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Abstract:

High mortality rates associated with oral cancers can be primarily attributed to failure of
current histological procedures in predicting recurrence. ldentifying recurrence related
factors can lead to improved prognosis, optimized treatment and enhanced overall outcomes.
Serum Raman spectroscopy has previously shown potential in diagnosis of cancers like head
and neck, cervix, breast, oral cancers and also in predicting treatment response. In the present
study, serum was collected from 22 oral cancer subjects [with recurrence (n=10) and no-—
recurrence (n=12)] before and after surgery and spectra were acquired using Raman
microprobe coupled with a 40X objective. Spectral acquisition parameters were: Aex = 785
nm, laser power = 30 mW, integration time: 12 s and averages: 3. Data was analyzed in
patient-wise approach using unsupervised PCA and supervised PC-LDA, followed by
LOOCV. PCA and PC-LDA findings suggest that recurrent and non-recurrent cases cannot
be classified in before surgery serum samples; average classification efficiency of ~ 78% was
obtained in after-surgery samples. Mean and difference spectra and PCA loadings indicate
DNA and protein markers may be potential spectral markers for recurrence. RS of post
surgery serum samples may have the potential to predict probability of recurrence in clinics,

after prospective large-scale validation.
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INTRODUCTION:

Head and neck cancers, which include oral cancers, are one of the leading causes of death in
developing countries®.Oral cancers are the 15™ most common cancer worldwide, with an
annual incidence of about 275,000 cases®*. Survival of patients depends on tumor size, nodal
stage, and success of initial treatment®. Conventional treatment for oral cancer includes
surgery, radiotherapy, and chemotherapy; surgery combined with chemotherapy and
radiotherapy improves overall survival. However, approximately one-third of patients treated
with surgery and adjuvant therapy experience recurrence ((loco-regional, relapse, second
primary and second field tumors) and/or distant metastasis. The rates of oral cancer
recurrence in patients administered standard treatment vary from 18 to 76%°, while the

overall 5-year survival of 50% rate has not improved in decades.

Early detection of recurrence is clinically important®; patients identified at higher risk of
recurrence "®. Currently, the presence of cervical lymph nodes metastasis, extra capsular
spread and positive histopathological margins are the important adverse prognostic factors
for oral cancer®™ However, these existing methods are not adequate. It is known that
identification of potential early markers for the development of SCC, at the level of the
mucosa at risk or in serum may help in early detection of individuals at risk'?. Tumor
markers are a subset of molecules produced exclusively or in excess of normal by the pre-
neoplastic or neoplastic milieu of cells. These markers may accumulate inside cells/tissues
and/or released in circulation; they can aid in diagnosis, prognosis, and monitoring of
treatment response. Additional markers may be secreted by recurring cancers: by neoplastic
cells that remain after inadequate surgical removal, or the pre-neoplastic cells that exist as

part of field cancerization'®. Recent genetic and molecular studies on 3p14 and 9p21
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chromosomal loss; p53 mutations in surgical margins have shown identification of
recurrence-prone patients. A study by Reis et al has elucidated a 4-gene signature (MMPL1,
COL4ALl, P4AHA2 and THBS2) in histologically normal margins that may be predictive of
oral cancer recurrence. Another study has identified 4 sub-groups of HNSCC, the subgroup
with EGFR-associated profile, EMT and activation of NF-kf} signaling genes activated had
poor prognosis™**’. Serum tumor markers may also hold promise in identifying recurrence.
The tumor/recurrence-related markers with potential in determining prognosis include
carcinoembryonic antigen (CEA) for colorectal cancer, CA 15-3, CEA, cMethDNA, serum
testosterone levels for breast, AFP (alpha- fetoprotein) for liver, CA-125 for ovarian, prostate
specific antigen (PSA) and acid phosphatase (ACP) for prostate cancer'®**. Several studies
have also demonstrated the presence of cell-free DNA: host, tumor or viral associated as
diagnostic and prognostic markers of cancers like colorectal, cervical, nasopharyngeal
cancers® 2. Another recent study has shown utility of HPV-DNA in blood and saliva to
predict recurrence in HPV-associated oral cancer patients®>. No definite marker for
recurrence prediction in non-HPV oral cancers has been established till date. Further,
literature suggests that a single marker may not be efficient in detection of recurrence. A
multiplex panel of several proteins and nucleic acids is being investigated for recurrence
detection of several cancers®®*. Proteomic profiling of serum for detection of
tumor/recurrence markers has been carried out for several cancers. In this context, an

approach encompassing proteomics, genomics and metabolomics may be ideal for recurrence

detection, and one such approach is Optical spectroscopy.

Spectroscopic studies to identify early changes using fluorescence and Raman spectroscopy

(RS) have already been reported. While fluorescence spectroscopy could detect field
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alterations in tumor margins, RS could detect cancer field effects (CFE)/malignancy
associated changes (MAC) in oral cancer patients in vivo®*%. However their application is
restricted by need for dedicated instrumentation and strict experimental conditions on-site.
Serum RS has previously shown potential in detection of cancers like breast, cervical,

nasopharyngeal, colorectal, head and neck and pancreatic cancers®*

. Our group has
previously demonstrated efficacy of RS in detection of oral cancers**%. Recurrence may
involve reappearance of tumor- or presence of recurrence-related factors in the blood

circulation. In this retrospective study, feasibility of serum RS to predict recurrence in oral

cancer patients was explored. Findings are presented in the manuscript.
MATERIALS AND METHODS
Subject Details

Patients harboring primary oral squamous cell carcinoma of the oral cavity who visited the
outpatient department of Tata Memorial Centre (TMC), Mumbai, India were screened for
this retrospective study. A criterion of recurrence and non-recurrence was devised as follows:
Subjects who reported a recurrence within 2 years of follow up were referred to as
‘Recurrence subjects’, while the subjects with no reported recurrence for up to 2 years of
follow up were called as ‘Non-recurrence subjects’. Ten subjects (n=10) fulfilled the criteria
for recurrence (mean time for development of recurrence: 6 months), while n=12 fulfilled the

criteria for non-recurrence. Thus, a total of 22 subjects were included in this study.

Blood was collected from these patients at 2 time points: before and after surgery. Blood
samples collected after overnight fasting, prior to any surgery-related interventions was

termed “before surgery” while blood collected 1 week post surgery (before any adjuvant
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cancer treatment like chemoradiotherapy) was termed “after surgery”. All recruited patients
were cases without prior anticancer treatment, history of malignancy, and second primary
cancers. The patient's history, like age, sex, symptoms, tobacco chewing/smoking, and
alcohol consumption habits, had been obtained from the hospital records and also by using a

questionnaire.

Serum Separation

Five ml venous blood samples were collected from subjects with the help of a sterile
injection. Samples were placed standing for 30 minutes to allow clot formation and then
centrifuged at 3000 rpm for 10 minutes. The supernatant was separated and aliquoted in
different tubes, and stored at -80°C till use. One of the aliquots was utilized for Raman
spectroscopic analysis while other aliquots were kept under long term storage for

further/confirmatory analysis.

Raman Spectroscopy

After passive thawing, samples were subjected to Raman spectroscopy by placing 30ul
volume on calcium fluoride (CaF;) window and spectra were recorded using Fiber Optic
Raman microprobe (Horiba-Jobin-Yvon, France), this system consists of laser (785 nm,
Process Instruments) as an excitation source and HE 785 spectrograph (Horiba-Jobin-Yvon,
France) coupled with CCD (Synapse, Horiba-Jobin-Yvon) as dispersion and detection
elements, respectively. Optical filtering of unwanted noise, including Rayleigh signals, is
accomplished through ‘Superhead’, the other component of the system. Optical fibers were
employed to carry the incident light from the excitation source to the sample and also to

collect the Raman scattered light from the sample to the detection system. Raman microprobe
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was assembled by coupling a 40X microscope objective (Nikon, Japan) to the superhead .
Spectral acquisition details were: excitation wavelength (Aex) = 785 nm, laser power = 30
mW. Spectra were integrated for 15 seconds and averaged over 3 accumulations. Twelve

spectra were recorded from each sample.
Spectral Pre-Processing And Data Analysis

The acquired Raman spectra were corrected for CCD response and spectral contaminations
from substrate and fiber signals. To remove interference of the slow moving background,
first derivatives of spectra (Savitzky-Golay method and window size 3) were computed****,
Spectra were interpolated in the range 700-1800 cm™ since this region is an important
constituent of the finger-print region. Interpolated first derivative and vector normalized
spectra were then subjected to multivariate unsupervised Principal component analysis
(PCA) and supervised Principal component-linear discriminant analysis (PC-LDA). In brief,
Principal Component analysis (PCA) is routinely used method for data compression and
visualization. It describes data variance by identifying a new set of orthogonal features,
called as principal components (PCs) or factors. In LDA, the classification criterion is
identified using the scatter measure of within class and between class variance. LDA can be
used in conjunction with PCA (PC-LDA) to increase the efficiency of classification. The
advantage of doing this is to remove or minimize noise from the data and concentrate on
variables important for classification. In our analysis, significant principal components
(p<0.05) were selected as input for LDA. In order to avoid over-fitting of the data, as a
thumb rule, total number of factors selected for analysis were less than half the number of the
spectra in the smallest group **’. PC-LDA models were validated by Leave-one-out cross-

validation (LOOCYV). Leave-one-out cross validation is a type of rotation estimation, a
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technique used for assessing performance of a predictive model with a hypothetical
validation set when an explicit validation set is not available. Leave-one-out involves using a
single observation from the original sample as the validation data, and the remaining
observations as training data. This is repeated such that each observation in the sample is
used once as the validation data and averaged over the rounds. Data analysis was carried out
using patient-wise approach, where all spectra acquired from a single sample are averaged
such that each sample is represented by a single spectrum®. Algorithms for these analyses

were implemented in MATLAB (Mathworks Inc.) based in-house software*® .

For spectral analysis, average spectra were computed from the background-subtracted spectra
prior to derivatization for each class and were baseline-corrected by fitting a fifth order
polynomial function. These baseline corrected, smoothed (Savitzky—Golay, 3) and vector-

normalized spectra were the used for spectral comparisons.
Results and Discussion

The low disease-free survival rates in oral cancer patients in mainly attributed to delays in
diagnosis and recurrence. Local and regional recurrence adversely influences prognosis and
overall outcome of oral cancers. Current histological procedures are limited by their inability
to predict recurrence. Early detection of recurrence-prone patients can lead to personalized
comprehensive treatment regimens and stringent follow up, leading to a better prognosis. In
cancer patients, recurrence results from i) cancer cells left behind after surgery, undetectable
by histopathology (minimal residual cancer or MRC), or ii) pre-neoplastic fields which
subsequently turn malignant (field cancerization or FC). The tumor, MRC or the pre-

neoplastic field could secrete factors in circulation, which could be the basis for detection of
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recurrence. Unlike cancers like prostate, ovary and liver, no definite serum biomarker for
recurrence prediction in oral cancers is known. Serum RS has enabled detection of several
cancers, including oral cancers. As recurrence in oral cancers may be associated with re-
appearance of tumor and other associated factors, feasibility of recurrence prediction was

explored using serum RS, before and after surgical resection of tumor in oral cancer patients.
Spectral analysis:

Mean and standard deviation spectra for Recurrence and Non-recurrence subjects before and
after surgery are shown in Figure 1a-d. Major spectral features include 830 cm ™ and 850 cm
"L (Tyr doublet), 1008 cm ™ (Phe), 1265 cm ™ (Amide I11), 1316 cm ™, 1320 cm ™ and 1335
cm ™ (DNA related bands), 1450 cm ™ (CH, bending) and 1660 cm ™ (Amide 1) regions. In
before surgery spectra, minor differences between the recurrence and non-recurrence groups
were seen at 1260 cm™ 1313 cm™, 1339 cm™, 1450 cm™ and 1650 cm™. These differences
correspond to changes in DNA and protein in these groups. In the after surgery spectra,
major differences between the recurrence and non-recurrence groups were observed at 936
cm™, 949 cm™, 1007 cm™, 1126 cm™, 1260 cm™, 1315 cm™, 1335 cm™, 1450 cm™ and 1657
cm™. These differences also correspond to changes in DNA and protein across the two

groups™®.

To elucidate spectral differences between the groups, difference spectra were computed by
subtracting non-recurrence spectra from recurrence spectra, both before and after surgery.
Positive peaks correspond to recurrence spectra while negative peaks to non-recurrence
spectra. In the before surgery difference spectra (Figure 2a), prominent positive peaks were

observed at 1272 cm™, 1456 cm™ which indicate higher amide 11l and CH, bending of
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proteins in recurrence spectra. Negative peaks were observed at 1007 cm™, 1335 cm™ and
1661 cm™, which correspond to a lower phenylalanine, DNA and amide | content in the
recurrence spectra. Our previous studies have shown that higher protein and DNA features
are observed in tumor sera spectra, with respect to healthy controls. Thus, these biochemical
features may correspond to tumor-related factors. As these factors predominate in both
groups, detection of recurrence-related factors, if any, may not be easy in before surgery

spectra.

In the after surgery difference spectra (Figure 2b), positive peaks are observed at 1009 cm™
(Phe), 1255 cm™, 1280 cm™ (amide 111), 1342 cm™ (DNA), 1450 cm™ (CH2 bending) and
1677 cm™ (amide 1), indicating an overall high Phe, DNA and protein content in the
recurrence spectra. As these samples were collected after surgical resection of tumor, both
groups now contain mainly normal serum constituents. The additional DNA and protein
signals could originate from either minimal residual cancer or field cancerization. This
corroborates with findings that demonstrate high circulating DNA levels in the recurrence
group, even higher than the primary cancer group; along with up-regulation of several
proteins in the sera of recurrence patients. Thus, this additional DNA and protein content
could be ascribed to recurrence-related factors. Further, a proteomic study has delineated
tumor and recurrence-related factors. Different protein peak patterns were observed after
MALDI-TOF-MS of recurrent and primary ovarian cancers. Thus, tumor and recurrence-

related factors may have differential origin and basis™.

Multivariate analysis
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Spectral features indicate differences between the recurrence and non-recurrence groups. To
explore the feasibility of classifying these groups, multivariate analysis using unsupervised
principal component analysis (PCA) and supervised principal component-based linear
discriminant analysis (PC-LDA) was carried out. PC-LDA results were further validated by
Leave-one-out cross validation (LOOCV). Patient-wise approach (all spectra from a sample
averaged to yield a representative spectrum) was adopted for data analysis (analyst ref). First,
differences between the recurrence and non-recurrence groups were analyzed in before
surgery sera. Next, the same approach was adopted for after surgery sera. Results are
presented in the form of scatter plots (PCA, PC-LDA) and confusion matrix (PC-LDA,

LOOCV).
Investigating differences in serum before surgery

In the first step, 23 spectra from 10 recurrence and 11 non-recurrence subjects were subjected
to PCA. Scores of factor 2 and 3 were explored for classification. The loadings of factor 2
and 3, and the scatter plot are shown in Figure 3. The scatter plot indicates large overlap
between the recurrence and non-recurrence groups. In the PCA loadings of before surgery
spectra, factor loading 2 has peaks at 948, 1010, 1337, 1450 and 1660 cm ™ , thus features of
Phe, and mainly proteins (CH, bending, amide 11l and amide | region) are contributed by
factor 2. Factor loading 3 has peaks at 736, 934, 1110, 1156, 1354, 1398, 1502, 1522, 1645,
1743 cm ™ which can be broadly attributed to contributions from amide | and ester regions.
The subtle differences in the before surgery PCA can therefore be ascribed mainly to protein

content.
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As PCA is not a classification tool but is used for data compression and visualization to
indicate trends in the data, PC-LDA was employed to explore classification between the
groups. Three factors were used for the analysis, accounting for ~81% correct classifications.
Scores of factor 2 and 3 were employed to obtain scatter plots, as shown in Figure 4. As seen

in PCA, overlap between the two groups was observed.

As seen in PC-LDA confusion matrix (Table 1a), 9/10 recurrence spectra were correctly
classified, while 8/11 non-recurrence spectra were correctly classified. As PC-LDA is a
supervised approach, leave-one-out-cross-validation (LOOCV) was carried out to evaluate
the results obtained by PC-LDA. On LOOCYV (Table 1b), 7/10 recurrence spectra and 4/11
non-recurrence spectra were correctly classified, to yield a classification efficiency of 70%
and 36%, respectively. A large number of misclassifications of non-recurrence group with
the recurrence group were observed. However, a minor tendency of classification was

observed for recurrence group.

Mean spectra analysis indicates high DNA and protein features (tumor-related factors) in
both groups. There is no classification between the two groups, as seen in PCA and PC-LDA
results. Before surgery, both recurrence and non-recurrence patients’ sera comprise of a)
normal serum constituents and b) tumor related factors. The recurrence group may also
contain some recurrence related factors, arising due to putative presence of pre-neoplastic
fields. However, due to abundance of normal and tumor factors, detection of any recurrence-
related factors may be difficult in before surgery samples. Therefore, after surgery samples

were also analyzed.

Investigating differences in serum after surgery
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Recurrence-related differences could not be detected in before surgery samples. This may be
possibly attributed to the presence of additional tumor-associated factors (along with normal
serum constituents and recurrence-related factors, if any). These factors may be eliminated
from circulation by surgical excision of tumor, and may facilitate detection of recurrence-
related factors, if any. Further, as formerly stated, recurrence can develop due to two main
reasons, minimal residual cancer (MRC) and field cancerization (FC). Thus, recurrence
prediction is based on factors arising from MRC, FC or both. As MRC factors can only be
detected post-surgical excision of tumor, blood samples collected post-surgery were also

analyzed for recurrence detection.

Serum collected post-surgery was also subjected to Raman spectroscopy. Thus, 22 spectra
from 10 recurrent subjects and 12 non-recurrent subjects were subjected to PCA. Scores of
factor 2 and factor 3 were employed to explore classification. The loadings of factor 2 and 3
and the scatter plot are shown in Figure 5. Scatter plot indicates two almost distinct groups,
corresponding to recurrence and non-recurrence sera. In the PCA loadings after surgery,
factor loading 2 shows bands at 754, 785, 920, 1008, 1118, 1198, 1340, 1450, 1663 cm™
attributed to Phe, DNA bases, CH, bending and amide | of proteins while factor loading 3
shows bands at 1014, 1342, 1451, 1624 cm™ indicating predominance of components like
Phe, DNA bases, and protein (CH, bending and amide). Thus, the differences between the
PCA of after surgery serum samples can be attributed to differential DNA and protein

content in the groups.

PC-LDA was carried out with 3 factors that accounted for ~ 82 % classifications. The scatter
plot for PC-LDA (score of factor 1 vs. score of factor 2) is shown in Figure 6. As in PCA, 2

well-separated groups were observed. The confusion matrix in Table 2a for PC-LDA yields
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9/10 correct predictions for recurrence group while 9 /12 correct classifications for non-
recurrence group. LOOCV results, presented in Table 2b indicates 8/10 and 8/12 correct
predictions for recurrence and non-recurrence, to yield a classification efficiency of 80% and
75%, respectively. Thus, recurrence and non-recurrence groups could be classified with

average classification efficiency of ~78%.

After removal of tumor, normal serum constituents could be major contributors to Raman
spectra. However, some recurrence related factors persisting in sera of recurrence subjects
may enable classification between the two groups. Further, as influence of confounding
tumor-related factors may have been removed by surgical excision of tumor, these
recurrence-related factors may have played a major role in classification of the groups. Thus,
blood from oral cancer patients after surgery may have the potential to identify those at high
risk of developing recurrence. Recurrence may have been detected by factors arising from

MRC, FC or both®**2,

A study on cytokeratin profiling has shown elevated levels of Tissue polypeptide antigen
(TPA) assay which detects fragments of cytokeratin 8, 18 and 19 in the recurrence group,
both before and after surgery. A similar aberrant cytokeratin expression was also encountered
in the tumor-associated normal mucosa of the same patients, indicating that presence of
cytokeratin post surgery could be attributed to these factors in circulation®®. Additionally, the
differences could be attributed to recurrence-related factors like elevated protein and DNA
seen in the difference spectra and PCA factor loadings. This is also corroborated by several

molecular studies®® 2,
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Although the exact underlying reason for differences between the recurrence and non-
recurrence groups can only be speculated in the current study, the finding that the recurrence-
prone oral cancer patients can be identified using serum RS has important clinical
implications. Conventionally, oral cancer patients with poor prognosis or lymph node
metastasis are administered adjuvant chemo-radiotherapy to ensure a comprehensive
treatment and prevent recurrence. If recurrence-prone subjects could be identified by the
current methodology 1 week post surgical excision of tumor, similar comprehensive
treatment regimens can be planned for such patients. Irrespective of histopathological
grading and/or nodal metastasis (which may prove to be inadequate), adjuvant treatment post
surgery can be administered to such patients. Stringent bi-monthly or monthly follow-ups
along with regular imaging modalities to detect even any occult suspicious lesions can be
planned. In event of lesion confirmation, treatment options can then be weighed to promote

patient life-quality and decrease morbidity.

CONCLUSIONS

Low disease-free survival rates in oral cancer patients is attributed to recurrence. Current
histological procedures are limited by their inability to predict recurrence. Early detection of
recurrence-related factors can lead to less morbidity, increased disease free survival and
better quality of life for patients. In this retrospective study, feasibility of differentiating
serum of recurrence and non- recurrence oral cancer patients using RS was explored. Serum
(previously collected) was analyzed for 2 time points: before surgery (prior to any anti-
cancer treatment) and 1 week after surgical excision of the tumor (prior to any adjunctive
chemotherapy or radiotherapy). Prominent changes with respect to DNA and proteins in the

mean and difference spectra and loadings indicate that these molecules are major contributors
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to recurrence spectra. These findings corroborate with the existing literature that suggests
increased cell-free DNA: host, tumor or viral associated as diagnostic and prognostic markers
and up-regulation of several proteins in circulation in cancers like colorectal, cervical,
nasopharyngeal cancers. Thus recurrence may indeed be associated with higher secretion of
DNA and proteins by the remaining cancer i.e. minimal residual cancer or the pre-neoplastic
field existing in the cancer patient. Multivariate analysis indicates recurrence group can be
identified after surgery, PC-LDA followed by LOOCV distinguished recurrence and non-
recurrence groups with an efficiency of ~ 77%. The observed differences between recurrence
and non-recurrence groups seen more prominently in after surgery spectra could be due to
removal of confounding tumor-related factors. The current exploratory study highlights the
feasibility of identifying recurrence-prone patients. A large-scale validation study with a
huge sample size can help in establishing Raman spectral markers for recurrence, which
could further be confirmed by biological assays, prospectively leading to implementation of
this method in clinics. Although identification of patients at high-risk for recurrence using
serum RS cannot predict localization of recurrent tumor, it can serve as a preliminary test. On
the basis of these results, regular Imaging (modalities like PET, CT or MRI) followed by
more comprehensive adjuvant treatment decisions and stringent follow-ups may improve

overall outcome of the disease.
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Table 1. PC-LDA analysis for before surgery recurrence and non-recurrence samples.

Confusion matrix for a) PC-LDA and b) Leave-one-out cross validation (LOOCV)
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BS-R BS- NR total % efficiency
BS-R 9 1 10 90
BS- NR 3 8 11 72.7
(a)
BS-R BS- NR total % efficiency
BS-R 7 3 10 70
BS- NR 7 4 11 36.3
(b)
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Table 2. PC-LDA analysis for after surgery recurrence and non-recurrence samples.

Confusion matrix for a) PC-LDA and b) Leave-one-out cross validation (LOOCV)

©CoO~NOUTA,WNPE

18 AS-R | AS-NR total % efficiency

5 AS-R 9 1 10 90

25 AS- NR 3 9 12 75

28 @

37 AS-R | AS-NR total % efficiency

41 AS-R 8 2 10 80

45 AS- NR 4 8 12 75

48 (b)
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Figure Legends:

Figure 1. Mean and standard deviation spectra of before surgery samples a)
recurrence b) non-recurrence and after surgery samples c) recurrence d) non-

recurrence

— Mean
— — - Mean + Std dev
- - - Mean - Std dev

Figure 2. Difference spectra of recurrence-non-recurrence serum

a) Before surgery, b) After surgery

Figure 3. PCA for before surgery serum samples

a) Loadings of factor 2, b) Loadings of factor 3, ¢) Scatter plot.

Figure 4. PC-LDA for before surgery serum samples

a) Scree plot b) Scatter plot

Figure 5. PCA for after surgery serum samples

b) Loadings of factor 2, b) Loadings of factor 3, ¢) Scatter plot.

Figure 6. PC-LDA for after surgery serum samples

b) Scree plot b) Scatter plot
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Figures
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Figure 1. Mean and standard deviation spectra of before surgery samples a)
recurrence b) non-recurrence and after surgery samples c) recurrence d) non-
recurrence
(——— Mean, --- --- --- Mean + Standard deviation, - - - - - - Mean -

Standard deviation)
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Figure 2. Difference spectra of recurrence-non-recurrence serum

b) Before surgery, b) After surgery
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Figure 3. PCA for before surgery serum samples

c) Loadings of factor 2, b) Loadings of factor 3, ¢) Scatter plot.
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Figure 4. PC-LDA for before surgery serum samples
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Figure 5. PCA for after surgery serum samples

d) Loadings of factor 2, b) Loadings of factor 3, ¢) Scatter plot.
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Figure 6. PC-LDA for after surgery serum samples

d) Scree plot b) Scatter plot



