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Abstract

Cervical cancer is a clinical and pathological heterogeneity disease, which makes
different type of treatments and leads to a variety of outcomes. In the clinical practice,
only some patients could benefit from chemotherapy treatment. Identifying patients
who will be response to chemotherapy could increase their survival time, which has
important implications to personalized treatment and outcomes, while identifying
non-responders may reduce the likelihood for these patients to receive the ineffective
treatment and thereby enable them to receive other potentially effective treatments.
Plasma metabolite profiling was performed in this study to identify the potential
biomarkers that could predict the response to neoadjuvant chemotherapy (NACT) for
cervical cancer patients. Metabolic profiles of plasma from 38 cervical cancer patients
with complete, partial and non-response to NACT were studies using a combination
of liquid chromatography coupled with mass spectrometry (LC/MS) and multivariate
analysis methods. L-valine and L-Tryptophan were finally identified and verified for
the potential biomarkers. A prediction model constructed with L-valine and
L-tryptophan correctly identified approximately 80% of patients who are
non-response to chemotherapy and 87% of patients who were pathologically complete
response to chemotherapy, and has an excellent discriminant performance with AUC
of 0.9407. These results show promise for larger studies that could produce more

personalized treatment protocols for cervical cancer patients.

KEYWORDS: Cervical carcinoma; biomarker; Neoadjuvant chemotherapy; Radical

hysterectomy; Tumor Response

Introduction

Cervical cancer is characterized by a clinical and pathological heterogeneity disease,
which makes different type of treatments and leads to a variety of outcomes. It is the
most prevalent female malignancy in some developing countries” %, In developing

countries, most patients are diagnosed at the locally advanced stage® and the majority
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of cases are squamous cell carcinoma (SCC). Currently, the strategy for such patients
involves the use of neoadjuvant chemotherapy (NACT) prior to either radical surgery
or radiotherapy4’ >, which was currently considered to be a novel and promising
treatment approach for locally advanced cervical cancer, especially in patients with
FIGO stage IB2-1IB®.Several studies have reported that for inpatients at similar FIGO
stages, preoperative NACT may facilitate subsequent radiation, simplify the surgical
procedures and promote the possible transformation of inoperable tumors’ '’
Previous studies, however, have suggested that approximately 30% of the patients

112 Tdentifying patients who

with SCC are nonresponsive to chemotherapy regimens
will be response to chemotherapy could increase their survival time, which has
important implications to individual treatment and outcomes, while identifying non
responders may reduce the likelihood for these patients to receive the ineffective
treatment and thereby enable them to receive other potentially effective treatments.
An ability to predict response to NACT has important implication in developing
personalized treatment protocols, improving survival rates and reducing unnecessary
exposure of patients to toxic drugs.

Currently, MRI is the standard technique used for the response evaluation and is
used to compare the pretreatment and preoperative tumor size. The MRI findings are
then used by oncologists to further determine the treatment protocol for cervical
cancer patients ' '* ¥, Previous studies have indicated that the evaluation of tumor
volume after chemoradiation therapy using MRI increases the risk of false-positive
results, which leads to increased post-treatment morbidity following multimodality
therapy, unnecessary expense and accelerated tumor growth '°. It is reported that the
diffusion-weighted magnetic resonance imaging has been used for assessing the
response of locally advanced cervical cancer to NACT '°. However, this technique is
more expensive than conventional MRI and, thus, cannot be widely applied in
assessment procedures, especially in developing countries. Especially, Vives et al
(1995) demonstrated that MRI could not be a precise evaluation for chemotherapy
response ' .

In the recent years, genomics have been performed to find the useful molecular to
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predict the pathological complete response (pCR) or partial response (PR) to
chemotherapy in cervical cancer patients. Chung et al (2006) reported that XRCCl1
R399Q polymorphism is associated with response to platinum-based neoadjuvant
chemotherapy in bulky cervical cancer'®. Kim et al (2008) reported that XRCCI
Arginine194Tryptophan and GGH-401Cytosine/Thymine polymorphisms are
associated with response to platinum-based neoadjuvant chemotherapy in cervical
cancer'’. These two studies focused on investigating the association between single
nucleotide polymorphisms (SNPs) of genes and the response to platinum-based
NACT in cervical cancer. However, both studies just focus on the association rather
than the prediction performance in the response to chemotherapy in cervical cancer.
Although Scambia et al (1996) reported that pretreatment serum levels of SCC,
together with CA 15.3 assay, may be a useful tool in the determination of response to
chemotherapy, these two biomarkers showed a lower sensitivity the prediction of
cervical carcinoma®.

Metabolomics involves the quantitative detection of multiple small molecule
metabolites in biological systemszl. A major advantage in the application of

metabolomics comes from an improved ability to detect thousands of metabolites in

parallel, which could help us to monitor the dynamic picture for disease progression '

In the past few years, ultra-performance liquid chromatography coupled to
time-of-flight mass spectrometry (LC-MS), an information-rich analytical technique,
has become one of the most advanced and useful tool. In comparison with other
biomarker approach, metabolomics might provide more insight into oncogensis.
Importantly, plasma tests based on metabolic profiles are relatively cheap, rapid and
automated. Although metabolomics has been widely used in the molecule discovery
for the early diagnosis, disease detection, targeted therapy and drug response®' >, so
far few studies were performed in the biomarker discovery for predicting response to
chemotherapy in cervical cancer patients.

In this prospective study, plasma metabolite profiling was performed in this study

to identify the potential biomarkers that could predict the response to NACT for

cervical cancer patients. Metabolic profiles of plasma from cervical cancer patients
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with complete, partial and non-response to NACT were studies using a combination
of liquid chromatography coupled with mass spectrometry and multivariate analysis
methods. The predictive performance was evaluated in terms of sensitivity, specificity
and accuracy based on random forest and leave one out cross validation ****, These
results showed promise for larger studies that would provide more personalized

treatment protocols for cervical cancer patients.

2. Materials and Methods

Patients were enrolled in this study if they satisfied the following inclusion criteria

1) diagnosis of stage IB2-IIB SCC according to the FIGO classification; 2) SCC
histologic subtype; and 3) no prior hysterectomy, pelvic radiotherapy, systemic
chemotherapy and medical contraindications to chemotherapy; 4) no other metabolic
diseases, like diabetes mellitus; 5) no inflammatory conditions for patients. The
exclusion criteria included 1) the inability to undergo MRI examinations; 2) missing
MRI or SCC-ag levels data at the initial visit; 3) drop-out during the study period; 4)
protocol violation. All patients provided written informed consent in accordance with
institutional guidelines, and the study was approved by the institutional review board

of the affiliated Tumor Hospital of Harbin Medical University.
Neoadjuvant Chemotherapy Regimen

Eligible patients received NACT in the form of a regimen that consisted of three
cycles of paclitaxel and carboplatin. Once every 3 weeks, patients received paclitaxel
at 150 mg/m2 intravenously (IV) over 3 hours at the 1* day in addition to carboplatin
(area under the serum concentration-time curve=5) IV over 30 minutes with
simultaneous monitoring of blood pressure, ECG and blood oxygen saturation. The
doses and schedules of the drug administration were modified according to drug

toxicity evaluation before each course.
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Magnetic Resonance Imaging

All patients underwent MRI scans at the initial visit, and if they received NACT
treatment, they would undergo an additional MRI scan on the 21* day upon
completion of chemotherapy. All examinations were performed using a 1.5-T
NVi/CVi magnetic resonance machine (GE, Waukesha, USA) with a standard phased
array torso coil. The MR protocol for the localization of the tumor and the
measurement of its dimensions is described below.

A sagittal T1- and T2-weighted fast spin echo acquisition was obtained with a
24x24cm field of view (FOV), an echo time (TE) of 97-6 cm, and a repetition time
(TR) of 1600 ms. Slices that were 4 mm thick were acquired with a 1-mm gap
between the slices using a 256x256 matrix. The scan ranged from the iliac crests to
the pubic symphysis. Based on the sagittal view, axial slices were obtained through
the tumor using a T2-weighted fast recovery fast spin echo sequence with an FOV of
32%32 cm, a TE/TR of 83.6/4520 ms, 3-mm slices (no gap) and a 256x256 matrix.

Once the tumor was fully visualized, diffusion-weighted images (DWI) were
acquired in straight axial and sagittal planes (planned on the T2-weighted sagittal scan)
and centered through the middle of the tumor using an epi-based diffusion tensor
imaging sequence. The epi-based sequence was limited to straight axial slices. All
slices were acquired with a 40x40-cm FOV, a 2-mm slice thickness, a TR/TE of 6800
ms/70 ms, and a 160x256 matrix. Data were acquired with a » value of 1000. The

ADC value was obtained from diffusion tensor images on each slice.

Image Analysis

The images were evaluated by two experienced radiologists who were informed about
the patients’ clinical data during the evaluation but unaware of the results of other
imaging studies. The response based on imaging was determined using and T1- and
T2-weighted images in the sagittal and axial planes, and the clinical response was
determined from the measurement of the largest diameter of the target lesion. When

more than one measurable lesion was present at baseline, the sum of the largest
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diameters was calculated at baseline and at the subsequent evaluation. If there was a
discrepancy between the two readings, a third experienced radiologist served as an

independent and final arbiter.
Response Evaluation

The response evaluation was based on the response evaluation criteria for solid
tumors (RECST, version 1.1)"* and was classified as follows: pathologically complete
response (pCR) was defined as a complete disappearance of all lesions; partial
response (PR) was defined as at least a 30% decrease in the sum of the largest
diameter (LD) of the targeted lesions; stable disease (SD) was defined as neither
shrinkage that qualified as PR nor sufficient increase that qualified as progressive
disease (PD); and PD was defined as at least a 20% increase in the sum of the LD of
the target lesions. For statistical analysis, the overall response was defined as CR plus

PR.
Pathological Assessment

All specimens removed during surgical procedures were submitted for pathological
analysis. A consistent protocol for the assessment of the specimens was performed by
the Department of Pathology, which included macroscopic measurement of the lesion
size and microscopic determination of the boundary of the lesion based on frozen
tissue. The largest diameter for the lesion was considered to be the SCC pathological

result.
Sample collection

The patients who were initially diagnosed as cervical cancer were enrolled from the
Department of Gynecology of Harbin Medical University Tumor Hospital (Harbin,
China) between September 2009 and March 2011. All patients signed informed
consent forms. After fasting and being avoided alcohol and medication for 12 h, each

participant was collected 5 ml of whole blood before cytoreductive surgery,
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radiotherapy or chemotherapy via venipuncture. Then the blood was transferred into
the evacuated blood collection tubes that contained anticoagulant sodium dihydrogen
phosphate (EDTA-K3). After separation by centrifugation within 1 h, the plasma was

separated into five 400-pl portions and stored at —80 °C until the time of the assay.
Sample preparation and pretreatment

In the laboratory, the plasma samples were thawed and refrozen in a 4 °C water bath.
A 300 pl aliquot was injected into a vial and vortexed for 30 s, and then the mixed
solution was extracted with 1500 pl of methanol and vortexed for 2 min. After being
stored for 10 min at 20 °C, the solutions were centrifuged at 14,000 g for 10 min at
4 °C. An aliquot of supernatant was transferred to a sampling vial to nitrogen-dry at
37 °C. The residue was derivatized using a 2-step procedure. First, 300 pl of
acetonitrile/water (3:1) was added to the vial, which was kept at 30 °C for 10 min and
then vortexed for 60 s. The supernatant was then placed into the sampling vial,

pending UPLC-QTOF/MS analysis.
Chromatography

A2 ul aliquot of the pre-treated sample was injected into a 100 mmx2.1 mm, 1.7 pm
BEH Cl18 column (Waters, Milford, MA) held at 35 °C using an Acquity
ultra-performance liquid chromatogra- phy system (Waters). Samples from 5 BOT
and 5 EOC patients were alternately run. A gradient consisting of 2 solutions, A (water
with 0.1% formic acid) and B (acetonitrile with 0.1% formic acid), was run. The
column was eluted with a linear gradient of 2-20% B for 0—1.5 min, 20-70% B for
1.5-6 min, and 70-98% B for 610 min and held for 2 min. The gradient then
returned to 40% B for 12—14 min and finally to 2% B for 16—18 min. The flow rate

was 0.35 ml/min, and all of the samples were maintained at 4 °C during the analysis >
Mass spectrometry

Mass spectrometry was performed using a Waters Micromass Q-TOF (Waters,
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Manchester, U.K.) equipped with an electrospray ionization source operating in
positive-ion mode (ESI+). The source temperature was set at 100 °C with a cone gas
flow rate of 25 1/h. Meanwhile, the desolvation gas temperature was 300 °C with a
desolvation gas flow rate of 650 1/h. In the case of positive-ion modes, the capillary
voltage was set to 2.8 kV, and the cone voltage was set to 35 V. Centroid data were
collected from 50 to 1000 m/z with a scan time of 0.4 s, an inter-scan delay of 0.1 s,
and a lock spray frequency of 10 s. In the tandem mass spectrometry (MS/MS)
experiments, argon was employed as the collision gas and collision energy was altered

between 10 and 30 eV.
Data preprocessing and annotation

The data preprocessing and annotation were similar to our previous work®. The raw
UPLC-QTOF/MS ESI+ data were first transformed to NetCDF files by Databridge
(Waters), and then the files were imported to xcms package in R platform for
preprocessing, including nonlinear retention time alignment, matched filtration, peak
detection, and peak matching. Full width at half-maximum (fwhm) was set to 10 and
the retention time window was set to 10 (bw=10), while the values of other
parameters were default.

The preprocessing through xcms offered a 3-dimensional matrix containing
retention time (RT)-mass-to-charge ratio (m/z) pairs, sample names (observations),
and ion-intensity information (variables). Then for the processed peak data by xcms,
the R package CAMERA was used for annotation of isotope peaks, adducts and
fragments in the peak lists®™ . Normalization to total peak intensities for each sample

was done before statistical analysis.
Statistical analysis

Categorical data are described as frequency counts and their percentages.
Comparisons between the clinical pathological characteristics such as FIGO staging,

lymph node metastasis and differentiation in responsive and non-responsive patients
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were performed using Pearson’s chi-square test. The partial least-squares discriminant
analysis (PLS-DA) was employed to present the discrimination performance of
metabolites between responders and nonresponders, and variable importance in the
project (VIP) was calculated as well*”. Univariate nonparametric Kruskal-Wallis rank
sum test and multivariate analysis were used to select the potential biomarkers that
were used for predicting the chemotherapy response. Potential metabolic biomarkers
were selected with the criteria of VIP>1 and p<0.0525’ ¥ Random forest (RF)
3prediction model were constructed with the potential biomarkers. The predictive
performance for the potential biomarkers were evaluated by sensitivity, specificity,
accuracy and the area under the receiver operating characteristic (ROC) based on .
the leave-one-out cross-validation using R package. All statistical procedures were

performed using the R platform.

3. Results

Demographic and Clinical Characteristics

Between September 2009 and March 2011, 38 eligible previously untreated patients
who met the inclusion and exclusion criteria were enrolled in this prospective study,
of whom 15 patients were diagnosed as pCR, 14 patients were PR, while the
remaining 9 patients were non-responsive to chemotherapy based on the pathological
examination. They underwent NACT followed by radical surgery. The demographic
and clinical characteristics of the prospective cohort were shown in Table 1. The

baseline characteristics were comparable in each group.
Plasma metabolomic profiles

In order to visualize the classification performance of metabolic profiling, the
PLS-DA score plot was depicted (Figure 1). Figure 1 revealed a clear separation trend
between pCR and SD, and the PR group lies in the between pCR and SD, while no

clear separation was found between pCR and PR.
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Discovery and identification of metabolic biomarkers

According to the identity check by raw data and the annotation of peaks by CAMERA,
562 peaks (variables) were identified. We employed the Wilcoxon Kruskal-Wallis test
and multivariate analysis approach to identify a set of metabolites that had the highest
independent ability to predict response before chemotherapy treatment. The potential
biomarkers were selected with the criteria of VIP>1 and p<0.05. Four biomarkers
were identified and two of them (L-valine and L-tryptophan) were verified by external
reference standard. In addition, the boxplots for the four potential biomarkers were
given in Figure 2. From Figure 2, it is seen that concentrations of L-valine,
L-tryptophan and prasterone sulfate had the consistently decreased trend from pCR to
SD, while Cer(d18:0/12:0) concentration was increased in PR and decreased in SD

compared to pCR.

Biomarkers for the prediction of response to chemotherapy

Since the two biomarkers, L-valine and L-tryptophan, were finally selected as
biomarkers candidates for predicting the chemotherapy response and verified by
external reference standard. L-valine provided an AUC of 0.7333 in the
discrimination between pCR and SD and AUC of 0.7183 between pCR combined
with PR (pCR+ PR) and SD. L-tryptophan provided an AUC of 0.9185 in the
discrimination between pCR and SD and AUC of 0.8175 between pCR+ PR and SD.
The error rate from RF regression modeling with these two biomarkers was 16.67%.
The combination of these two biomarkers had the sensitivity of 0.87 and specificity of

0.8, with an AUC of 0.9407 in the chemotherapy response prediction.

Metabolic disturbance associated with chemotherapy response

We mapped all the differential metabolites into KEGG database and found that these
metabolites were involved in the pathway of amino acid metabolism, tryptophan

metabolism and lipid metabolism. These results suggested metabolic disturbance
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might be associated with cervical cancer.

4. Discussion

In this study, we present the metabolomics approach for predicting the chemotherapy
response for cervical cancer patients before NACT. By applying ultra-performance
liquid chromatography coupled to time-of-flight mass spectrometry, a powerful
technique that has high sensitivity and specificity, two amino acids, one sphingolipids
and one steroids are shown to be highly correlated with pCR. Although there are quite
heterogeneous in the clinical and histopathological characteristics of patients in each
response group, the plasma samples still can group them into distinct cluster. In order
to evaluate the impact of clinical pathological parameters of cervical cancer on the
predictive performance of four biomarkers, we perform multivariate analysis to assess
whether these biomarkers are the independent predictors for chemotherapy response
with these biomarkers and clinicalpathological parameters and found that these
biomarkers are still the independent predictors of chemotherapy response.

The prediction model constructed with the selected model has high sensitivity and
specificity. Since chemotherapy response prediction for cancer remains challenging
around the world, this promising metabolomics approach might open a new view for
patients to select the promising treatment or even truly ‘personalized treatment’ in the
clinical practice. Importantly, as seen from the multivariate regression analysis
between chemotherapy responses and predictors consisting of biomarkers and
clinicalpathological parameters (data not shown), the selected biomarkers are strongly
associated with chemotherapy response. The altered metabolic pathways associated
with the selected biomarkers are strongly connected with chemotherapy response.
However, studies with large-scale cohort are needed to substantiate these finding and
identify metabolic link with pathologically different subtypes, not limited to the
squamous cervical cancer.

The prediction performance of the two biomarkers detected by LC-MS analysis

was excellent and showed an AUC of 0.9407 in the discrimination between pCR from
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SD. In addition, the metabolites detected by LC-MS provides a number of additional
information about better insight into the cellular metabolism and provides a more
robust model that could effectively predict chemotherapy response when validated in
a larger cohort of patients. Two metabolites from LC-MS distinguish the three
cervical cancer patients groups, pCR, PR and SD with good performance. The
excellent classification performance through plasma metabolites suggests
metabolomics approach might be particularly noteworthy when the prediction of
response to NACT in cervical cancer patients remains challenging around the world.
We found that PR samples were dispersing between pCR and SD and some of them
are predicted as pCR while others cluster with SD patients.

The metabolic processes in the cancer patients are different to normal subjects 2>,
The alternation of the amino acid metabolism might be a consequence of metabolic
dysfunction. Tryptophan, an essential amino acid, is catabolized in the local
microenvironment of tumors, immune-privileged sites or inflammation sites *°. In the
cancer cells, immune cells create an environment that suppress antigen-specific T-cell
responses by tryptophan depletion % The tryptophan catabolism is induced by
inflammatory mediators, which might be an endogenous mechanism that restrict
excessive immune responses, thereby presenting immunopathology. Previous study
demonstrate that suppression of anti-tumor immune responses in lesions by
tryptophan catabolism promotes tumor growth *’. The change and variation in the
amino acids profiles might be attributable to accelerated gluconeogenesis and the
increase in the synthesis of proteins in the liver **. The concentration of L-valine, one
of the amino acid, was increase in the responders might be a consequence of the
destruction of cellular proteins of the tumor and the decrease in their synthesis.

The response evaluation in this study is not limited to chemotherapy in SCC, but
can be extended to radiotherapy in such cancers and all malignant tumors that
originate from squamous tissue such as lung squamous cell carcinoma and head and
neck squamous cell carcinoma; however, further large-scale cohort studies on these

cancers should be performed.
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Figure 1 The PLS-DA score plot for pCR, PR and SD patients.
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Figure 2 Individual metabolite box plots for the different groups of patients: (a)
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Figure 3 The prediction results for RF model based on L-valine and L-tryptophan.(a)
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ROC curve for pCR vs SD using cross-validation based on L-valine (AUC=0.7333);
(b) ROC curve for pCR together with PR vs SD using cross-validation based on
L-valine (AUC=0.7183); (c) ROC curve for pCR vs SD using cross-validation based
on L-tryptophan (AUC=0.9185); (d) ROC curve for pCR together with PR vs SD
using cross-validation based on L-tryptophan (AUC=0.8175); (e)The combination of
L-valine and L-tryptophan provide an AUC of 0.9407.
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Table 1 Demographics and Clinical Characteristics of Cervical cancer Patients in
this Prospective Cohort

Characteristics pCR(n=15) PR(n=14) SD(n=9) p value

Age(year) Mean(Std) 50.66(10.99) 50.02(7.45) 46.44(9.80) 0.7390
Min,Max 31.72,66.15 36.30,59.45 27.39,56.82
Median 54.43 50.02 48.57

Menses Non-menopause 7(46.67%) 4(28.57%) 1(11.11%) 0.2476

menopause 8(53.33%) 10(71.43%) 8(88.89%)

scC Mean(Std) 2.76(3.41)  3.48(5.34) 3.67(2.49) 0.3760
Min,Max 0.40,1420 0.50,21.60  0.80,7.80
Median 2.20 2.25 4.10
FIGO Stage B2 1(6.67%)  1(7.14%)  2(22.22%) 0.4378
A 8(53.33%) 4(28.57%) 4(44.44%)
1IB 6(40.00%)  9(64.29%) 3(33.33%)
Lymph node Negative  15(100.00%) 11(78.57%) 9(100.00%) 0.0531
metastasis Positive 0(0.00%)  3(21.43%)  0(0.00%)
Differentiation Well 3(20.00%)  2(14.29%) 1(11.11%) 0.9151
Moderate 8(53.33%) 8(57.14%) 4(44.44%)
Poor 4(26.67%)  4(28.57%) 4(44.44%)

The values in the parenthese represented the percentage frequency;
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Table 2 The differential metabolites in the prediction of chemotherapy response

Measured RT(min) Delta identity p-value p-value
Mass(ppm) (pCR vs SD)  (pCR+PR vs PR)

118.0862 0.71 0 L-Valine 0.0456 0.0413

205.0990  2.32 9 L-Tryptophan 0.0148 0.0261

484.4689 9.31 7 Cer(d18:0/12:0) 0.0287 0.0434

369.1753 8.45 6 prasterone sulfate 0.0315 0.0461




