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Abstract 

Blood plasma and serum Raman spectroscopy for ovarian cancer diagnosis has been applied in pilot 

studies, with promising results. Herein, a comparative analysis of these biofluids, with a novel assessment 

of urine, was conducted by Raman spectroscopy application in a large patient cohort. Spectra were 

obtained through samples measurements from 116 ovarian cancer patients and 307 controls. Principal 

component analysis identified significant spectral differences between cancers without previous treatment 

(n=71) and following neo-adjuvant chemotherapy - NACT (n=45). Application of five classification 

algorithms achieved up to 73% sensitivity for plasma, high specificities and accuracies for both blood 

biofluids, and lower performance for urine. A drop in sensitivities for the NACT group in plasma and 

serum, with an opposite trend in urine, suggest that Raman spectroscopy could identify chemotherapy-

related changes. This study confirms that biofluids’ Raman spectroscopy can contribute in ovarian 

cancer’s diagnostic work-up and demonstrates its potential in monitoring treatment response. 
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Introduction 

Despite numerous attempts to identify effective screening and diagnostic modalities, early detection of 

ovarian cancer remains elusive. Although it is globally the 8th most common cancer-related cause of 

death in women, it consists the most lethal gynaecological malignancy. This is due to its vague 

symptoms, leading to the majority of cases (over 70%) being diagnosed when the disease is already at 

widely disseminated metastatic stage [1-3]. Its most frequent type is by far the epithelial one (90% of 

ovarian malignancies) including several histological sub-types (such as serous, endometrioid, mucinous, 

clear cell carcinomas and carcinosarcomas), with high-grade serous cancers representing up to 80% of all 

cases. Less common types include germ cell and stromal tumours [3, 4]. Surgery and chemotherapy are 

the current mainstays of treatment, with platins (cisplatin or carboplatin) and taxanes (paclitaxel) being 

the most commonly used chemotherapy agents. When complete cytoreduction with upfront operating is 

not considered feasible, regimes known as neo-adjuvant chemotherapy (NACT) are administered before 

and after interval debulking surgery (IDS) [4, 5].  

No ‘’gold standard’’ test exists for screening or diagnosis of ovarian cancer. Serum biomarkers (such as 

the cancer antigen CA125 and the human epididymis protein HE4), either alone or incorporated in 

predictive models using pelvic ultrasonography, have failed to produce significant reduction in mortality 

rates [6-9]. The diagnostic accuracy of CA125, the most commonly used tumour marker, is limited as 

many benign conditions (e.g. ovarian cysts, fibroids, endometriosis, adenomyosis) can also raise its levels 

[10, 11]. With regards to radiology modalities, more advanced imaging techniques than ultrasound (such 

as computed tomography, magnetic resonance imaging) are expensive, time-consuming and often 

associated with increased patient discomfort.  

These limitations fuel the need for new methodologies in ovarian cancer detection. A potential candidate 

is vibrational spectroscopy, a bio-analytical tool that has shown capacity in identifying pathological 

conditions [12]. Raman is a powerful vibrational spectroscopic technique for biological materials 
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analysis, with previous applications including human tissues and biofluids [13]. It detects changes in 

molecular polarisation caused by a monochromatic laser source, which result in inelastic photon 

scattering (known as Raman shift), and produce a spectrum with peaks corresponding to wavelengths at 

which the scattering occurred [14]. Easily collectable biofluids, such as blood and urine, are ideal as 

liquid biopsies for investigations towards cancer diagnosis, as they are readily available and require 

minimal sample preparation [15]. Raman spectroscopy applications for these two biofluids have involved 

breast [16, 17], prostate [18, 19], bladder [20, 21], gastrointestinal [22-27] and cervical [28, 29] 

carcinomas. Performance of blood-derived biofluids (but not urine) has also been explored in ovarian 

cancer by small pilot studies [30-32], with promising results.    

Herein, the potential of Raman spectroscopy for ovarian cancer diagnosis was further investigated, 

through analyses in blood and urine samples from a large patient cohort. The multivariate nature of 

biospectroscopy data requires application of chemometric techniques for extraction of good quality 

results that can be clinically translated [14]. In this study, a variety of chemometric methods were used 

for segregation of ovarian malignancies from a wide range of benign gynaecological conditions, 

including linear discriminant classifiers, support vector machines and genetic algorithms. Additionally, 

the effect of chemotherapy on spectral signatures was explored in those ovarian cancer patients who had 

received NACT. 

 

Materials and Methods 

Patients and samples 

Between April 2018 and November 2019 four hundred and twenty three (n=423) consecutive patients 

were recruited (n=116 with ovarian cancer, n=307 with benign gynaecological conditions - controls). The 

majority of ovarian cancer patients had not received chemotherapy (n=71) whereas the rest had received 
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NACT (n=45). For the latter group, the median number of NACT cycles was 4 with a median interval of 

3 weeks between cycles; 41 patients received a combination of carboplatin and paclitaxel and 4 patients 

single agent carboplatin. Samples were collected after informed consent upon patients’ attendance to 

Royal Preston Hospital for surgery, having undergone at least 8 hours of pre-operative fasting. Blood 

samples were collected from all participants, with measurement of their serum CA125 levels. Ovarian 

cancer patients who received NACT had CA125 measurements at the time of their disease diagnosis as 

well. For this group, the mean interval between completion of their pre-operative chemotherapy and IDS 

was 39 days. Urine was collected from all participants apart from three controls. Table 1 contains 

epidemiological as well as CA125 data for the separate study groups. For each patient paired blood 

samples were obtained, one in tubes containing EDTA anticoagulant and one in serum gel tubes. Urine 

was collected following urethral cleansing and sterile urinary catheterisation without the use of lubricant 

gel. Blood samples were centrifuged at 2200 rpm for 15 min (local protocol), to obtain plasma and serum 

(which has the same content as plasma apart from clotting factors) from EDTA and serum gel tubes, 

respectively. This eliminated the presence of erythrocytes, which can interfere with spectra from 

important biomolecules. Plasmas and serums were subsequently snap frozen in liquid nitrogen and stored 

at -80°C. Urines were also stored at -80°C without centrifugation and snap freezing.  

Prior to slide preparation, samples were thawed at room temperature. One ml from each urine sample was 

centrifuged at 2200 rpm for 15 min to eliminate the spectroscopic effect of possible contaminants (such 

as microorganisms and cellular material), and the supernatant was aspirated. Subsequently, 30 μl of 

individual biofluids (plama, serum and centrifuged urine) were deposited on glass slides covered with 

aluminium foil [33]. All slides were allocated a specific serial number for patient confidentiality. 

Following overnight drying, samples were transferred in wooden slide trays for Raman spectroscopic 

analysis. All slides were stored in de-humidified glass containers, to prevent sample condensation and 

physical damage. Ethical approval was granted by the East of England - Cambridge Central Research 
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Ethics Committee (Archival genito-urinary tissue, blood, urine, saliva and ascitic fluid collection; REC 

reference: 16/EE/0010; IRAS project ID: 195311). 

Disease identification for all participants, as well as ovarian cancer staging, was based on histopathology 

reports after processing of surgical specimens. Tables 2 and 3 demonstrate staging data for the ovarian 

cancers and histological diagnoses for the entire cohort, respectively. Nearly all ovarian cancers were 

epithelial (66% with high-grade serous histology) and only one patient had a germ cell tumour. The 

International Federation of Gynecology and Obstetrics (FIGO) system was used for staging of ovarian 

malignancies [34]. 46% of non-chemotherapy ovarian cancer patients had early disease (FIGO I or II) and 

all NACT patients were at advanced stage (FIGO III or IV). Supplementary demographic data are 

available in non-patient identifiable databases. 

Spectral acquisition 

Raman spectra were obtained via a Renishaw InVia Basis spectrometer (Renishaw pls, UK) coupled to a 

Leica confocal microscope. A 200-mW laser diode was used at a 785 nm wavelength with a grating of 

1200 lines/mm. Exposure time was set at 10 seconds, using 10% and 1% laser power for blood 

plasmas/serums and urines, respectively, with two accumulations at a spectral range between 2000 and 

400 cm−1. Ten point spectra were taken per sample, with a ×20 objective for laser beam focusing on the 

samples. 

Computational analysis 

All computational procedures were performed in the MATLAB R2014b version 8.4 environment 

(MathWorks, Inc., Natick, USA). Spectral pre-processing for data analysis consisted of: Savitzky-Golay 

(SG) smoothing (window of 51 points, 2nd order polynomial fitting) and 2nd derivative followed by vector 

normalisation. SG smoothing corrects for random noise, 2nd derivative for baseline distortions, and vector 

normalisation for physical differences between samples such as thickness, light scattering and 

concentrations [35]. Exploratory and discriminant analyses were performed with the pre-processed and 
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mean-centred data. Principal component analysis (PCA) was used for exploratory analysis [36]. PCA 

reduces the pre-processed spectral dataset into a small number of principal components (PCs), 

responsible for the majority of data variance. Each PC is composed of scores and loadings; the former is 

used to access similarity/dissimilarity patterns among samples and the latter to identify spectral features 

(wavenumbers), associated with class separation and therefore possible spectral biomarkers [37]. Thus, 

the matrix containing the sample data with information about the sample classes is decomposed as 

follows: 

𝐗 = 𝐓𝐏T + 𝐄             

where X is the data matrix (i,j); T is the matrix of scores (i,A); P is the loading matrix (j,A); superscript 

T, as usual, indicates the transposition of a matrix; and E is the residual matrix (i,j), where i is the number 

of objects, j is the number of variables and A is the number of PCs used in the decomposition of the 

matrix. PCA models were built using the PLS Toolbox version 7.9.3 (Eigenvector Research, Inc., USA) 

and discriminant analysis was performed using the Classification Toolbox for MATLAB [38]. 

The genetic algorithm (GA) was also applied as a variable selection method. This is a non-deterministic 

method inspired by the theory of evolution. Its application generally aims to select the best variables for 

classification through an evolutionary process. Initially, a population of chromosomes is formed from the 

original variables. Then, an evaluation of the structures is made, and a further evolutionary process takes 

place. The optimised number of variables for GA was determined from the minimum cost function G, 

calculated for a given set of internal validations. This function is calculated as follows: 

G =  
1

NV
∑ gn

NV
n=1              

where gn is calculated as follows: 

gn =  
r2(xn,mI(n))

minI(m)≠I(n)r2(xn,mI(m))
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where the numerator is the Mahalanobis distance (squared) between object xn of class index I(n) and the 

sample mean mI(n) of its true class; and the denominator is the Mahalanobis distance (squared) between 

object xn and the centre of the closest wrong class. 

Linear discriminant analysis (LDA), quadratic discriminant analysis (QDA) and support vector machine 

(SVM) were used as classifiers. LDA and QDA are discriminant analysis methods based on the 

Mahalanobis distance between the analysed samples, where, as the main difference, a different variance 

structure is adopted by each model in relation to the analysed classes [39]. The first method assumes that 

both groups have similarity in terms of variance, while the second method assumes that the analysed 

classes have different variance structures, thus altering the calculation performed to determine the classes. 

The LDA score for the i-th sample of class k (Lik) is calculated in non-Bayesian form as follows: 

Lik = (𝐱i − 𝐱̅k)T𝐂𝐩𝐨𝐨𝐥𝐞𝐝
−𝟏  (𝐱i − 𝐱̅k)           

Similarly, the Qik score is calculated in non-Bayesian form as follows: 

Qik =  (𝐱i − 𝐱̅k)𝐓𝐂𝐤
−𝟏(𝐱i − 𝐱̅k)           

where 𝐱i is a vector with the input variables for sample i; 𝒙̅𝑘 is the mean of class k; Cpooled is the pooled 

covariance matrix between the classes.  

SVM is a non-linear data classifier. Thus, it seeks to find a classification hyperplane that provides the 

greatest margin of separation between data groups. During modelling, data are transformed into a space 

with different characteristics through a core function in the algorithm, which is largely responsible for 

optimisation of results. The most widely used kernel function for classification, as performed herein, is 

the radial basis function (RBF) [35, 40]. The RBF function is calculated as follows:  

k(𝐱i, 𝐳𝐣) = exp  (−γ‖𝐱i − 𝐳j
2‖)           

where 𝑥𝑖 and 𝑧𝑗 are sample measurement vectors and 𝛾 is a tuning parameter that controls the RBF 

window parameter. In this study, this parameter was set to 1. The SVM classification rule is obtained by 

the following equation: 
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f(x) = sign (∑ αi
Nsv
i=1 yiκ(𝐱i, 𝐳j) + b)          

where NSV is the number of support vectors; αi is the multiplier of Lagrange; yi is the affiliation of the 

respective analysed class (± 1); k(xi, zj) is the kernel function and b is the polarisation parameter. These 

parameters are obtained by a set of samples validation. 

Furthermore, partial least squares discriminant analysis (PLS-DA) was also used as a comparative 

technique. PLS-DA is one of the most popular supervised classification techniques, based on a linear 

model for which the classification criterion is obtained by PLS [41]. In PLS-DA, PLS is applied to data 

reducing the original variables (wavenumbers) to a few numbers of latent variables in an iterative 

process, where the class labels for each sample are known in the training set. Then, a straight line that 

divides the classes’ regions is found [42]. 

Statistical analysis 

The discriminant models were evaluated by calculating some metrics (accuracy, sensitivity, specificity 

and F-score) in the test set, composed of 30% of samples selected by using the Morais-Lima-Martin 

(MLM) algorithm [43]. Training samples, composed of 70% of the dataset, were used for model 

construction via training and cross-validation {for sample splitting methodology see Electronic 

Supplementary Information (ESI) Table S1}. The accuracy represents the total number of samples 

correctly classified considering true and false negatives, the sensitivity represents the proportion of 

positives (i.e., ovarian cancers spectra) correctly identified, the specificity represents the proportion of 

negatives (i.e., benign controls spectra) correctly identified, and the F-score measures the overall model 

performance considering imbalanced data [44]. These parameters are calculated as follows: 

Accuracy (%) = [(TP + TN) (TP + FP + TN + FN)⁄ ] × 100      

Sensitivity (%) = [TP (TP + FN)⁄ ] × 100          

Specificity (%) = [TN (TN + FP)⁄ ] × 100          
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F-score (%) = (2 × SENS × SPEC) (SENS + SPEC)⁄        

where TP stands for true positives, TN for true negatives, FP for false positives and FN for false 

negatives. SENS stands for sensitivity and SPEC for specificity. 

P-values were calculated for two-dimensional PCA score plots using a MANOVA test and for individual 

wavenumbers based on an ANOVA test. Statistical significance was considered at P <0.05 and statistical 

high significance at P <0.001. 

 

Results and Discussion 

Vibrational spectroscopy employs powerful tools to obtain information about biological materials. 

Herein, Raman spectroscopy was applied to identify the potential of plasma, serum and urine towards 

ovarian cancer diagnosis. The majority of peaks produced by inelastic scattering of biomolecules is 

located at the so called ‘’fingerprint’’ region of the spectrum, between 500 - 1750 cm-1 wavelengths [45], 

and consisted the area of focus for spectrochemical analyses in this study. Patient cohorts, including 

ovarian cancers with several different histological sub-types and stages, and benign controls with variable 

gynaecological pathologies, provided a realistic approach to clinical settings. Furthermore, the strategy 

used in recruitment of participants (consecutive enrolment) ensured elimination of patient selection bias. 

An initial exploratory analysis was conducted to check for possible significant spectral variations 

between two subgroups in each of the study’s main cohorts (Figure 1). For controls, this comparison 

involved patients with endometriosis (which has a propensity towards ovarian malignancy) [46] and 

patients with all other benign conditions. PCA scores identified no difference in any biofluid (P-values 

>0.2). The opposite was observed in comparisons between ovarian cancer patients without previous 

chemotherapy and post-NACT, where statistically significant differences for all biofluids (P-values 0.02 - 

0.0005) indicated a potential effect of chemotherapy on spectra. Therefore, these subgroups were 
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compared separately against the whole cohort of controls. Raw and mean raw spectra of benign control 

and ovarian cancer classes are presented in ESI Figures S1 and S2, respectively. 

ESI Figures S3 and S4 demonstrate raw and mean raw spectra, respectively, of the two distinct ovarian 

cancer classes in relation to controls; their pre-processed and mean pre-processed spectra are presented in 

Figure 2 and ESI Figure S5, respectively. PCA score plots from the comparison of non-chemotherapy 

ovarian cancer patients versus benign ones demonstrated high statistically significant differences only in 

plasma (P ≈0.001; Figure 3). However, this was not reflected on the sensitivities obtained with five 

classification algorithms, where only one (GA-QDA) demonstrated a fair potential for identification of 

ovarian cancer (73% sensitivity), with the rest ranging between 32% - 61%. As anticipated from the PCA 

scores, outcomes were even worse for serum and urine, with sensitivities ranging between 33% - 58% 

and 0% - 45%, respectively. On the other hand, high specificities and accuracies were generally obtained 

in all biofluids, the vast majority being above 85% (range 37% - 100%) for the former and above 75% 

(range 39% - 88%) for the latter (see ESI Table S2).  

Opposite findings were observed at the PCA scores from comparisons between NACT ovarian cancer 

patients and controls, where statistically significant differences are noted in serum (P =0.004) and urine 

(P =0.0007) but not in plasma (P =0.06) (Figure 3). As expected, obtained sensitivities for the latter were 

markedly lower in most classification algorithms compared to the ones for the non-chemotherapy ovarian 

cancer group. Even in the single algorithm (PLS-DA) that showed a significant opposite trend (with a rise 

in sensitivity from 59% to 100%), specificity and accuracy dropped considerably (from 90% to 54% and 

from 84% to 60%, respectively), suggesting the presence of spectral similarities between NACT ovarian 

cancers and controls. Interestingly, despite initial findings at the PCA scores, all classification algorithms 

in serum also demonstrated markedly lower sensitivities for identification of the post-NACT ovarian 

cancer group compared to the non-chemotherapy one, whereas high specificities and accuracies were 

maintained (see ESI Table S2). Taken together, these findings suggest a trend towards a more ‘’benign’’ 

pattern in Raman spectra acquired from blood-derived biofluids following neo-adjuvant chemotherapy, 
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which is reported for the first time. They also correlate well with the degree of chemosensitivity exhibited 

by our NACT patients, based on an overall substantial drop in serum CA125 at the time of IDS compared 

to baseline levels (Table 1), a reduction in tumour load at their interval computed tomography scan and a 

chemotherapy response score (CRS) of 2 or 3 (i.e. appreciable or complete response) [47] in 75% of 

them, following histopathological assessment of surgically excised tissues.   

PLS-DA was overall the algorithm with the best performance in comparisons between ovarian cancer 

groups and controls (as indicated by the relevant F-scores; see ESI Table S2) and its statistical metrics are 

presented in Table 4. Therefore, discriminant function plots on training and test samples (Figure 4), as 

well as regression coefficient plots for identification of key biomarkers (ESI Figure S6), were produced 

from this algorithm. Spectral wavenumbers assigned to peaks in the latter plots represent molecular 

classifiers between different groups, and their intensity indicates the magnitude of inter-class differences 

for a specific biomarker. In plasma and serum, the majority of ‘’strong’’ absorbance intensities in 

comparisons between non-chemotherapy ovarian cancers and controls can be allocated to structural 

components of mucins, which belong to the family of glycoproteins. More specifically, observed peaks at 

approximate wavelengths 880, 950, 1000, 1380, 1600 and 1680 cm-1 can be assigned either to 

carbohydrate moieties (such as galactosamine, glucosamine, galactose) or amino acids (such as serine, 

threonine) that are rich in mucins [48-50]. Interestingly, most of these peaks were common in the 

regression coefficient plots of plasma and serum, and almost all suggested more abundant presence of 

these constituents in ovarian cancers. Among other mucins (such as mucin 1 - the cancer antigen CA15-

3), detected in blood of patients with ovarian cancer and benign gynaecological pathologies, CA125 (also 

known as mucin 16) has by far the largest molecular weight (due to its heavier glycosylation and 

lengthier protein backbone). It also exhibits the widest concentration differences between ovarian 

malignancy and non-malignant states [51-53]. Therefore, CA125 is likely to be the main contributor to 

absorbances in the aforementioned spectral wavelengths. Remarkably, peaks at these wavelengths were 

also observed at comparisons between NACT patients and controls both in plasma and serum, but 



13 
 

regression coefficients were generally smaller compared to the non-chemotherapy ovarian cancer group. 

This correlates with the observed magnitude of differences in mean CA125 levels between each of these 

two groups and controls (Table 1), and reinforces our impression about a potential of Raman 

spectroscopy to detect chemotherapy related effects in ovarian cancer. Of note, these variances in 

absorbance intensities were more pronounced in plasma than serum, which could account for the overall 

wider differences in statistical metrics between the two ovarian cancer classes observed at the former (see 

ESI Table S2).   

On the other hand, peaks at wavelength areas 1420 - 1450, 1650 and 1750 cm-1 were either higher at the 

NACT group or had negative regression coefficients with stronger absorbances at the non-chemotherapy 

ovarian cancers in comparisons with controls. All these bands are assigned to lipids [54] and these 

intensity differences were observed both in plasma and serum, suggesting an increase in blood lipid levels 

post-NACT. Interestingly, platinum and taxane chemotherapy has been associated with hyperlipidaemia 

in testicular and breast carcinomas, respectively [55, 56]. Malignant cells are known to use high amounts 

of lipids for their energy demands and accelerated consumption has been associated with chemoresistance 

in ovarian cancer [56, 57]. Therefore, higher blood lipid levels might be an indirect measure of treatment 

response, reflecting a decrease in this metabolic activity with decelerated tumour growth. Although other 

parameters may have affected these changes (such as pre-treatment cachexia and improved appetite post-

NACT leading to higher lipid intake), spectral changes at the aforementioned wavelengths could exhibit 

potential for monitoring response to chemotherapy in ovarian cancer.  

In urine, statistical metrics for diagnosis of ovarian cancer in the non-chemotherapy group were lower 

compared to blood-derived biofluids. This could be attributed to weaker absorbances observed in bands 

allocated to mucins and correlates with the markedly low urinary CA125 concentrations, with much 

smaller mean differences between patients with ovarian cancer and benign gynaecological conditions 

than those present in blood [58, 59]. However, contrary to plasma and serum, statistical metrics in nearly 

all classification algorithms were higher for NACT patients, with consistently higher sensitivities 
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(reaching 100% in PLS-DA). As expected, regression coefficients at wavelengths associated with 

mucins’ components were generally even lower in this group, indicating that different biomolecules were 

the main classifiers in comparisons with controls (see ESI Table S2, Figure S6).  

Indeed, the peak exhibiting the strongest intensity (with regression coefficient >0.6) is located at 1030 

cm-1 and is assigned to collagen [54]. In ovarian cancer, marked degradation of collagen present in 

peritoneal surfaces is known to occur during the formation of metastases, and collagen peptides are found 

in the urine of patients with ovarian malignancies [60, 61]. The drop in this peak’s regression coefficient 

at the non- chemotherapy group (regression coefficient <0.3) is likely to reflect the higher number of 

patients with advanced metastatic ovarian cancer in the NACT cohort, and a similar trend was observed 

in plasma and serum. Its appearance as a strong classifier in urine may be due the latter’s less complex 

protein profile than blood [62], making it a potential candidate for monitoring response to chemotherapy 

in patients with widely disseminated (FIGO stage IIIC or IV) ovarian cancer. 

The same wavelength area (1030 - 1040 cm-1) contains peaks at the Raman spectrum of polyamines 

(spermine, spermidine), which are low molecular weight molecules participating in cellular proliferation 

and DNA synthesis [63]. Interestingly, in ovarian cancer, urinary excretion of polyamines increases after 

platinum-based chemotherapy, but this effect is mostly observed in chemo-sensitive disease [64]. Another 

band demonstrating strong absorbance at the post-chemotherapy group is located at 970 cm-1, assigned to 

phosphorylated proteins [54]. Its peak had a more intense negative regression coefficient (nearly 0.6) at 

these patients compared to non-chemotherapy ones (regression coefficient = 0.2), suggesting more 

attenuated expression at the former compared to controls. A phosphoprotein exhibiting reduced urinary 

excretion following administration of several chemotherapy agents (including platins) is osteopontin, also 

known as secreted phosphoprotein 1, which is involved in cell-matrix interactions [65, 66]. Whether 

chemotherapy-related alterations at the aforementioned wavelengths can be specifically attributed to 

these molecules should be addressed in future studies, particularly since osteopontin and acetylated 

spermine have both been proposed as possible urinary biomarkers for ovarian cancer diagnosis [67].  
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Contrary to what was observed in plasma and serum, absorbances at the 1420 - 1450 and 1750 cm-1 

wavelengths (produced as previously stated by bonds in lipids) were more intense at the non- 

chemotherapy ovarian cancer group compared to NACT patients, and had positive regression coefficients 

at the former. There is a lack of studies investigating the effect of chemotherapy in urinary lipid 

concentrations, although significantly lower phospholipids in urine of breast cancer patients have been 

reported post surgical treatment (i.e., after partial or complete elimination of tumour load) [68]. 

Therefore, differential absorbance trends at these wavelengths in blood and urine might also consist 

benchmarks for monitoring NACT response in ovarian cancer. 

Our study is the first to explore the potential of Raman spectroscopy of urine in ovarian cancer diagnosis, 

and the first to attempt identification of chemotherapy effects in ovarian malignancies with this 

spectroscopic technique, both in blood and urine biofluids. Three studies have previously assessed the 

performance of blood plasma or serum Raman spectroscopy towards ovarian cancer detection. All 

compared equal numbers of ovarian cancer cases and controls with benign gynaecological conditions, 

excluding patients who had received chemotherapy, and all used only one classification algorithm (SVM) 

in comparisons [30-32]. In the largest previous study by Paraskevaidi et al. (27 ovarian cancer patients), 

both spontaneous Raman and surface enhanced Raman spectroscopy (SERS - a technique used to 

increase the inherently weak Raman signal) were applied to blood plasma. Sensitivities and specificities 

for the former were 94% and 96%, whereas for the latter 87% and 89%, respectively. In their cohort, 63% 

of ovarian cancer patients had FIGO stage I disease compared to 37% in our study for the non-

chemotherapy group [30]. In the smallest study by Owens et al. (2 ovarian cancer patients), a 

classification accuracy of 74% for plasma was obtained [31]. Finally, in the study by Ullah et al. (11 

ovarian cancer patients), Raman spectroscopy of serum demonstrated 90% sensitivity and 100% 

specificity [32]. In our study, application of five different classification algorithms achieved similar or 

higher specificities and accuracies but lower sensitivities. These variations are probably due to the much 

bigger size of our cohort (10 - 100 times compared to the aforementioned studies) which increased patient 
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heterogeneity, but at the same time provides a more pragmatic estimate of Raman spectroscopy’s 

performance towards ovarian cancer diagnosis in the general population. The influence of 

epidemiological factors (such as age, BMI, comorbidities) in differential outcomes could not be 

determined, as none of these studies (including ours) performed regression analyses for these variables. 

Paraskevaidi et al. also assessed the performance of blood plasma Raman spectroscopy in relation to 

serum CA125 measurements, using the cut-off threshold of 35 u/ml to discriminate between normal and 

elevated levels [30]. Interestingly, both spontaneous Raman and SERS exhibited more than 20% drop in 

sensitivity at the patient subgroup with CA125 levels <35 u/ml, strengthening our impression that this 

mucin consists a major classifier for ovarian cancer diagnosis through Raman spectroscopy. Another 

remarkable observation is the presence of common peaks between our study and the aforementioned 

ones. More specifically, absorbance intensities at all previously highlighted wavelength areas in plasma 

and serum were also present either in the study by Paraskevaidi et al. or in the one by Ullah et al [30, 32]. 

As these bands were mainly assigned to structural components of mucins and lipids, their repeated 

emergence as key biomarkers highlights their importance in discriminating between ovarian cancer and 

benign gynaecological conditions with Raman spectroscopy, confirming at the same time reproducibility 

of our results.  

The performance of several serum biomarkers in the detection of ovarian malignancies has been 

extensively investigated. CA125 and HE4 are the most frequently explored, achieving sensitivities and 

specificities up to 82% and 93%, respectively, when assessed either remotely or in combination [69, 70]. 

Additionally, ultrasound-based predictive models with or without incorporation of CA125 levels, have 

demonstrated sensitivities up to 93% and specificities up to 92% [71]. In our study, Raman spectroscopy 

of biofluids exhibited overall lower sensitivities for diagnosis of ovarian cancer without previous 

treatment. On the other hand, plasma and serum obtained high specificities (≥90%) and very good 

accuracies (≥85%) with most classification algorithms. Compared to serum assays, Raman spectroscopy 

of blood-derived biofluids is more cost-effective (as it does not require the use of reagents) and time-
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efficient (producing results in minutes instead of hours or days). Furthermore, the avoidance of 

discomfort and intimacy associated with transvaginal ultrasonography is likely to result in higher patient 

satisfaction and acceptance rates. Taking all the above into consideration, Raman spectroscopy of blood 

plasma or serum could be used as a point-of-care test to rule out ovarian cancer in patients presenting 

with suspicious symptoms. 

The main strengths of this study is the size of its cohort (the biggest employed so far in Raman 

spectroscopy of biofluids for ovarian cancer detection), along with its prospective design and consecutive 

recruitment of participants. In this field, it presents the first concurrent comparison of three different 

biofluids. The inclusion of patients with a wide range of benign gynaecological conditions, as well as 

various ovarian cancer histological sub-types and stages, provides a pragmatic approach to the encounter 

of these entities in the general population. It is also the first study assessing the potential of biofluids’ 

Raman spectroscopy to detect chemotherapy-related changes in ovarian cancer treatment, and a possible 

correlation of these alterations with prediction of chemosensitivity. Weaknesses include not evaluating 

the impact of confounding factors on outcomes and performance in early stage disease detection, which is 

the main challenge in the timely diagnosis of ovarian cancer. These parameters would restrict direct 

clinical application of blood plasma and serum Raman spectroscopy as diagnostic tools in ovarian 

malignancies. Additionally, the assessment of chemotherapy effects was not conducted on a single 

ovarian cancer patient group with samples collection pre- and post-NACT, and therefore relevant results 

consist a rather preliminary indirect manifestation about the potential of vibrational spectroscopy in 

evaluating treatment response. 

In conclusion, our study has rationalised previously reported performance of blood-derived biofluids’ 

Raman spectroscopy in the diagnosis of ovarian cancer, and offers a novel assessment of urine towards 

this direction. All three examined biofluids exhibited potential for identifying chemotherapy-related 

spectrochemical changes, which in plasma and serum can be partially attributed to variable levels of the 

tumour marker CA125. These results require validation by future research, with linear follow-up of a 
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unique ovarian cancer cohort before and after NACT, and an attempt for correlations with tumour 

resectability at IDS as well as survival outcomes. As different ovarian cancer subtypes can exhibit varied 

levels of chemosensitivity, it would also be of interest to explore whether these can be assessed by Raman 

spectroscopy, through comparisons between distinct histological groups. Finally, future studies applying 

different spectroscopic techniques (such as infrared methods) should explore whether the potential of 

vibrational spectroscopy towards ovarian cancer diagnosis can be optimised, or whether Raman 

spectroscopy can perform better in classification of separate histological sub-types as opposed to a mixed 

ovarian cancer cohort; the latter should ideally be addressed in large prospective multi-centre trials, in 

order to achieve adequate numbers of patients for these subgroup analyses, which were not available 

herein.   
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Table 1: Epidemiological and serum CA125 data for the different study groups. CA125 level was 

considered elevated if measuring >35 u/ml. NACT: neo-adjuvant chemotherapy.  

  

Ovarian cancers Mean [Range] 

Age 

All patients (n=116) 

No NACT (n=71) 

NACT (n=45) 

 

63 [20-84] 

61 [20-84] 

65 [43-83] 

ΒΜΙ (kg/m2) 

All patients  (n=116) 

No NACT (n=71) 

NACT (n=45) 

 

26.7 [16.6-48.6] 

27.4 [18.2-48.6] 

25.8 [16.6-36.4] 

CA125 (u/ml) 

  Non-chemotherapy group (n=71) 

  Chemotherapy group, pre-NACT (n=45) 

  Chemotherapy group, post-NACT (n=45) 

 

590 [5-8366] 

2595 [62-23455] 

135 [8-1104] 

 

Benign controls (n=307) 

 

Age 47 [19-89] 

BMI (kg/m2) 28.5 [17.3-49.8] 

CA125 (u/ml) 55 [1-2627] 
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 Non NACT NACT 

ΙΑ 10 - 

IC 16 - 

ΙΙΑ 5 - 

IIB 2 - 

ΙΙΙΑ 5 - 

ΙΙΙΒ 4 1 

IIIC 27 36 

IVA 2 5 

IVB - 3 

 

Table 2: FIGO staging of ovarian cancer patients. NACT: neo-adjuvant chemotherapy. 
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 No of patients 

Ovarian cancers No NACT NACT 

High grade serous 33 43 

Low grade serous 5 - 

Primary peritoneal serous - 1 

Mucinous 10 - 

Endometrioid 9 - 

Clear cell 8 - 

Carcinosarcoma 4 1 

Anaplastic 1 - 

Immature teratoma 1 - 

Benign controls 

Ovarian cysts (non-endometriomas)  

Cystadenomas, fibromas, cystadenofibromas 

Mature cystic teratomas 

Follicular 

Haemorrhagic 

Struma ovarii 

Brenner 

Sertoli-Leydig 

Indeterminate 

71 

13 

3 

2 

2 

1 

1 

2 

Endometriosis (including endometriomas)  

Stage 1 

Stage 2 

Stage 3 

Stage 4 

16 

9 

19 

28 

Uterine fibroids and / or adenomyosis 69 

Pelvic inflammatory disease  9 

Endometrial / cervical polyps 8 

Hydrosalpinx / paratubal cysts 7 

Uterine prolapse 3 

Peritoneal leiomyomatosis 1 

Endometrial hyperplasia 1 

Cervical intraepithelial neoplasia (CIN) 1 

Normal (no pathology identified) 41 

 

Table 3: Histopathological data for the entire cohort. Staging of endometriosis patients was based on 

intra-operative findings according to the American Society of Reproductive Medicine staging system 

[72]. NACT: neo-adjuvant chemotherapy. 
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 Plasma Serum Urine 

 
OC no 

chemo 

OC with 

chemo 

OC no 

chemo 

OC with 

chemo 

OC no 

chemo 

OC with 

chemo 

Sensitivity 59% 100% 57% 43% 45% 100% 

Specificity 90% 54% 93% 82% 85% 87% 

Accuracy 84% 60% 87% 76% 77% 89% 

 

Table 4: PLS-DA statistical metrics in classification of the two ovarian cancer groups (non-

chemotherapy - OC no chemo, NACT - OC with chemo) from benign controls for plasma, serum and 

urine. OC: ovarian cancers, chemo: chemotherapy, NACT: neo-adjuvant chemotherapy. 
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Figure 1: PCA score plots with P-values for intra-class comparisons in plasma, serum and urine. Top 

graphs: non-endometriosis (benign) versus endometriosis benign controls. Bottom graphs: non-

chemotherapy (OC no chemo) versus NACT (OC chemo) ovarian cancer patients. OC: ovarian cancers, 

chemo: chemotherapy, NACT: neo-adjuvant chemotherapy 
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Figure 2: Pre-processed spectra of ovarian cancer classes versus all benign controls for plasma, serum 

and urine. Top graphs: non-chemotherapy ovarian cancers (OC no chemo) versus controls. Bottom 

graphs: NACT ovarian cancers (OC chemo) versus controls. OC: ovarian cancers, chemo: chemotherapy, 

NACT: neo-adjuvant chemotherapy 
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Figure 3: PCA score plots with P-values for inter-class comparisons in plasma, serum and urine. Top 

graphs: non-chemotherapy ovarian cancers (OC no chemo) versus all benign controls (controls). Bottom 

graphs: NACT ovarian cancers (OC chemo) versus all benign controls (controls). OC: ovarian cancers, 

chemo: chemotherapy, NACT: neo-adjuvant chemotherapy 
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Figure 4: PLS-DA discriminant function plots for plasma, serum and urine. Top graphs: non- 

chemotherapy ovarian cancers (OC no chemo) versus all benign controls (controls). Bottom graphs: 

NACT ovarian cancers (OC chemo) versus all benign controls (controls). OC: ovarian cancers, chemo: 

chemotherapy, NACT: neo-adjuvant chemotherapy 
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