± 9 33 25 78 ± 5

PCA-QDA 80 ± 6 29 29 85 ± 4

Note: Greyed values represent the optimal classification performance model with the highest AUC score. (Comp., complexity of the
corresponding classifier, that is, the number of k, LVs, and PCs for KNN, PLSDA, and PCA-LDA/QDA, respectively; IQR, interquartile range
on complexity parameter). All data are rounded to the nearest whole number where possible.
Abbreviations: AUC, area-under-the-curve; IQR, interquartile range; KNN, K-nearest neighbours; LDA, linear discriminant analysis; PCA,
principal components analysis; PLSDA, partial least squares discriminant analysis; QDA, quadratic discriminant analysis; TRG, tissue
regression.

TABLE 2 Optimal oesophageal cancer TRG classification performance, estimated by .632 bootstrap cross-validation, using Raman

spectra of epithelium and stroma tissue structure

Epithelia Stroma

Classifier AUC (%)
Median
(comp)

IQR
(comp.) Accuracy (%) AUC (%)

Median
(comp)

IQR
(comp.) Accuracy (%)

TRG 1 vs 2–
3-4

KNN 78 ± 4 1 0 81 ± 4 81 ± 4 1 29 82 ± 5

PLSDA 68 ± 8 7 15 79 ± 6 73 ± 7 3 4 64 ± 8

PCA-LDA 69 ± 10 15 19 77 ± 6 70 ± 10 11 17 66 ± 7

PCA-
QDA

82 ± 8 29 24 87 ± 3 85 ± 6 12 15 82 ± 4

TRG 1–2 vs
3-4

KNN 71 ± 6 1 0 63 ± 6 72 ± 5 1 0 65 ± 5

PLSDA 65 ± 6 5 10 61 ± 4 64 ± 7 4 8 61 ± 6

PCA-LDA 66 ± 8 16 19 64 ± 6 66 ± 8 19 17 64 ± 6

PCA-
QDA

64 ± 8 17 29 63 ± 5 69 ± 7 34 22 66 ± 5

TRG 1–2-3
vs 4

KNN 81 ± 3 1 0 88 ± 3 81 ± 4 1 0 85 ± 4

PLSDA 74 ± 8 9 21 86 ± 4 75 ± 8 15 24 85 ± 5

PCA-LDA 76 ± 12 18 9 82 ± 6 75 ± 11 27 27 87 ± 4

PCA-
QDA

81 ± 6 23 16 90 ± 1 77 ± 5 40 32 89 ± 2

Note: Greyed values represent the optimal classification performance model with the highest AUC score. (Comp., complexity of the
corresponding classifier, that is, the number of k, LVs, and PCs for KNN, PLSDA, and PCA-LDA/QDA, respectively; IQR, interquartile range
on complexity parameter). All data are rounded to the nearest whole number where possible.
Abbreviations:AUC, area-under-the-curve; IQR, interquartile range; KNN, K-nearest neighbours; LDA, linear discriminant analysis; PCA,
principal components analysis; PLSDA, partial least squares discriminant analysis; QDA, quadratic discriminant analysis; TRG, tissue
regression.
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3 | RESULTS AND DISCUSSION

3.1 | Spectral features varying with
radioresistance in the OE33 cell line model

Figure 3 depicts the mean spectra of both the radio-resis-
tant OE33R and radiosensitive isogenic parental OE33 P
cell lines after irradiation. A clear band centred at
977 cm−1 discriminates the two phenotypes, and
decreases in both after irradiation.

Previous studies have suggested that this band is related
to stretching of the sulphate linkage (-C-O-S-) in glycopro-
tein. Candidate radio-protective glycoproteins including
clusterin (Apo-J) and proteins from the apolipoprotein-E
(Apo-E) family were obtained in their lyophilized pure form
(Sigma-Aldrich) and their spectra obtained with a 532 nm
excitation. Despite the identification of a strong vibration
centred at 977 cm−1 in Apo-E4 (see Figure S1 in supple-
mentary material) an ELISA analysis of OE33 P and R cell
lysates (using a monoclonal antibody to ApoE4 derived
from mice [Cell Signalling #8941]) did not demonstrate
expression of this protein. It is therefore not possible at pre-
sent to account for the origin of this band nor to ascribe it
any radioprotective significance.

A PCA analysis of spectra from each of the in-vitro
irradiated OE33 P and OE33 R phenotypes is depicted in
Figure 4, with the corresponding PCA-LDA classification
performances (evaluated using leave-one-out cross vali-
dation) for each two-way model. From the score plots
(left hand column) it was not possible to discriminate
between the OE33 P and OE33 R lines at 0Gy where clas-
sification performance is low. However spectra of the
irradiated OE33 P and OE33 R lines can both be discrimi-
nated from their control class, indicating that a radiation
response is detectable in this model. Importantly, how-
ever, the irradiated OE33 P and OE33 R lines can be dis-
criminated from each other; this demonstrates that the
spectral signature of the radioresistant OE33 R phenotype
is distinct from that in the radiosensitive OE33 P cell line.
The spectral origin of this discrimination may be deter-
mined from the PC coefficients (right hand column),
each of which contains a strong loading at 977 cm−1, con-
sistent with the analysis of the mean spectra. The inten-
sity of this peak may then be considered a spectral
biomarker of radioresistance in this in-vitro model,
though its molecular significance remains unclear.

3.2 | Spectral features varying with OC
tumours and their TRG score

As described in the methods section of this article, the
acquisition of Raman spectra from OC tissue specimens

was guided by a parallel H + E stained section. In Fig-
ure 5A,B the mean Raman spectra of epithelia and
stroma are presented, with varying TRG score. It must be
noted that substantial tissue fluorescence was observed in
the study for Raman spectra acquired at 660 nm excita-
tion, such that the spectra from several tissue samples
were rendered unsuitable for analysis. This reduced the
numbers of full-face tissue specimens that could be
employed in the study to 31, in which TRG scores varied
from 1 to 4. This difficulty was only experienced with
Raman imaging data while FTIR spectra from all
50 patients in the study were retained for analysis, with
TRG scores varying from 1 to 5.

In Figure 5A some visually observable spectral differ-
ences in spectra of epithelia as they vary with TRG score
are located at (a) 504 to 612, (b) 708 to 792, (c) 899 to
979, (d) 1200 to 1282, (e) 1296 and (f) 1523 to 1592 cm−1.
Similarly, differences between the mean Raman spectra
of stroma at each TRG grade (Figure 5B) were observed
at 504 to 612, 708 to 792, 868 to 985, 1070 to 1114, 1230 to
1284, 1347 and 1523 to 1592 cm−1. Importantly no strong
feature at 977 cm−1 was observed in the data, suggesting
that this band is not the dominant discriminant within
the patient samples, in contrast with the in-vitro study
findings.

The corresponding PC score plots and loadings of
Raman spectra recorded on both epithelia and stroma of
OC patient tissues are shown in Figure 6. For the analysis
on epithelial spectra the score plots of PC1 vs PC2 and PC2
vs PC3 are shown in Figures 6A,B, respectively. These plots
show that the distribution of all scores strongly overlaps.
The spectral loading vectors are also depicted in Figure 6C.
Here, the PC1 loading vector appears to be the mean spec-
trum of epithelia, which describes 96.87% of explained vari-
ance of the studied dataset. The weaker spectral
components are shown in loading vectors of PC 2 and 3 with
0.8 and 0.52% of variance, respectively.

Similar results were obtained for Raman spectra of
stroma. Figure 6D,E respectively show the score plots of
PC1 vs PC2 and PC2 vs PC3, where the distribution of all
PC scores TRG strongly overlaps. The loading vector of PC1
(as in Figure 6F) accounts for 96.97% of the variance and
resembles the mean spectrum of stroma. PC2 and 3 account
for 0.73% and 0.48% of the variance, respectively. It is clear
from this data that spectra from tissues with varying TRG
score cannot be discriminated from one another using sim-
ple decomposition and visualisation.

This view is reaffirmed after visualisation of the IR
spectra of OC tissue by TRG score. The mean pre-
processed IR spectra of OC tissue at different TRG scores
are plotted in Figure 7. Differences between each class of
TRG score can be observed at the range of 1028 to 1148,
1148 to 1180 and 1270 to 1350 cm−1.
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The corresponding PC score plots and loadings of IR
spectra are shown in Figure 8. The score plots of PC1 vs
PC2 (Figure 8A) and PC2 vs PC3 (Figure 8B) demonstrate
that the distribution of PC scores by TRG class strongly
overlap. Figure 8C again represents the first three loading
vectors where PC1 loading resembles the average spec-
trum of tissue and encapsulates 99.74% of the explained
variance. PC 2 and 3 loading vectors describe far smaller
proportions of variance with 0.12% and 0.05% of variance,
respectively. Again, it is clear that FTIR spectra of OC tis-
sues cannot be discriminated from one another in terms
of TRG score using simple visualisation, implying that
more complex classification algorithms are warranted.

3.3 | Classification of TRG score from OC
tissue spectra

Several models of TRG score classification were con-
structed, with varying threshold between responders and
non-responders. As mentioned earlier, TRG score varies
from 1 to 5, with 1 signifying full pathological response
and 5 signifying no response to neoCRT. However, within
the intermediate classes with TRG 2 or 3 a partial response
is seen, with some tumour debulking. Therefore, various
hypotheses were tested within the models, which required
the creation of several grouped sets from the spectral data:

i. In the first spectra from patients with TRG 1 were
employed as the positive class (responders) and spec-
tra from patients with TRG 2 to 5 as the negative
class (non-responders). Here the objective is to test
whether it is possible to spectrally discriminate
between full responders and a mix of partially and
unresponsive patients.

ii. Similarly in the second strategy patients with TRG
1 and 2 were grouped as the positive class (full
responders and partial responders) with patients having
TRG 3 to 5 (slight to no response) grouped as the nega-
tive class. Here the objective is to determine whether
spectra of tissue can be used to classify full and partial
responders from patients with slight to no response.

iii. In the final strategy patients with TRG 1 to 3 were
grouped as the positive class (full, partial and slight
response) while patients with TRG 4 to 5 (no response)
were grouped the negative class. Here the objective is
to determine whether spectra can be used to classify
patients with a pathological response (regardless of
level) vs those who exhibit no response to neoCRT.

Models classifying response class were implemented
for both pre-processed Raman and IR spectra. The

performance of each model was measured and evaluated
with .632 bootstrap cross-validation (as described in sec-
tion 2.5.2).

The optimal classification performance of pathologi-
cal response using Raman spectra are shown in Table 2,
with separate results for modelling with spectra of epithe-
lia and stroma. For the Raman spectra of epithelia the
optimal model was obtained with the PCA-QDA algo-
rithm with the highest ROC AUC for the classification of
TRG 1 vs 2 to 4 and TRG 1 to 2 to 3 vs 4 with 0.82 and
0.83, respectively. The optimal model for TRG 1 to 2 vs
3 to 4 classification was obtained with a KNN algorithm
(ROC AUC of 0.73).

For the Raman spectra of stroma the KNN algorithm
generated the optimal models for classifying TRG 1 to
2 vs 3 to 4 and TRG 1 to 2 to 3 vs 4 with ROC AUC's of
0.72 and 0.80 respectively. The highest AUC score of 0.85
was calculated for the PCA-QDA model in classifying
TRG 1 vs 2 to 3 to 4.

Similarly the classification of neoCRT response with
IR spectra are shown in Table 3, where the highest ROC
AUC was obtained for the KNN model in discriminating
TRG 1 vs 2 to 3 to 4 to 5 with 0.86, with 0.77 for TRG 1 to
2 vs 3 to 4 to 5. For the classification of TRG 1 to 2 to 3 vs
4 to 5, the PCA-QDA model provided an optimised AUC
value of 0.81.

Among the three response classifications, the classifi-
cation of TRG 1 to 2 vs 3 to 4(−5) models were the least
accurate for both Raman and IR spectra. This implies
that spectra from tissues with TRG 2 are more similar to
tissues with TRG 3 to 4 to 5 than TRG 1.

Likewise, the grouping of TRG3 spectra with TRG1-2
results in high classification performance when classified
vs spectra from the TRG4(−5) group. This may be due to
the fact that spectra from patients with TRG 3 pathology
are more similar to those with TRG 1 to 2 pathology,
resulting in a discrimination against spectra from the
TRG 4 to 5 pathology with a greater degree of accuracy.

Overall these results also suggest that spectra from tis-
sues with TRG 1 are the most spectrally distinct (with a
ROC AUC 0.82 in classifying TRG 1 vs 2 to 3 to 4(−5)
using either Raman or IR spectra).

Current options for prediction of pCR within this
space are unfortunately very limited, and none appear to
be in routine clinical use. There is some evidence that dif-
fusion weighted coefficients extracted from MRI during
the radiotherapy portion of neo-adjuvant treatment are
predictive of pCR.44–46 Clearly this does not allow such
knowledge to be used for individualization of treatment
at planning. Results are yet to issue from the PRIDE
trial47 which is testing the predictive capacity of pre-oper-
ative MRI and 18 FDG PET here. Additionally pilot
investigations of the utility of PET-CT48 and CT49 have
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demonstrated reasonable performance in predicting pCR
(accuracy of ~75% and ROC AUC of 0.71, respectively).
Related work on proteomics of serum50 and on MRI of
locally advanced colorectal cancer51 (in which the biology
is similar to OC) provide the best benchmarking against
which the present work might be compared. In the for-
mer study serum complement protein levels were found
to be predictive of pCR with sensitivity and specificity of
78.6% and 83.3%, respectively. In the latter study a nomo-
gram based on preoperative MRI of OC demonstrated a
ROC AUC in the region of 0.82, which is remarkably sim-
ilar to that delivered by our technology. In totality each
of these technologies provide predictive performances
similar to that presented here. This provides some con-
text regarding the positioning of the current technology
within the broader efforts to predict pCR prior to com-
mencement of therapy.

4 | CONCLUSION

Pre-classification of therapy response before neo-
adjuvant treatment remains a challenge for existing
biological assays. The present study aimed to investi-
gate whether vibrational spectra of OC tissue
acquired prior to neoCRT might have predictive sig-
nificance in identifying patients who receive a full,
partial or no pathological response to neo-adjuvant
therapy. Our results suggest that this may indeed be
the case, where the evidence also suggests spectrally
distinct classes within patients who receive a full
pathological response (TRG 1), patients who have a
partial response (TRG 2 and 3) and those where no
response (TRG 4 and 5) is evident. While the explana-
tory power of the parallel in-vitro study on the OE33
P and OE33 R cell line model in the context of the
overall study has yet to be elucidated, a spectral bio-
marker of radioresistance in this model was detected
at 977 cm−1. The molecular identity of this biomarker,
and spectral biomarkers segregating patients on TRG
score, remains to be elucidated.
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