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Abstract

Presently, mammalian cell lines are the most utilized hosts for the production of
biopharmaceuticals. Optical spectroscopy is extensively used for the physical or physiological
measurements of cellular features to study the diagnosis, prognosis, and treatment of different
cancers. Near-infrared (NIR) spectroscopy and aquaphotomics are ubiquitous techniques
increasingly used for nondestructive assessment. The key objective of this study is to evaluate the
feasibility of absorbance spectra in the NIR region (700-1100 nm) coupled with aquaphotomics
analysis to classify the different cancerous cell lines. Human cervix adenocarcinoma cells (HeLa)
and human prostate carcinoma (DU145) were the cancerous cell lines, while normal mouse skin
fibroblast (L929 cell line) was used as a reference for the assessment. The NIR absorbance spectra
for 50,000 to 275,000 cells of L929, DU145, and HeLa cell lines in culture media prepared with
and without phenol red (PhR) were subjected to principal component analysis (PCA) and soft
independent modeling of class analogies (SIMCA) models. The PCA of the spectral absorbance
data revealed a clear discrimination between the three cell lines, with subgroups detected based on
the presence or absence of PhR in the culture medium. The SIMCA method showed a high

accuracy of classification, where larger class distances were obtained among the non-stained cells.

Keywords: Cancerous Cells; Culture Medium; Phenol Red; Near-infrared Spectroscopy; PCA;
SIMCA; Water.
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1. Introduction

The prevalence of cancer is persistently rising, resulting in an increased annual global
mortality rate. With over 17 million new cases annually and approximately 10 million deaths,
cancer persists as one of the foremost health complications, globally [1]. Cancer is a complex
disease, typified by reprogrammed signaling, cellular physiological alterations, and uninhibited
cell growth. A characteristic trait of cancer cells is their metabolic reprogramming, which
facilitates fast cellular reproduction, migration, and alteration of their microenvironment,
ultimately leading to metastasis [2]. Surgical biopsy is the gold standard method for cancer
diagnosis and has improved in speed and accuracy. However, the surgical biopsy is painful for
patients and not suitable for early cancer screening. Liquid biopsy is a non-invasive cancer
diagnosis method that detects highly sensitive biomarkers and could be used in early cancer
detection. This technique is less efficient due to the cell loss or other cell contamination and
potential uncertainties in the subsequent immunoassay. X-ray computed tomography (CT)
technology is widely used in recognizing cancer, but it is not suitable for regular screening due to
its toxicity. Magnetic resonance imaging (MRI) is a non-toxic technique, whereas it is expensive
and time-consuming. Fluorescence imaging is a molecular imaging technique that is widely used
in biological sample detection. Other methods such as single-photon emission CT, positron
emission tomography, ultrasound, and endoscopy are also commonly used for the diagnosis of
cancer. However, all imaging techniques are having considerably low sensitivity for the detection
of a small number of cancer cells [3].

In the past 20 years, optical spectroscopy techniques have widely emerged as a non-invasive
substitute for different conventional measurement techniques, and as a tool for medical diagnosis.

The optical techniques are economic, portable with no side effects, and offer good spatio-temporal
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resolution, and real-time functional information. The bulk changes in cell architecture as the tumor
grows can be employed for the diagnosis of cancerous cells under light microscopy, thereby
enabling a definitive diagnosis of the disease. These changes can also be utilized to determine the
stage of cancer growth. Recently, optical spectroscopy has shown its potential non-destructive
capability of identifying distinct spectral attributes that discriminate between tumor and normal
cell. These marker bands provide a basis for the identification and therapeutic screening of several
cancers [4]. The optical spectroscopy technique has been extensively used for detecting various
types of cancer [5-7]. It is strongly believed that vibrational spectroscopy offers excellent potential
to study the chemical structural characteristics of biological samples. Raman, Fourier transform
infrared (FTIR), and NIR spectroscopic techniques collect highly specific information making
them suitable for cell analysis. Raman and FTIR spectroscopy techniques are considered potential
cancer diagnostic tools. These techniques have been well studied for discriminating normal and
cancer states in various biological analytes including cells [8]. Fluorescence imaging and Raman
spectroscopy have been applied for the accurate diagnosis of cancer [9]. In addition, the surface-
enhanced Raman scattering (SERS) technique is generally used to enhance the conventional
Raman scattering signal [10]. In recent years, SERS has been widely used in the diagnosis of
various types of cancer [11-16]. Visible (Vis) and near-infrared (NIR) spectroscopy and imaging
have been widely utilized for detection, diagnosis, and screening of cancerous cells. NIR
spectroscopy has evolved considerably into a versatile technique in medical diagnosis, particularly
for the diagnosis of carcinoma [17]. NIR spectroscopy plays a vital role in cancer detection, early
prediction of responders during therapeutic interventions, and optimizing the treatment approach
[18]. The supposed “optical window” occurs in the NIR part of the spectrum at the wavelength
range of 650-1100 nm, which is suitable for most of the non-invasive measurements of biological
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systems [19]. This overtone region is also referred to as the “NIR window” or “therapeutic
window” for the lower and measurable light absorbance and the richness of information. In
addition, the short-wave NIR region (700-1100 nm) is appropriate for in-line and in-situ field
measurements using fiber-optic probes and relatively low-cost silicon detectors [20, 21].
Vibrational spectroscopy gives valuable information on the chemical composition based on
functional groups detection and spectral analysis of the obtained fingerprints [22] that can be used
to characterize normal and cancerous cells. Several studies revealed NIR region as a spectroscopic
biomarker that has promising applications and a future design of specialized spectroscopic
instrumentation. The NIR spectral changes of mammary gland tissues in the carcinogenic
processes of rats were examined. It was found that intensities of DNA bands (1471 and 1911 nm)
and water bands (967, 1154, 1402, and 1888 nm) were relatively increased while those of the lipid
bands (1209, 1721, and 1764 nm) were reduced in the cancerous site [23]. The content of water in
cancerous and normal prostate was analyzed using NIR spectroscopy (400-2400 nm). The water
absorption peaks at 1444 and 1944 nm observed in prostate tissues which are related to OH
overtone vibrational bands. It was shown that cancerous tissues contained less water than normal
tissues [24]. The application of NIR spectroscopy for the detection of human primary pancreatic
and colorectal cancers showed that major spectral differences were in the CH-stretching first
(6000-5400 cm™1) and second overtone (9000-7900 cm™1) regions [25]. The most significant
differences in NIR spectra from malignant and benign colorectal tissues were observed at the CH-
stretching second overtone region and water’s first overtone of combination bands (1100-1330
nm) with bands associated with glycoproteins, glycolipids, and carbohydrates as at OH and NH
first overtone and CH first overtone combinations (1400-1600 nm and 1300-1420 nm) [26].
Normal and diseased breast tissues were examined by Raman spectroscopy. The spectra of
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diseased breast tissue (benign and malignant) showed markedly diminished to absent contributions
from lipids (at ~1082, 1302, 1444, and 1652 cm™1) and reduced contributions from carotenoids
(at ~1004, 1156, and 152 ¢m™1) with an absence of the peak at ~1358 cm™?! [27]. The FTIR
spectroscopy system analyzed prostate cancer cell lines. The ratio of peak intensities at 1030 and
1080 ¢m™1 used as a diagnostic marker to distinguish between the transformed normal cell and
cell lines derived from various metastatic sites. This peak corresponds to the glycogen/phosphate
ratio and is indicative of the metabolic turnover of the cell [28]. The application of laser trapping
Raman spectroscopy to analyze leukemia cells was investigated. Raman markers associated with
DNA (1093 and 785 cm™1) and protein (1447 and 1126 ¢m™1) vibrational modes have been found
to exhibit excellent discriminating power for cancer cell identification [29]. Likewise, the Raman
spectra at region 700-1750 cm~! of malignant and bladder cancer cells denoted a superior
concentration of proteins and nucleic acids in the bladder cells as in cancer cells. Proteins and
nucleic acids were more abundant in MGH-U1 than PC-3 cells, while lipids and carbohydrates
were more abundant in PC-3 cells [30]. Normal and four different types of human lung cultured
cancer cells were identified by Raman spectroscopy. Strong bands at 748, 1129, and 1586 ¢cm ™!
were assigned to cytochrome ¢ (cyt-c). The strong appearance of these bands suggested that the
cancer cells were rich in cyt-c relative to phenylalanine, and possibly rich in mitochondrial cyt-c
or mitochondria compared to normal cells [31]. Raman spectroscopic analysis was used to
differentiate between normal breast (MCF-10A) and breast cancer (MCF-7 and MDA-MB-436)
cell lines. The spectra of the cell lines showed spectral information about proteins, lipids, and
nucleic acids. It was shown that the cancer cells presented high lipidic and proteinic information
in 3050-2800 ¢m™~?! and 1800-500 cm ™1 regions [32]. Raman spectroscopy was used to evaluate

the biomolecular cascade events related to the conversion of a normal cell into an invasive breast
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cancer cell. It was observed that the lipid levels were increased for the invasive cells compared
with normal ones in regions 2800-3000 cm ™! and 700-1800 cm ™1 [33]. The FTIR spectra to study
the development of skin cancer showed that the absorption band at approximately 3062 cm ™! was
increased, indicating that most of the proteins had the configuration of amide B and the -sheet
protein structure predominated [34]. FTIR-ATR and FT-Raman absorption spectra were used to
study the changes in oral cancer. The peak at 1238 cm™! was correlated with nucleic acids
symmetrical stretching, the phosphate wavenumbers were lower compared with that of normal
tissue, and the shifting of 1030 cm ™! was ascribed to -CH,OH vibrations [35]. FTIR spectroscopy
technique was applied to explore the serum characteristics in breast cancer. It was found that the
range of 3090-3700 cm ™1 is the criterion for differentiating breast cancer serum samples from the
healthy ones, which can be attributed to protein modifications [36]. With SERS, the normal and
cancerous liver tissue were analyzed in the fingerprint region (500-1800 cm™1). The relative
intensities of the characteristic vibration peaks at 838 cm ™! (amine groups), 1448 cm™1 (collagen),
and 1585 cm™1 (protein and hemoglobin) are significantly changed in the cancerous tissues [37].
FTIR and Raman spectra were obtained from oral cancer cells to discriminate between normal,
pre-cancerous, and cancerous conditions. Compared to normal patients, significant differences
were observed at 1550, 1580, 1640, 2370, 2330, 2950-3000 and 3650-3750 cm ™! for FTIR and
520, 640, 785, 827, 850, 935, 1003, 1175, 1311 and 1606 cm ™! for Raman vibrations. The increase
in DNA, protein, and lipid contents with malignancy was more evident [38].

The combination of analytical tools has been proven to be of immense value in a variety of
bio-scientific applications. Spectroscopy can be coupled with chemometrics to offer a rapid and
versatile method for the characterization of raw materials to advance cell culture performance [39].

Presently, artificial intelligence practices are widely applied in the field of computational biology
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and bioinformatics [40, 41]. The absorption of molecules in the NIR region results mostly from
the absorption of overtones and the merging of stretching-bending bands of atomic groups
comprising hydrogen-bearing compounds and complexes that include CH, OH, and NH [42]. The
overlap of signals detected in the NIR range increases the broadness of the peaks, resulting in
composite spectra and hindering the designation of distinct features to specific compounds. The
spectroscopic techniques coupled with multivariate data analysis in mammalian cell culture have
been employed to derive data on several bioprocess variables, that include culture medium
composition (nutrients and metabolites), viable cell concentration, and number of living cells [43-
46].

Biomarkers have shown to be more favorable indicators, and the disparity in their contents
is directly associated with specific diseases including cancer. Biomarkers can be specific cells,
genes, gene products, hormones, or other molecules that are detectable in tissues or body fluids.
However, in the case of early diagnosis, the concentrations of biomarkers are typically very low
and difficult to determine using conventional techniques. Therefore, searching for more distinct
biomarkers or improving the techniques of measurement remains the focus of research in the field
of cancer detection and diagnosis. Given that a disease impairs the body functions at various levels
of system organization, the collective impact of these induced variations in water can be measured
by means of spectroscopic techniques. Aguaphotomics presents the spectral pattern of water
molecular structure as a “molecular mirror” and a novel integrative biomarker [47]. This approach
offers a new framework for elucidating variations in water molecular systems obtainable as a water
spectral pattern [48, 49]. The rationale is to identify and expand the database of water absorption
bands and decipher the distinctive water absorption patterns that can be utilized as biomarkers

[50]. Information on water provides a potential diagnostic tool to improve the determination and
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imaging of tumor cells based on variation in vibrational overtones of H.O molecules in the NIR
region. The molecular structure of H2O is proposed as a novel fingerprint marker to signify changes
in the NIR region for early detection of various types of tumor cells. So far, no studies can be
found in a literature on NIR spectroscopy at short NIR region (700-1100 nm) and aquaphotomics
of cultured cancerous cells.

In cell culture, spectroscopic technologies combined with multivariate data analysis can be
used to obtain information regarding bioprocess variables in NIR spectra [51]. Generally, media
formulations for mammalian cell culture procedures frequently apply phenol red
(phenolsulphonephthalein) as a pH indicator, to visually and qualitatively monitor metabolism [52,
53]. Phenol red (PhR) has been utilized in different colorimetric applications, such as the pH
assessment of freshwater [54], the diagnosis of filarial infection [55], the measurement of H20-
generated by cells in culture [56] and CO- pressure in carbonated liquids [57], and aiding biopsy
procedures to verify Helicobacter pylori-infected areas for patients diagnosed early with gastric
cancer [58]. PhR also has several other biochemical applications [59-63]. The absorption spectra
associated with PhR are differentiated by two absorption bands with two maxima at 438 nm and
559 nm at pH 7.4 [63].

To date, information on cancer cells using optical spectroscopy techniques is not extensively
available, especially for qualitative evaluation of cells. This study aims to explore the interaction
between light in the short NIR region (700-1100 nm) and cultured cancerous cells and identify the
relationship between the absorption spectra and the characteristics of the cancerous cells. The
focus of this research is to examine the accuracy of NIR spectroscopy to detect the concentration
of different types of cultured cancerous cells and the potential to develop a spectral signature as a
cancer biomarker using aquaphotomics. So far, the spectroscopic analysis of cancer cells in the
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NIR region using phenol red dye has not been reported. Direct comparisons of the growth of three
different cell lines were performed in the culture medium in the presence and devoid of phenol
red. The cancerous cells utilized were cervical (HeLa) and prostate (DU145), while the mouse skin
fibroblast (L929) cell line was used as a reference normal cell. The absorbance spectra for 50,000
to 275,000 cells of L929, DU145, and HeLa cell lines were measured. Principal component
analysis (PCA) and soft independent modeling of class analogies (SIMCA) models were used for
exploration and classification analyses. Multivariate analysis of NIR absorption spectra for
mammalian cell cultures using phenol red in culture medium in addition to the spectral analysis of
non-stained cell culture could be an effective and more viable substitute for biomedia
characterization. Besides, aquaphotomics improves the understanding of cancer cell proliferation

from the perspective of water molecular structure.

2. Materials and Methods
2.1 Cell Lines

The normal and carcinoma cell lines utilized in this study were procured from American
Type Culture Collection (ATCC), Manassas, VA, USA. The cell lines include mouse skin
fibroblast (L929), human cervix adenocarcinoma (HeLa), and human prostate carcinoma (DU145).
Growth assays were prepared for all cell types in a serum-supplemented culture medium
(Minimum Essential Medium ‘MEM’ and Dulbecco’s Modified Eagle Medium ‘DMEM”). The
L929 cell was cultivated in the MEM, while HeLa and DU145 cells were cultivated in the DMEM
supplemented with fetal bovine serum ‘FBS’ (10%), sodium pyruvate (1 mM), and penicillin (100
units/mL)/streptomycin (100 pg/mL). All growth assays were performed in MEM and DMEM

with and without phenol red.



The growth assays were prepared from stock cultures harvested using trypan blue dye
treatment. The preparation procedures of the subcultures of the cells are reported in our prior
publications [64, 65]. The cell cultures were maintained at 37 °C in an incubator with 5% of CO
environment. The cultured cells were harvested from T25 tissue culture flasks and suspended in
the culture medium. The cells were subsequently stained with trypan blue dye at a 1:1 ratio.
Afterwards, cell viability test was carried out in parallel using the trypan blue dye exclusion
technique by quantifying the number of viable cells in a hemocytometer. The trypan blue infiltrates
the membrane of non-viable cells, which are then stained blue and can thus be differentiated from
viable cells [66]. The cell concentration and total number of cells were calculated using Egs.1 and
2 and presented in Tables 1 and 2.

C (cells/mL) = (viable counted cells/Q) X Df X Hf (1D
Total cell number (cells) =C XV (2)
where C,Q,Df, Hf and V denote cell concentration, quadrant count (the number of squares is 4 in
the haemocytometer and each square has a dimension of 1x1 mm with a 0.1 mm depth), dilution
factor (which is typically 2), haemocytometer factor with value of 10* (also referred to a correction
factor), and the sum of original volume of cell suspension, respectively. The cell lines were seeded
in a 6-well culture plate with total cell numbers ranging from 50,000 to 275,000 cells per well. The
total volume of culture medium in each well was 2 mL and the number of total cell seeding was
derived using Eq. 3 below:
M.V, = M,V, 3)

where M,,V;, M, and V, represent the concentration of cell suspension, initial volume of cell
suspension, concentration of seeded cells, and volume of seeded cells, respectively. The cells in

the media were appended to the well and then incubated for an entire day. The total number of
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cells per well, M,, V;, and V, are presented in Tables 3 and 4. The microscopic images (100x total
magnification) of the cells were obtained using an inverted microscope (Olympus
modelCKX41SF) in order to decipher the cell morphology and distribution.

Table 1. Number of viable cells, concentration of cell suspension, volume of cell
suspension, and total number of cells for cell lines in culture medium with phenol red.

Cell line  Number of viable  Concentration of cell Volume of cell ~ Total cell number
cells (cells) suspension (cells/mL)  suspension (mL) (cells)
L929 581 2 905 000 5 14 525 000
HelLa 436 2180 000 5 10 900 000
DU145 325 1625 000 5 8 125 000

Table 2. Number of viable cells, concentration of cell suspension, volume of cell
suspension, and total number of cells for cell lines in culture medium without phenol red.

Cell line Number of viable  Concentration of cell Volume of cell  Total cell number
cells (cells) suspension, (cells/mL)  suspension (mL) (cells)
L929 528 2 640 000 6 15 840 000
HelLa 673 2019 000 6 20 190 000
DU145 211 1 055 000 5 5275000

Table 3. Initial volume of cell suspension, concentration of cell seeding, volume of cell
seeding, and total number of cells per well for L929, HelLa, and DU145 cells cultured in medium
with phenol red.

Initial volume of cell Concentration of cell Volume of cell Total number of

suspension (mL), V; seeding (cells/mL), M, seeding (mL), V, cells per well
L929  HeLa DU145 (cells)
60.2 80.3 92.3 25000 2 50 000
90.4 120.4 138.5 37 500 2 75000
120.5 160.6 184.6 50 000 2 100 000
150.6 200.7 230.8 62 500 2 125 000
180.7 240.8 276.9 75 000 2 150 000
210.8 281.0 323.1 87 500 2 175 000
241.0 321.1 369.2 100 000 2 200 000
271.1 361.2 415.4 112 500 2 225 000
301.2 401.4 461.5 125 000 2 250 000
331.3 4415 507.7 137 500 2 275 000
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Table 4. Initial volume of cell suspension, concentration of cell seeding, volume of cell seeding,
and total number of cells per well for L929, HelLa, and DU145 cells cultured in medium without

phenol red.

Initial volume of cell Concentration of cell Volume of cell Total number of

suspension (mL), V; seeding (cells/mL), M, seeding (mL), V, cells per well
L929  HeLa  DU145 (cells)
56.8 44.6 142.2 25 000 2 50 000
85.2 66.9 213.3 37 500 2 75000
113.6 89.2 284.4 50 000 2 100 000
142.0 1114 355.5 62 500 2 125 000
170.5 133.7 426.5 75000 2 150 000
198.9 156.0 497.6 87 500 2 175 000
227.3 178.3 568.7 100 000 2 200 000
255.7 200.6 639.8 112 500 2 225 000
284.1 222.9 710.9 125 000 2 250 000
3125 245.2 782.0 137 500 2 275 000

2.2 Spectra Acquisition

Vis-NIR spectroscopic technique was used to obtain absorbance spectra of each cell line
cultured in a medium with and without PhR. The spectroscopy instrument used in the experiments
is from Ocean Optics Inc. (Dunedin, Florida, USA). The spectrometer features and spectroscopic
system are similar to those reported in our preceding studies [64, 65]. The measurement of the
spectra of the cultured cell lines was achieved using a custom-prepared chamber. Three wells (34.8
mm diameter and 17.65 mm depth) were used from the 6-well cell culture plate. Both optical fiber
cables (retrieving and illumination fibers) were connected with a collimating lens to ensure parallel
transfer of light rays towards the well and from the sample to the spectrometer. The spot area of
the light measured on the bottom of the well was 38.48 mm?. The illumination light source was
connected to a tungsten halogen light source, HL-2000, with a range of emission wavelengths

between 360 and 2400 nm and a color temperature of 2800 K. The absorbance measurement was
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calibrated using an empty well. The resultant light from the interaction with the cells in the well
was transmitted through the well and collected using a retrieving fiber. The fiber was connected
to a QE65000 spectrometer with a spectral sensitivity between 350.64 and 1131.24 nm. However,
the entire analysis only utilized the wavelength range between 400 and 1100 nm. The acquisition
parameters for the spectrometer including integration time, scan to average, and boxcar width were
17 ms, 8, and 3, respectively. Triplicate spectra were acquired for each batch to guarantee the
reliability of the measurement and to obtain the average spectrum for multivariate analyses.

Spectra Suite Software (Ocean Optics) was used to acquire and analyze the spectra.

2.3 Data Analysis

Principal Component Analysis (PCA) [67] was used as an exploratory analysis of the Vis-
NIR spectral data. It is a method for reduction of data dimensionality by orthogonal matrix
decomposition. The results of PCA are visualized using scores and loadings plots, where scores
are projections of original spectra in the pattern spaces defined by principal components, while
loadings show the weight coefficients of original variables. The principal components are
orthogonal to each other and define spaces that capture maximum variation in the data. The scores
plots allow easy observation of existing data patterns while loadings help analyze the spectral
features and how they relate to the observed patterns. Soft independent modeling of class analogies
(SIMCA) [68] is a supervised pattern recognition technique used for classification purposes. It is
a PCA-based method, that employs PCA models for each of the previously assigned classes in
data. Classification of spectra is based on a comparison of Mahalanobis distance, which is the
distance between the spectrum and the centroid of each class. The spectra are classified as

belonging to the class if the Mahalanobis distance is less than three standard deviations from the
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class centroid [69]. Before SIMCA analysis, the spectral data were smoothed using Savitzky Golay
2" order polynomial filter (21 points) [70], corrected for baseline effects using standard normal
variate (SNV) transformation [71], and mean-centered [72]. Both PCA and SIMCA analyses were
performed using commercially available multivariate analysis software, Pirouette (version 4.5,

Infometrix, Bothell, WA).

3. Results and Discussion

CO- and lactate are generated via cellular respiration, which can increase the acidity level of
the culture medium in due course, leading to a change in microenvironment of the cells, which is
attributable to the small volume of the growth medium [73]. In addition, a rise in number of cells
and cellular respiration increase the acidity levels of the cell cultures, leading to yellowing in
colour of media formulations containing PhR. The cancer cells require energy metabolism for the
stimulation of mitosis (i.e. cell division) and tumour growth, thus high rates of glycolysis are
manifested, resulting in the generation of high amounts of lactate. This subsequently leads to
increase level of acidity in the microenvironment [74-76] and theoretically explains the relatively
faster change in the PhR colour for the cancer cells medium compared to the normal cell line. The
comparatively higher intensity in the spectra of cancer cells could be due to variations in scattering,
size and thickness of the cancer specimens, which influences the spectral absorbance due to the
different depths of photon penetration [77]. It is evident that the absorbance of the samples in the
NIR region is neither affected nor predisposed to the colour of the medium.

NIR spectroscopy has the benefit of ease and expediency when applied to aqueous samples
[78]. The absorbance spectra in the NIR region (700-1050 nm) of the three cell lines with and

without PhR are displayed in Figures 1 to 3. Each spectrum in Figures 1-3 was smoothed using the
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Savitzky-Golay algorithm with 2" order polynomial and a window length of 15 points in order to

reduce the noise presents in the raw data. The absorbance values on the y-axis represent the total

light attenuated through the sample as well as light scatterings. Each spectrum is a result of nine

readings of measurements from three wells of the 6-well culture plates. The measurement of the
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the number of cells in the well. Furthermore, given that the culture medium is composed of water,
the distinctive absorbance peaks observed at NIR wavelength (= 965-985 nm) denotes the water
absorbance overtones [24]. The absorbance of cancerous cells slightly exceeds that of the normal
cells for each increment in the number of cells. It is imperative to mention that the absorbance
values generated by the spectrometer represent the loss of light due to both absorbance and
scattering phenomena. Therefore, the observed absorbance can occur when light is scattered by a
specific number of cells.

The morphology of cells is used as a basis for differentiating the normal and cancerous cells.
Cancer cells are characterized by morphological variations as compared to normal cells.
Morphologically, the cancerous cell is differentiated by several features that include a large
nucleus, asymmetrical size and shape, prominent nucleoli, scarce cytoplasm and intense or pale
colors [79]. The morphology of the cells was assessed prior to the spectroscopic measurements to
guarantee the integral state of the cells without any biological impairment. The cells were
microscopically examined to check for abnormal components and aberrations. The color of the
cells was then inspected using PhR indicator. Microbial contamination is indicated by color
alteration of PhR from plain red to cloudy pink. The morphologies of L929, HeLa, and DU145
cells prepared in culture media with PhR are displayed in Figure 4. The images were obtained
using an inverted microscope with 100x total magnification and 0.25 numerical aperture of the
10x objective lens. The obviously higher scattering of cancerous cells compared to normal cells is
attributed to their larger nucleus, variable sizes, and diverse shapes. The dimension and size of the
nuclei as well as the change of the refractive index of cells have a specific effect on the light
scattering of the entire cell [80]. In addition, the mitochondria and other small organelles in the
cell also contribute to the light scattering [80]. The size of HeL a cells is larger than those of DU145
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Figure 4. Morphology of (a) L929, (b) DU145, and (c) HeLa cell lines with 100x magnification
of an inverted microscope.
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and L929 cells, which plausibly explains their higher light scattering [64]. Additionally, increasing
the number of cells enhances the probability of light scattering back into the detector, which results
in an increase in the measured absorbance of the samples [81]. As observed in the images, the size
of HeLa and DU145 cancerous cells is larger than those of L929 cells. The L929 cells are round
and oval shaped with a standard size, while HeLa and DU145 have diverse sizes and shapes that
are easily discernible at a low number of cells. It was shown that the proliferation or growth of the
cancerous cells was slower than normal cells with DU145 cells being the slowest. In addition, it
was observed that cell morphology changes as the number of cells increases.

The spectral changes are reflected by shift and broadening/narrowing of distinct water
absorption peak that emerge in the NIR region at 975 nm. As observed in Figures 1-3, the
characteristic peak of water (= 965-985 nm) for cancerous cells is broader compared to normal
cells. This peak is attributed to the blend of the second harmonic of O-H symmetric stretch
vibration and the intrinsic anti-symmetric stretch vibration from hydrogen bound O-H. In addition,
the attributes of this peak are sensitive indicators of the microenvironment of H>O molecules [82].
The specificity and precision of the shape and position of NIR peak are highly responsive to the
molecular character of H>O [83]. It is well-known that the fraction of adsorbed or bound H20
measured using optical techniques can relay the molecular vibrational states of H,O that are related
to macro molecular complexes in tissues [84], and may provide further understanding as regards
tissue pathophysiology. As a result of the increased volume of H,O that bind to macromolecules
such as proteins, the characteristic absorption peak of H>O at 970 nm is subjected to both shifting
and broadening. The spectral characteristics of H2O absorption are dependent on the binding state
of H20. As the volume of hydrogen-bound H20 molecules decreases, the intensity of water
absorption peak increases, the bandwidth becomes narrower, and the peak is shifted to higher
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energy (blue-shift). These changes are due to imbalance in the symmetry between hydrogen-bound
and free H>O molecules. Hydrogen bonding between H>O and macromolecules such as proteins
initiates additional spectral broadening and red shifting of the 970 nm water peak [83]. Also, the
symmetry of the band increases as the number of cells increases, with a shift in the maximum
absorption (Figures 1 to 3), which is possibly due to the increased number of free O-H. This
explains the eventual increase in absorbance [85] as the number of cells increases.

The spectra in the range of 400 to 1100 nm were investigated using PCA analysis, with the
edges of the spectra trimmed to prevent noise. The samples were designated with “Y” and “N”,
for instance, L929 Y-1 and L929 N-1 denote the L929 cells with and without PhR for 50,000 cells,
while the samples labelled as L929 Y-1 to L929 Y-10 signify the L929 cells for 50,000 to 275,000
cells. Results of PCA analysis of the spectra for L929, HeLa, and DU145 cell lines are shown in
Figure 5. The PCA scores plots reveal the hidden structures in spectral data. The first five principal
components (PC1 to PC5) explained over 99.99% of the variance in data and their loadings are
illustrated in Figure 6. The first principal component (PC1) indicating the highest variance
(88.69%) is related to the overall number of cells, where the scores move in the direction of the
PC1 axis toward the positive part as the number of cells increases (Figure 5(a)). In the same space,
three distinct groups are observable along the PC2 axis. In addition, Figure 5(a) shows the PC1
versus PC2 scores plot which reveals separation along the PC2 axis between the cells stained with
PhR (located in the negative part of the PC2 axis) and non-stained cells (located in the positive
part of PC2 axis). In the cluster of scores corresponding to PhR stained cells, another separation
along the PC2 axis can be observed between cancer and normal cells. It can be seen that the scores
of cancer cells are located close to zero, while scores of normal cells are further below the negative
part of PC2. This kind of sub-separation is lacking in the scores of non-stained cells. Figure 5(b)
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presents PC4 versus PC5 scores plot which further reveals the separation of scores between PhR
stained and non-stained cancer cells along the PC5 axis. PhR stained HelLa cells scores are located
in the positive part of PC5 and negative part of PC4, while scores of HeLa cells without PhR are
located entirely in the negative part of PC5. Similarly, both scores of PhR stained DU145 and PhR
non-stained DU145 located in the positive part of PC4 and PC5 axes, show some separation along
the PC5 axis. The scores of the control cells L929 form one group located mostly in the positive
part of the PC4 axis, without distinction between the scores belonging to stained and non-stained
classes.

The loadings of the first two principal components are shown in Figures 6(a) and (b). The
predominant peak for both loadings is located at 558 nm, which denotes the basic form
(deprotonated base form) of phenol red [86, 87]. The peak is positive in PC1, indicating that the
absorbance at this wavelength increases concomitantly with an increase in the number of cells,
which conforms to the observed trend of scores towards the positive part of the PC1 axis. Besides
the colour peak, it is discernible in the NIR part of the spectra that the shape of the PCL1 is similar
to the baseline of the spectra, with the graph being dominated by an offset and slope. This is
consistent with the preliminary findings presented in Figures 1 to 3, where the number of cells is
directly associated with light scattering and its effects on the baseline. It can be deduced that the
interpretation of this factor is dependent on the number, shape, and size of the cells. Nonetheless,
regardless of the principal features in the PC1 being derived from the physical attributes of the
cells, numerous small spectral features can also be observed. These spectral features can be
attributed to the absorbance bands of H2O rather than noise.

As aforementioned, the cells and cell medium are enriched with H>O, which is a strong
absorber of NIR light. Specifically, the broad bands observed at approximately 740 nm, 850 nm,
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and 970 nm can be assigned to the third overtone of OH stretching vibration (3v;+ v3), the second
overtone of the combination of stretching and bending vibration (2v;+ v, + v3), and the second
overtone of OH stretching vibration (2v;+ v3) [88-91]. The slight variations in absorbances of the
peaks (Figure 6) seem to be small compared to the peak intensity in the visible region, although
this is simply as a result of the disparity in the source of the peaks, i.e., electronic and vibrational
transitions. The emergence of numerous peaks confirms the complex nature of the molecular
structure of H2O in the cells and cell cultures which becomes altered in the course of cell
proliferation. Likewise, PC2 is dominated by the peak denoting PhR at 558 nm, which is negative,
while the NIR part shows only baseline offset resulting from light scattering. The features of this
component can elucidate the characteristics of the three distinct groups observed at Figure 6(a). It
is evident that the scores positioned in the positive part of PC2 axis are related to non-stained cell
cultures (without PhR), which for all three cells lines, form a compact, well-defined cluster. The
scores matching the PhR stained cell cultures are present in the negative part of the PC2 axis (as
indicated by the negative peak at 558 nm in PC2). Remarkably, two subgroups can be observed
within relatively large cluster, corresponding to the cell types, where the scores of the normal cell
line are located in the lowest portion of the negative part of PC2 axis. An overview of the scores
plots in Figure 5(a) and PC2 in Figure 6(b) shows that this component differentiated PhR stained
and non-stained cultures. This differentiation is based on the peak denoting PhR in the visible
region, while in the NIR part, the difference is indicated in both the baseline offset between PhR
stained and non-stained groups (with higher offset for the non-stained cultures) and in the
magnified part of Figure 6(b) in the several absorbance bands of water, particularly the area of the
2" overtone of water (~ 970 nm). It can be inferred that both water content and molecular structure
of the cell cultures (media and cells included) are affected by staining. PhR staining of the cells
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changes the molecular structure of water differently for the cancer cells and normal cells. Thus, it
is imperative to further elucidate the relationship between pH and the molecular structure of water
in cancer and normal cells. The PC4 and PC5 loadings are presented in Figure 6(d) and (e),
respectively. The loadings show an increased variety of spectral features, with lots of distinct
peaks, particularly the PC5 in the NIR region. The region of 800-910 nm is complex to interpret
because of the several overlapping bands denoting diverse functional groups. A number of the
bands observed in the loadings are recognized water absorbance bands and consistent with the
ones aforementioned in the analysis.

PCA determined the natural clusters in the spectra based on the cell types and PhR staining.
For additional examination of these differences, SIMCA discrimination analysis was performed to
differentiate the cell lines according to PhR treatment and cell type. The raw spectra of the cell
lines were pre-processed in order to improve the discrimination analysis using SIMCA. The pre-
processing methods were Savitzky-Golay with 2" order polynomial filter and 21 data points to
remove noise, standard normal variate (SNV) transformation to remove baseline effects and mean-
centering. Figure 7(a) depicts the pre-processed spectra of the three cell lines, coloured based on
the status of PhR treatment regardless of cell type. In this figure, the spectra represent the relation
between wavelength and absorbance at the number of cells from 50,000 to 275,000 for each cell
line cultured in the medium with and without PhR. As can be seen in Figure 7(a), there is a
distinctive difference between the spectra of the cell lines with and without PhR at the absorbance
band located at 556 nm (corresponding to the absorption of the basic form of PhR) and in the
spectral region located around 970 nm (corresponding to 2" overtone of water) where several
distinctive bands could be observed. In Figure 7(a), the band of H2O has equivalent implications
for the differentiation between the normal and cancerous cells in the presence and absence of PhR

26



Absorbance

Absorbance

Figure 7. (a) Pre-processed spectra and (b) average of the pre-processed spectra for L929,
DU145, and HeLa cell lines cultured in medium with and without phenol red at the number of

—— With phenol red
—— Without phenol red

rrrrrrrrrrrr 9300

-3 L] L] L] L] L] - L]
400 500 600 700 800 900 1000 1100
Wavelength (nm)
2.5 —~
1 (b) {3 =929 with phenol red
2.0 4 —— DU145 with phenol red
! '\ ——HelLawith phenol red
1.5 - : = = = L929 without phenol red
| : = = = DU145 without phenol red ©
1.0 4 : = = = HeLa without phenol red ]
0.5 - E
0.0 .
-0.5 = Ly §
f | ’ "
-1.0 = 1 o : s E
- Loy P g
L o p
-1.5 = 3 ; Lo .
L ‘' :
1 ‘:l ‘ .
2.0 4 s : .
. A : :
: ! .
N ’
2.5 ————T 1
400 500 600 700 800 900 1000

Wavelength (nm)

cells ranging from 50,000 to 275,000.

27

1100



compared to the peak of PhR at 556 nm. Figure 7(b) displays the averaged spectra for each cell
line presented in Figure 7(a) in case of the presence and absence of PhR which means each cell
line has two averaged spectra one of them in the presence of phenol red (solid line) and the other
one in the absence of phenol red (dashed line). Evidently, there is a common absorbance band in
the region of the 2" overtone of water, irrespectively of the presence or absence of PhR, suggesting
that the main spectral features characteristic for each cell line are inherent in this spectral region
(NIR region) and do not depend on PhR. It is interesting that the variations of the spectra decrease
with adding PhR, which is consistent with the fact that PhR is a perturber for the water molecular
system which unifies the samples along its influence leaving only the differences depending on
the type of the samples.

The PhR treatment appears to lead to inhibited dissimilarities between the spectra of
individual samples and thus the cell types. The presence of more inter-class spectral variations is
observable in the samples prepared in the absence of PhR, particularly in the region around 985
nm. The variations also exist in the visible region, around 434 nm and 558 nm, which can be
credited to the acid (yellow) and basic (red) forms of PhR [86], respectively. Thus, it can be
deduced that PhR influences the molecular structure of H2O in the samples, either through
interfacing with the medium, cells, or both. The averaging of the spectra shown in Figure 7(b) for
each cell type, clearly indicates that the average differences in cell type cultures is more evident in
the NIR region, and same absorbance bands are affected by the PhR regardless of the cell type, but
with dissimilar spectral intensities. These bands are positioned at 940-942 nm, 968 nm, 984 nm,
995 nm, 1011 nm, 1022 nm, 1028 nm, and 1045-1048 nm (Table 5). The band positions, being in
the second overtone of H2O, when recalculated to the 1% overtone, generate the following bands:
1410-1413 nm, 1452 nm, 1476 nm, 1492.5 nm, 1516.5 nm, 1533 nm, 1542 nm, and 1567.5-1572
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nm. The first five bands are assigned to the well-defined H2O matrix coordinates of
aquaphotomics. C5, C8, C9, C10, C11, and C12 are assigned to free molecules So, H2O hydration
shell, H2O molecules with two hydrogen bonds, H.O molecules with three hydrogen bonds Ss,
H20 molecules with four hydrogen bonds S4, and strongly bound water [92], respectively.

Table 5 shows that the assignment of bands in the region of 995-1030 nm is a difficult
procedure because of the complex features of the NIR spectra of both proteins and H2O.
Nonetheless, since the bands in this case are associated with the differences between PhR stained
and non-stained cultures, it is rational to assume the assignment of these bands to H2O involved
with proton hydration (also referred to as aqueous protons, which are different H.O clusters with
dissimilar number of H.O molecules related to hydration). The fact that diverse spectra also exhibit
distinct bands of protonated and deprotonated forms of PhR in the Vis region confirms that bands
discernible in NIR region explain the same phenomenon i.e., also act as an optical pH indicator of
the changes in hydrogen ions (H*) or hydronium ions (HzO").

The results of SIMCA discriminating analysis (5% significance) performed on the pre-
processed spectra in Figure 7(a) are presented in Figure 8. Cooman’s plot shown in Figure 8(a)
reveals the results of SIMCA discrimination of the spectra of L929, DU145, and HelLa with and
without PhR staining. Ellipses drawn on this graph are for presentation purposes emphasizing the
complete separation between different cell types in the multivariate space. The yellow ellipse
includes the scores of the three cell lines with the different numbers of cells (from 50,000 to
275,000) and cultured in the medium including phenol red dye. This ellipse showed that the use
of PhR during culture decreases the interclass distance. The achieved accuracy of classification
with SIMCA was 100%, with a confidence interval of 0.95. Table 6 exhibits the number of
components (PCs), explained variance (%), and the actual class membership and predicted
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Table 5. Tentative assignments of the absorbance bands found to be important for
discrimination between the cell cultures with and without phenol red in 2" overtone of water,
and the corresponding bands in the 1% overtone region, where first five of them belong to well-
established aquaphotomics 12 Water Matrix Coordinates ‘WAMACs’ (C1-C12) [92], together
with the alternative possible assignments.

Wavelength (nm) Tentative band assignment Ref.

940-942 Free water molecules, S (1410-1413 nm, C5 WAMACs) [92]
Water vapour (940 nm) [93-95]

Water vapour (942 nm) [96]

968 Hydration shell OH-(H20)45 (1452 nm, C8 WAMACS) [92]

Hydroxide absorption peak (967 nm) [97]

O-H stretch, 2™ overtone of ROH and H.0 (970 nm) [42]

O-H stretch, 2" overtone of H,O (960-970 nm) [89]

984 Water molecules with 3 hydrogen bonds, S; (1476 nm, C10 WAMACs)  [92]

N-H stretch, 2" overtone of CONHRn (secondary amides) (981 nm) [89]

995 Water molecules with 4 hydrogen bonds (1492.5 nm, C11 WAMACS) [92]

N-H stretch, 2" overtone (aromatic amines) (995 nm) [89]

N-H stretch, 2" overtone (amines, general) (1000 nm) [89]

1011 Strongly bound water (1516.5 nm, C12 WAMACs) [92]

OH from secondary (1004 nm) and tertiary alcohols (1006 nm) [89]

N-H stretch, 2" overtone (amines, general) (1015 nm) [89]

2nd overtone Superoxide Tetrahydrate O...(H20)4 (1010 nm) [98]

1022 2x N—H stretch + 2x amide | (protein) (1020 nm)
N-H stretch, 2nd overtone (protein) (1007 nm) [89]

N-H stretch, combination of RNH2 (primary amine) (1020 nm)
Aqueous proton [H*.(H20)s] - H20 in HsO,* symmetric stretch, 2" overt [99]

(1018 nm)
2" overtone intramolecular hydrogen bond stretches in (OH-(H20)4) [100]
(1020 nm)

1028 N-H stretch, 2" overtone of RNH2 (1030 nm) [89]
Aqueous proton [H*-(H20)3] - HsO* symmetric stretch, 3" overt (1033 [99]
nm)

1045-48 N-H stretch, 2" overtone of amides (primary, bonded; two bonds)
(~1050 nm)
N-H stretch, combination of CONH (primary amide) (1047 nm) [89]

N-H stretch, 3" overtone of amides (secondary, bonded; one band)
(1000-1067 nm)

H110s* H-bonded OH stretch, 2™ overt (1041 nm) [101]
Aqueous proton [H*-(H.0)s] - H20 in HsO,* symmetric stretch, 2™ overt  [99]
(1055 nm)
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Table 6. SIMCA classification results for L929, DU145, and HelLa cell lines.

PCs Exp!ained Actual Class C(_)r_rect_ Misclassifications
vaz:;)r)me 979 DULZS  Hela cIassEE/loc)atlon (%)
5 99.93 % L929 20 0 0 100 0
5 99.89 2 DuU145 0 20 0 100 0
4 99.86 é HelLa 0 0 20 100 0

membership using the SIMCA model which clearly reveals no misclassifications. Mahalanobis
distances (interclass distance) of 4.07, 6.93, and 5.32 were obtained between HeLa and DU145,
HeLaand L929, and DU145 and L9209, respectively. The interclass distances were > 3.0, indicating
that the separation is reliable. As observed in Cooman’s plot, the PhR stained cells are positioned
closer together (smaller Mahalanobis distance) than the non- stained cells, which further confirms
the importance of preserving the cells in their initial state for effective discrimination. Figure 8(b)
displays the discriminating power of the SIMCA model that indicates the absorbance bands with
the highest influence for successful discrimination between cell types. The discrimination power
shows that the absorbance bands with the highest contribution in the model are located in the NIR
region, and they include 735 nm, 775 nm, 805 nm, 905 nm, 950 nm, 1015 nm, and 1030 nm. In
the visible region, the bands at 435 nm and 565 nm are assigned to the highest power. The
assignments of the absorbance bands are presented in Table 7. These bands may be attributed to
hydrogen-bonded H>O and H.O interfacing with carbohydrates or proteins, or these compounds
directly. Six of these bands can be related to hydrogen-bonded H20, which further confirms the
significance of using the molecular structure of H>O to distinguish between the three cell types.

Nevertheless, as reported in prior research, the extracellular metabolites are main contributors to
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Table 7. Tentative assignments of the absorbance bands found in discriminating power of
SIMCA model developed for discrimination between different cell types. The assignments were
provided for the bands found directly in 2nd and 3rd overtones of water, or recalculated to 1st
overtone WAMACS bands, together with the alternative possible assignments.

Wavelength (nm) Tentative band assignment Ref.
735 Hydrogen-bonded -OH, 3" overt [102]
Water molecules with 3 hydrogen bonds, S; (1470 nm, C10 [92]
WAMACS)
775 Hydrogen bonded water (770 nm) [103]
N-H stretch, 3 overtone of RNH; (779 nm) [42]
N-H stretch, 3 overtone of amides (secondary, bonded; one [89]

band) (750-800 nm)
805 Maximum absorption peak for ice (800 nm) [96]
905 C-H stretch, 3" overtone of protein (910 nm) [104, 105]

3 overtone of a C-H stretching mode and the 2" overtone of an  [106]
N-H stretching mode of protein (906 nm)

Hydration shell OH-(H20)1,2.4 (1357.5 nm, C2 WAMACsS) [92]
950 O-H stretch (954 nm), 2" overtone of ROH (alcohols) (940-970  [107]

nm)

Water interacting with sugar (950 nm) [108]

Hydration water (1425 nm, C6 WAMACYS) [92]

2" overtone of O-H stretching of water interacting with protein [106]
(950-960 nm)

1015 H.O deionized; 2" overt (1010.1 nm) [89]
Hydrated proton [H+(H20)s] - H.O symmetric stretch, 2" overt  [99]
(1018.1 nm)
2X N-H stretch + 2X amide | (protein) (1020 nm)
N-H stretch, 2" overtone (protein) (1007 nm) [89]
N-H stretch, combination of RNH2 (primary amine) (1020 nm)
Protein (1020 nm) [109]
Strongly bound water (1522.5 nm, C12 WAMACS) [92]
1030 N-H stretch, 2" overtone of RNH; [89]

3" overtone of a C-H stretching mode and the 2" overtone of an  [106]
N-H stretching mode of protein (1032 nm)

the features of the NIR spectral signal [110], which implies that the differentiation of cell types is
not based on the physical attributes of cells (whose effect is drastically reduced by pre-processing)
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but according to the metabolites which are specific for each cell type because of their metabolic
variations. The metabolites in turn affect the hydrogen bond complex of extra- and intracellular
water leading to the characteristic spectral signature in the NIR region. Employment of vibrational
spectroscopy for a variety of cancer types has been reported marker bands related to water,
proteins, lipids, amino acids, carbohydrates, and their combination that are useful for cancer
diagnosis. The main absorbers of NIR light in blood-perfused tissues are oxyhemoglobin,
deoxyhemoglobin, and water [111], while in the cell culture, the major absorbers are various water
molecular species and other components are presented in considerably less quantities. On the other
hand, there are numerous reports on the diagnosis of other diseases that showed the diagnostic
value of water absorbance bands [25, 38, 112-121]. In some reports, there is a possibility that the
discovered bands are also assigned as the water vibrational bands. For example, the bands 1471
nm and 1911 nm that are attributed to DNA of rat mammary gland tumor [23], whereas there is a
very likely possibility these bands originate from water [92, 119].

In our findings, seven absorbance bands were found to be most influential for discrimination
between the L929, DU145, and HeLa cell lines. Five of these bands can be attributed to water,
specifically to hydrogen-bonded water with different numbers of hydrogen bonds or strength, and
to the water interacting with either sugar or proteins. A study performed by Ali et al. [24] suggested
water bands can be used for the diagnosis of human prostate cancer. It was reported that the 1%
overtone of water located around 1450 nm, and other water overtone modes provided key
spectroscopic fingerprints for cancer in prostate tissue, citing as the most probable reason the
higher-order phases of water and their interaction with cellular or other macromolecules in prostate
tissues. Gosh et al. [38] used FTIR spectroscopy of exfoliated cells that revealed five distinctive
spectral features attributable to hydrogen-bonded water (3 peaks at 3500-3700, 3700-3800, and
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3800-4000 cm™1) and non-hydrogen bonded OH stretch of water (2 peaks at 3300-3400 and 3400-
3500 cm™1) that showed changes in intensity in patients with oral cancer compared to healthy
volunteers. Their findings are in a good agreement with current work, where within 3 and 2"
overtone of water, water absorbance bands attributed to different phases of water and water
interacting with other macromolecules were found.

It can be deduced that the water molecular structure plays a significant role in differentiating
between cancer and healthy cells which is revealed from the current study where the cells of
cancers from different organs showed spectral differences. To the authors’ knowledge, there is a
study using NIRS that showed spectral changes between different cancers (colorectal and
pancreatic cancer) [25]. On the other hand, there are studies on aquaphotomics showing an
excellent possibility of differentiating the cell types in the case of bacteria [122-124], different
types of animal tissues [125], and even normal and abnormal cell development [90]. This study
reported for the first time the differences between normal fibroblast cells and two types of cancer
— prostate and cervical cells, which demonstrated the discrimination between the cell types is
mostly based on the water molecular structure in the NIR short region. This is a very important
aspect of cancer research, that can help increase the specificity of cancer diagnosis by enabling
differentiation among tumors [25]. Nonetheless, additional research is needed to precisely assign
bands to functional groups and relate them to the cell type metabolism and accurately deduce the
basis for cell differentiation. An appealing feature of the current findings is that the observed bands
are crucial for the discrimination of cells, and relevant for a variety of diagnostic purposes in other
biological systems, such as the level of tissues. This offers a basis for advanced studies that explore
the application of aguaphotomics NIR spectroscopy to investigate early detection of cancer using
cells, tissues, or body fluids.
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4. Conclusion

This work presents the application of NIR absorbance spectroscopy and aquaphotomics to
classify cultured cancerous cells including HeLa and DU145 cells. The results show that the
combined application of absorption spectra and principal component analysis (PCA) improves the
selectivity for the precise classification of cancer cells. The PCA achieved a clear differentiation
between the three types of cell lines, with subgroups detected based on the presence or absence of
the phenol red (PhR) in the culture. SIMCA method achieved a high accuracy of classification,
where larger class distances were obtained between the non-stained cells compared to stained cells.
Aguaphotomics enhanced the assignment of cancer cell proliferation from the perspective of water
molecular structure. The absorbance bands that successfully aided the cancer cell discrimination
include a range of H.O molecular species-protons (vapor) and strongly bonded H->O, as well as
CH and NH bands of proteins. Future studies can further explore the roles of these bands in
differentiating between normal and cancer cell types.

This study is a novel approach to the advancement of an online noninvasive spectroscopic
system capable of monitoring ideal growth conditions and maximizing cellular productivity. In
addition, the integrative spectroscopic biomarker results in a future design of specialized
spectroscopic instrumentation for cancer diagnosis. Furthermore, this work unlocks possibilities
for at-line sensor development for discriminating mammalian cells using PhR in a culture medium.
It also offers certain insights into the influence of PhR on cell dynamics and expands the
application of the NIR spectral region to distinguishing between cell types.
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should be discussed in this work.
Response: The suggested two references by the reviewer are added in the Introduction Section

and highlighted in the revised manuscript on PAGE 6.

Comment 4: The language of this work should be carefully polished. Some grammar and
spelling errors should be avoided in this manuscript.
Response: The language in the revised manuscript is now carefully polished, and grammar

and spelling errors are corrected.



Reviewer #2:

Comment 1:

Response:

Comment 2:

Response:

Comment 3:

Introduction part needs to be improved. Existing methods should be discussed
more.
The Introduction Section is now improved and a discussion on existing methods is

added in the revised manuscript as highlighted on PAGEs 2 and 3.

For classification analysis PCA is very old model. There are a number of
classification models which gives very good accuracy than PCA. Why those

models are not considered?

The principal component analysis was not used in this work for classification
purposes. It was used as an unsupervised for exploratory analysis in order to
observe and understand the variations in the spectra as a first step before any
classification algorithms were tested. Using exploratory step of the analysis, we
were able to observe the patterns in the terms of separation of scores among
different cell types and cells cultured with and without phenol red staining. We
also observed a strong trend depending on the number of cells.

In this work, we focused more on exploratory and qualitative study with the
objective of understanding better which spectral region should be used in our
further studies, and if we should use phenol red or not. Principal components
revealed particular regions of the spectrum that represent important physical and
chemical properties or entities within the cells that contribute to these observations.
PCA also provided us with information on whether we need to apply pre-
processing or not. Despite PCA being old chemometrics and multivariate data
analysis method, for all these purposes that we mentioned, we found PCA to be the
ideal choice in our study case. The help of PCA with visualizing high-order
multivariate data was in our opinion of immense informational value for this work.

To conclude, PCA was not used for classification, just as an exploratory
method of analysis to help us visualize the data, decide on pre-processing of data,
and understand the causes of major variations in the spectra, all of which were

achieved.

Today Deep learning models produce high accuracy?
Why deep learning or machine learning models not considered?



Response:

Comment 4:

Response:

This is a good suggestion, and we do consider using deep learning models, however
not for this study. This work was about making the most important decisions on
how we want to proceed, mainly whether we should use the entire Vis-NIR region
and if phenol red should be used or not. For this purpose, we acquired a certain
number of spectra, which we considered large enough to provide us with this
information but insufficient to be used for any deep learning model reliably. The
number of variables in this study is 1044 and the number of spectra (before
averaging the triplicates) is 180. According to the commentary and guidelines by
Foster et al. “the rule of thumb” is to have more than 10 “events” per each attribute
to result in a classifier with reasonable predictive value [1]. The “black box”
character of the machine learning methods makes them prone to false discovery
and finding spurious associations, resulting in an impressive performance but
useless when applied to new data [2]. So, it was very important to us to understand
our data first and make correct choice about the future sample preparation when
we want to obtain large number of spectra. Choice of wavelength region and most
influential variables (absorbance bands related to the chemical information that we
were able to relate to the features of normal and cancer cells) we now consider to
be good candidates for attributes in deep learning models.

We do plan to use machine learning/deep learning models in a future research
because based on this study we concluded that we can focus on the NIR region, we
even have some absorbance bands (7 bands provided in Table 7) identified as of
interest that can be used as attributes without need to use phenol red. Due to
resource constraints, the current study was based on a small sample dataset, but we
think we can now proceed to obtain additional samples for further research.
Although there are strategies for the data augmentation approach that may help in
the case of small datasets [3], we consider the best direction is to obtain more real

samples and follow the conclusions that are currently provided.

Results should be compared with more latest models.

As we explained in one of the previous responses, PCA was used as an exploratory
data analysis tool and the PCA-based method Soft Modelling of Class Analogies
(SIMCA) for classification. Since one more reviewer also asked to provide
information about the accuracy of classification, we revised the previous text in the

original manuscript on PAGEs 29 and 32 to describe the results of classification.



Reviewer #3:

Comment 1:

Response:

The achieved accuracy of classification with SIMCA was 100%, with a confidence
interval of 0.95. We also provided in the revised manuscript Table 6 to show the
actual class membership and predicted membership using the SIMCA model which
clearly shows there were no misclassifications.

We explained earlier that our study at this stage was exploratory and
qualitative to mainly provide the basis for decisions about future research direction.
Especially due to the constraints of the size of our datasets we considered the
comparative study performance with different classifiers would be weak at this
stage. We already performed similar work with the comparison of different
regression models for quantification of the number of cells of the three cell lines,

which is currently under submission.

Introduction part of the study is insufficient. Comparison with other studies
regarding the characteristics of cancer cells in fingerprinting region is missing.
Several recent studies are available where cancer cells are well defined under the
said range of wavelength. Authors may include and discuss the following
references:

Alsamad Fatima et al., Analyst, 2020, 145, 2945, DOI: 10.1039/C9AN02155H
Ghosh et al., Chemometrics and Intelligent Laboratory Systems, Volume 224,
2022, 104548.

Noothalapati et al., Spectrochimica Acta Part A: Molecular and Biomolecular
Spectroscopy, Volume 258, 5 September 2021, 119818

Zhang et al., Vibrational Spectroscopy, Volume 98, September 2018, Pages 82-87.
Ghosh, et al., Analyst, Volume 144, Issue 4, 2019, 1309-1325

Wang, S. et al.,. Sci Rep 11, 23842 (2021). https://doi.org/10.1038/s41598-021-
02687-0

The introduction Section is now improved and studies regarding the characteristics
of cancer cells in fingerprinting regions are included in the revised manuscript as
highlighted on PAGEs 4-6. The relevant references suggested by the reviewer are
cited in the revised manuscript with additions of few other works we found them

important.



Comment 2:

Response:

The novelty of present study in comparison to the available literature is not certain.

A paragraph including the novelty may helpful. It is also not clear about the

rationale of investigating cancer cells with and without phenol red indicator. As

authors have already mentioned that the microscopy study of cell clearly indicate

the morphological alterations, what further information phenol red is providing?

A paragraph is added to the Introduction Section in the revised manuscript as
highlighted on PAGE 8 to show the novelty of the current study.

The rationale for investigating cancer cells cultured with and without phenol
red is the following:

As we showed in this paper, our results indicate that culturing different
types of cells in medium with phenol red, leads to diminished interclass
distance, and decreased the potential for discrimination between the cell types.
On the other hand, this has a benefit of easier quantification by creating general
regression model that can be used for quantification of cells despite of their
type. The quantification results are the topic of another paper that currently
under submission. In addition, in specific cases, some studies preferred
culturing the cells in a non-phenol red medium and others with the presence of
phenol red. The aim of investigating the cells cultured in a medium with and
without phenol red is to show the implication of the phenol red in the culture
medium on cells in the NIR region. We investigated the NIR absorbance spectra
of the cells which are less affected or predisposed to the colour of the medium
due to phenol red (in the Vis region). Further, we showed that both water
content and molecular structure of the cell culture (media and cells included)
are affected by staining. The averaging of the spectra shown in Figure 7(b) for
each cell type, clearly indicates that the average differences in cell type cultures
are more evident in the NIR region, and the same absorbance bands are affected
by the phenol red regardless of the cell type, but with dissimilar spectral
intensities. What is more, seven absorbance bands provided in Table 7 revealed
that these bands are identified as of interest that can be used as attributes in deep
learning machine models and these bands were obtained irrespective of the
presence of phenol red in the cell culture medium.

In summary, owing to our findings, for the problems of discrimination

between cells it is better to not use phenol red, while if the problem is



Comment 3:

Response:

quantification, it is better to use phenol red because it allows creation of one

general quantitative model that can be used regardless of cell type.

Methodology part need a through revision:

a)

b)

d)

a) Spectral acquisition part is not clearly mentioned - Laser wavelength,
power, spot size and duration of exposure etc.

b) Cells are investigated in which form - as cellular smear or in
flask/petridish?

c) Is any pre-processing of spectra performed for removing spectral
inconsistency?

d) Why selecting soft independent modelling of class analogies (SIMCA) and

not any deep learning based method?

The spectral acquisition part is now modified to include the information
requested by the reviewer. The additional information is highlighted in the

revised manuscript on PAGEs 12-13.

The three cell lines were grown in T25 tissue culture flasks and kept in an
incubator at 37 °C in a humidified atmosphere with 5% CO,. The cells were
investigated in a 6-well cell culture plate as mentioned in the Spectral
Acquisition and Results & Discussion Sections. To record the spectra, we
used three wells of the 6-well cell culture plate at each number of the cells for

each cell line.

Each spectrum in Figures 1-3 was smoothed using the Savitzky-Golay
algorithm with 2" order polynomial and a window length of 15 points using
the OriginPro 2021 Software to reduce the noise in the raw data as highlighted
in the Results & Discussion Section in the revised manuscript on PAGE 14
and 15. In multivariate analysis, the PCA analysis was performed without any
pre-processing methods. On the other hand, the spectra were pre-processed
before performing SIMCA as mentioned in the Data Analysis Section as
highlighted on PAGEs 14.

This comment is also raised by Reviewer 2 in Comment 3 as “why deep

learning/machine learning models not considered”. So, to answer this



Comment 4:

Response:

question, we would first like to point out that the current research was
exploratory in nature, aiming to provide us with answers to which wavelength
region (visible or near-infrared) will offer more information about the types
and number of cells and in particular does staining with phenol red is
necessary or not. To answer these questions, we first performed PCA which
is one of the most used exploratory chemometrics methods to observe hidden
patterns in the data and understand the chemical information from the data.
The PCA method provided the answers that it is possible to see the trend in
the increase of the number of cells, the differences between cell types, and
also differences between the stained and non-stained cells. SIMCA, as it is a
supervised classification method and based on the PCA, where separate PCA
models are created for each of the class (cell type) was a natural, most logical
choice as we already realized the separation between cell types in PCA. With
SIMCA, we had 100% accuracy in the classification and the newly Table 6 in
the revised manuscript on PAGE 32 provides information about the models
for each class (number of components and explained variance in %), SIMCA-
predicted class membership, and % of correct and incorrect classification.
We would also like to point out that multivariate analysis methods such
as PCA, SIMCA, PLS-DA, and PCA-LDA are still very much in use for
classification between cancer and healthy cells/tissues and provide a deeper
understanding of the differences at the level of biomolecules. Some of the
examples that the Reviewer pointed out from the recent literature include such

studies [4, 5] among many others [6].

Sensitivity, specificity, accuracy of the studies need to include.

The accuracy is now included in the paper, but since SIMCA results are about the
classification between three cell types, and we did not want to focus here on
diagnostics, i.e., to discriminate between healthy cells and cancer cells, the
sensitivity and specificity are not calculated since they require the test to have only
two classes (healthy and cancer). Technically, it can be said, based on classification
accuracy of 100% as presented in Table 6 in the revised manuscript on PAGE 32,
the sensitivity and specificity are also in this case 100%, but we did not want to

make such claims, since there was only one type of non-cancerous cells and two



types of cancer cells from different tissues. Therefore, it would not be appropriate
to assign general classes healthy and cancer and present our results as if they are

an outcome of a diagnostic test.

Comment 5: A through revision of language and grammatical error is required.
Response: A revision of language is made, and grammatical errors are corrected in the revised

manuscript.

Comment 6: Comparison of functional groups between cancer and normal fibroblast cells is not

reflected in discussion part.

Response: Several studies showed the functional groups that reflected the difference between
normal and cancerous tissues/cells together with characteristics of cancer cells in
fingerprinting region (Comment 1) have been added in the Introduction Section as
highlighted in the revised manuscript on PAGEs 4-6. Furthermore, we have
provided a comparison of functional groups focusing on water bands in the Results
& Discussion Section as highlighted in the revised manuscript on PAGEs 34-35.
This comparison and discussion with studies supporting our findings can explain
the importance of our findings for the increased specificity of cancer diagnosis by

enabling differentiation among tumours using the water bands.
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Highlights

Highlights

e Hela, DU145, and L929 cells were cultured.

e Absorbance spectra were recorded for 50k-275k cells of L929, DU145, and HelLa
cultured in the presence and absence of phenol red.

e PCA achieved clear discrimination between three cell lines with subgroups detected
based on phenol red.

e SIMCA showed a high accuracy of classification, where larger class distances were

obtained between the non-stained cells.
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Cell line Number of viable Concentration of cell Volume of cell Total cell number
cells (cells) suspension (cells/mL) suspension (mL) (cells)
L929 581 2905 000 5 14 525 000
HelLa 436 2 180 000 5 10 900 000
DU145 325 1625 000 5 8 125000
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Cell line Number of viable Concentration of cell Volume of cell Total cell
cells (cells) suspension, (cells/mL) suspension (mL) number (cells)

L929 528 2 640 000 6 15 840 000

HelLa 673 2 019 000 6 20 190 000

DU145 211 1 055 000 5 5275000
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Initial volume of cell Concentration of cell Volume of cell Total number of

suspension (mL), V4 seeding (cells/mL), M,  seeding (mL), V, cells per well
L929  HeLa  DU145 (cells)
60.2 80.3 92.3 25 000 2 50 000
90.4 120.4 138.5 37 500 2 75 000
120.5 160.6 184.6 50 000 2 100 000
150.6 200.7 230.8 62 500 2 125 000
180.7 240.8 276.9 75 000 2 150 000
210.8 281.0 323.1 87 500 2 175 000
241.0 321.1 369.2 100 000 2 200 000
271.1 361.2 4154 112 500 2 225000
301.2 401.4 4615 125 000 2 250 000
3313 4415 507.7 137 500 2 275000
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Initial volume of cell Concentration of cell Volume of cell Total number of

suspension (mL), V3 seeding (cells/mL), M, seeding (mL), V, cells per well
L929 HeLa  DU145 (cells)
56.8 44.6 142.2 25000 2 50 000
85.2 66.9 2133 37500 2 75000
113.6 89.2 284.4 50 000 2 100 000
1420 1114 355.5 62 500 2 125 000
1705 1337 426.5 75 000 2 150 000
198.9  156.0 497.6 87 500 2 175 000
227.3 178.3 568.7 100 000 2 200 000
255.7  200.6 639.8 112 500 2 225000
284.1 222.9 710.9 125000 2 250 000
312.5 245.2 782.0 137 500 2 275000
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Wavelength (nm)  Tentative band assignment Ref.

940-942 Free water molecules, Sp (1410-1413 nm, C5 WAMAC:S) [87]
Water vapour (940 nm) [88-90]
Water vapour (942 nm) [91]

968 Hydration shell OH-(H20)45 (1452 nm, C8 WAMACS) [87]
Hydroxide absorption peak (967 nm) [92]
O-H stretch, 2" overtone of ROH and H,O (970 nm) [11]
O—H stretch, 2" overtone of H,O (960-970 nm) [84]

984 Water molecules with 3 hydrogen bonds, S; (1476 nm, C10 WAMACs)  [87]
N-H stretch, 2" overtone of CONHRn (secondary amides) (981 nm) [84]

995 Water molecules with 4 hydrogen bonds (1492.5 nm, C11 WAMACS) [87]
N-H stretch, 2" overtone (aromatic amines) (995 nm) [84]
N-H stretch, 2" overtone (amines, general) (1000 nm) [84]

1011 Strongly bound water (1516.5 nm, C12 WAMACS) [87]
OH from secondary (1004 nm) and tertiary alcohols (1006 nm) [84]
N-H stretch, 2" overtone (amines, general) (1015 nm) [84]
2nd overtone Superoxide Tetrahydrate O,..(H20)4 (1010 nm) [93]

1022 2x N-H stretch + 2x amide | (protein) (1020 nm)

N—H stretch, 2nd overtone (protein) (1007 nm) [84]
N-H stretch, combination of RNH2 (primary amine) (1020 nm)

Aqueous proton [H*.(H20)s] - H20 in HsO2* symmetric stretch, 2" [94]
overt (1018 nm)

2" overtone intramolecular hydrogen bond stretches in (OH-(H20)4) [95]
(1020 nm)

1028 N-H stretch, 2™ overtone of RNH2 (1030 nm) [84]
Aqueous proton [H*-(H.0)3] - HsO* symmetric stretch, 3" overt (1033 [94]
nm)

1045-48 N-H stretch, 2" overtone of amides (primary, bonded; two bonds)

(~1050 nm)
N-H stretch, combination of CONH (primary amide) (1047 nm) [84]

N-H stretch, 3 overtone of amides (secondary, bonded; one band)

(1000-1067 nm)

H110s* H-bonded OH stretch, 2" overt (1041 nm) [96]
Aqueous proton [H*-(H20)e] - H20 in HsO,* symmetric stretch, 2" overt  [94]
(1055 nm)



https://www.editorialmanager.com/chemolab/download.aspx?id=81043&guid=15fc2102-d9ec-4329-9304-bf4bf19e310b&scheme=1
https://www.editorialmanager.com/chemolab/download.aspx?id=81043&guid=15fc2102-d9ec-4329-9304-bf4bf19e310b&scheme=1

Table Click here to access/download;Table;Table 6.pdf %

PCs Expl_ained Actual Class Cc_)r_rect_ Misclassifications
Va(r(:/il;lce 979 DUL45  Hela class?;/loc)atlon (%)
5 99.93 o L1929 20 0 0 100 0
5+
5 9989 O DuM5 0 20 0 100 0
4 99.86 % HelLa 0 0 20 100 0
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Table Click here to access/download;Table;Table 7.pdf %

Wavelength (nm) Tentative band assignment Ref.
735 Hydrogen-bonded -OH, 3" overt [97]
Water molecules with 3 hydrogen bonds, Ss (1470 nm, C10 [87]

WAMACS)
775 Hydrogen bonded water (770 nm) [98]
N-H stretch, 3 overtone of RNH; (779 nm) [11]
N-H stretch, 3" overtone of amides (secondary, bonded; one [84]

band) (750-800 nm)

805 Maximum absorption peak for ice (800 nm) [91]

905 C-H stretch, 3 overtone of protein (910 nm) [99, 100]
3 overtone of a C-H stretching mode and the 2" overtone of [101]
an N-H stretching mode of protein (906 nm)
Hydration shell OH-(H20)124 (1357.5 nm, C2 WAMACs) [87]

950 O-H stretch (954 nm), 2" overtone of ROH (alcohols) (940- [102]
970 nm)
Water interacting with sugar (950 nm) [103]
Hydration water (1425 nm, C6 WAMACS) [87]
2" overtone of O-H stretching of water interacting with protein [101]

(950-960 nm)

1015 H.,0O deionized; 2" overt (1010.1 nm) [84]
Hydrated proton [H+(H20)e] - H.O symmetric stretch, 2" overt [94]
(1018.1 nm)
2X N-H stretch + 2X amide | (protein) (1020 nm)
N-H stretch, 2" overtone (protein) (1007 nm) [84]
N-H stretch, combination of RNH2 (primary amine) (1020 nm)
Protein (1020 nm) [104]
Strongly bound water (1522.5 nm, C12 WAMACS) [87]
1030 N-H stretch, 2" overtone of RNH, [84]
3 overtone of a C-H stretching mode and the 2" overtone of [101]

an N-H stretching mode of protein (1032 nm)
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Abstract

Presently, mammalian cell lines are the most utilized hosts for the production of
biopharmaceuticals. Optical spectroscopy is extensively used for the physical or physiological
measurements of cellular features to study the diagnosis, prognosis, and treatment of different
cancers. Near-infrared (NIR) spectroscopy and aquaphotomics are ubiquitous techniques
increasingly used for nondestructive assessment. The key objective of this study is to evaluate the
feasibility of absorbance spectra in the NIR region (700-1100 nm) coupled with aquaphotomics
analysis to classify the different cancerous cell lines. Human cervix adenocarcinoma cells (HeLa)
and human prostate carcinoma (DU145) were the cancerous cell lines, while normal mouse skin
fibroblast (L929 cell line) was used as a reference for the assessment. The NIR absorbance spectra
for 50,000 to 275,000 cells of L929, DU145, and HeLa cell lines in culture media prepared with
and without phenol red (PhR) were subjected to principal component analysis (PCA) and soft
independent modeling of class analogies (SIMCA) models. The PCA of the spectral absorbance
data revealed a clear discrimination between the three cell lines, with subgroups detected based on
the presence or absence of PhR in the culture medium. The SIMCA method showed a high

accuracy of classification, where larger class distances were obtained among the non-stained cells.

Keywords: Cancerous Cells; Culture Medium; Phenol Red; Near-infrared Spectroscopy; PCA;
SIMCA,; Water.
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1. Introduction

The prevalence of cancer is persistently rising, resulting in an increased annual global
mortality rate. With over 17 million new cases annually and approximately 10 million deaths,
cancer persists as one of the foremost health complications, globally [1]. Cancer is a complex
disease, typified by reprogrammed signaling, cellular physiological alterations, and uninhibited
cell growth. A characteristic trait of cancer cells is their metabolic reprogramming, which
facilitates fast cellular reproduction, migration, and alteration of their microenvironment,
ultimately leading to metastasis [2]. Surgical biopsy is the gold standard method for cancer
diagnosis and has improved in speed and accuracy. However, the surgical biopsy is painful for
patients and not suitable for early cancer screening. Liquid biopsy is a non-invasive cancer
diagnosis method that detects highly sensitive biomarkers and could be used in early cancer
detection. This technique is less efficient due to the cell loss or other cell contamination and
potential uncertainties in the subsequent immunoassay. X-ray computed tomography (CT)
technology is widely used in recognizing cancer, but it is not suitable for regular screening due to
its toxicity. Magnetic resonance imaging (MRI) is a non-toxic technique, whereas it is expensive
and time-consuming. Fluorescence imaging is a molecular imaging technique that is widely used
in biological sample detection. Other methods such as single-photon emission CT, positron
emission tomography, ultrasound, and endoscopy are also commonly used for the diagnosis of
cancer. However, all imaging techniques are having considerably low sensitivity for the detection
of a small number of cancer cells [3].

In the past 20 years, optical spectroscopy techniques have widely emerged as a non-invasive
substitute for different conventional measurement techniques, and as a tool for medical diagnosis.

The optical techniques are economic, portable with no side effects, and offer good spatio-temporal
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resolution, and real-time functional information. The bulk changes in cell architecture as the tumor
grows can be employed for the diagnosis of cancerous cells under light microscopy, thereby
enabling a definitive diagnosis of the disease. These changes can also be utilized to determine the
stage of cancer growth. Recently, optical spectroscopy has shown its potential non-destructive
capability of identifying distinct spectral attributes that discriminate between tumor and normal
cell. These marker bands provide a basis for the identification and therapeutic screening of several
cancers [4]. The optical spectroscopy technique has been extensively used for detecting various
types of cancer [5-7]. It is strongly believed that vibrational spectroscopy offers excellent potential
to study the chemical structural characteristics of biological samples. Raman, Fourier transform
infrared (FTIR), and NIR spectroscopic techniques collect highly specific information making
them suitable for cell analysis. Raman and FTIR spectroscopy techniques are considered potential
cancer diagnostic tools. These techniques have been well studied for discriminating normal and
cancer states in various biological analytes including cells [8]. Fluorescence imaging and Raman
spectroscopy have been applied for the accurate diagnosis of cancer [9]. In addition, the surface-
enhanced Raman scattering (SERS) technique is generally used to enhance the conventional
Raman scattering signal [10]. In recent years, SERS has been widely used in the diagnosis of
various types of cancer [11-16]. Visible (Vis) and near-infrared (NIR) spectroscopy and imaging
have been widely utilized for detection, diagnosis, and screening of cancerous cells. NIR
spectroscopy has evolved considerably into a versatile technique in medical diagnosis, particularly
for the diagnosis of carcinoma [17]. NIR spectroscopy plays a vital role in cancer detection, early
prediction of responders during therapeutic interventions, and optimizing the treatment approach
[18]. The supposed “optical window” occurs in the NIR part of the spectrum at the wavelength

range of 650-1100 nm, which is suitable for most of the non-invasive measurements of biological
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systems [19]. This overtone region is also referred to as the “NIR window” or “therapeutic
window” for the lower and measurable light absorbance and the richness of information. In
addition, the short-wave NIR region (700-1100 nm) is appropriate for in-line and in-situ field
measurements using fiber-optic probes and relatively low-cost silicon detectors [20, 21].
Vibrational spectroscopy gives valuable information on the chemical composition based on
functional groups detection and spectral analysis of the obtained fingerprints [22] that can be used
to characterize normal and cancerous cells. Several studies revealed NIR region as a spectroscopic
biomarker that has promising applications and a future design of specialized spectroscopic
instrumentation. The NIR spectral changes of mammary gland tissues in the carcinogenic
processes of rats were examined. It was found that intensities of DNA bands (1471 and 1911 nm)
and water bands (967, 1154, 1402, and 1888 nm) were relatively increased while those of the lipid
bands (1209, 1721, and 1764 nm) were reduced in the cancerous site [23]. The content of water in
cancerous and normal prostate was analyzed using NIR spectroscopy (400-2400 nm). The water
absorption peaks at 1444 and 1944 nm observed in prostate tissues which are related to OH
overtone vibrational bands. It was shown that cancerous tissues contained less water than normal
tissues [24]. The application of NIR spectroscopy for the detection of human primary pancreatic
and colorectal cancers showed that major spectral differences were in the CH-stretching first
(6000-5400 cm™1) and second overtone (9000-7900 cm™1) regions [25]. The most significant
differences in NIR spectra from malignant and benign colorectal tissues were observed at the CH-
stretching second overtone region and water’s first overtone of combination bands (1100-1330
nm) with bands associated with glycoproteins, glycolipids, and carbohydrates as at OH and NH
first overtone and CH first overtone combinations (1400-1600 nm and 1300-1420 nm) [26].
Normal and diseased breast tissues were examined by Raman spectroscopy. The spectra of
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diseased breast tissue (benign and malignant) showed markedly diminished to absent contributions
from lipids (at ~1082, 1302, 1444, and 1652 ¢cm~1) and reduced contributions from carotenoids
(at ~1004, 1156, and 152 ¢m™1) with an absence of the peak at ~1358 cm™?! [27]. The FTIR
spectroscopy system analyzed prostate cancer cell lines. The ratio of peak intensities at 1030 and
1080 ¢m™1 used as a diagnostic marker to distinguish between the transformed normal cell and
cell lines derived from various metastatic sites. This peak corresponds to the glycogen/phosphate
ratio and is indicative of the metabolic turnover of the cell [28]. The application of laser trapping
Raman spectroscopy to analyze leukemia cells was investigated. Raman markers associated with
DNA (1093 and 785 cm™1) and protein (1447 and 1126 cm™1) vibrational modes have been found
to exhibit excellent discriminating power for cancer cell identification [29]. Likewise, the Raman
spectra at region 700-1750 cm~! of malignant and bladder cancer cells denoted a superior
concentration of proteins and nucleic acids in the bladder cells as in cancer cells. Proteins and
nucleic acids were more abundant in MGH-U1 than PC-3 cells, while lipids and carbohydrates
were more abundant in PC-3 cells [30]. Normal and four different types of human lung cultured
cancer cells were identified by Raman spectroscopy. Strong bands at 748, 1129, and 1586 cm ™!
were assigned to cytochrome ¢ (cyt-c). The strong appearance of these bands suggested that the
cancer cells were rich in cyt-c relative to phenylalanine, and possibly rich in mitochondrial cyt-c
or mitochondria compared to normal cells [31]. Raman spectroscopic analysis was used to
differentiate between normal breast (MCF-10A) and breast cancer (MCF-7 and MDA-MB-436)
cell lines. The spectra of the cell lines showed spectral information about proteins, lipids, and
nucleic acids. It was shown that the cancer cells presented high lipidic and proteinic information
in 3050-2800 ¢m™~?! and 1800-500 cm ™1 regions [32]. Raman spectroscopy was used to evaluate

the biomolecular cascade events related to the conversion of a normal cell into an invasive breast
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cancer cell. It was observed that the lipid levels were increased for the invasive cells compared
with normal ones in regions 2800-3000 cm ™1 and 700-1800 cm ™1 [33]. The FTIR spectra to study
the development of skin cancer showed that the absorption band at approximately 3062 cm ™! was
increased, indicating that most of the proteins had the configuration of amide B and the B-sheet
protein structure predominated [34]. FTIR-ATR and FT-Raman absorption spectra were used to
study the changes in oral cancer. The peak at 1238 ¢m™! was correlated with nucleic acids
symmetrical stretching, the phosphate wavenumbers were lower compared with that of normal
tissue, and the shifting of 1030 cm ™! was ascribed to -CH,OH vibrations [35]. FTIR spectroscopy
technique was applied to explore the serum characteristics in breast cancer. It was found that the
range of 3090- 3700 cm™! is the criterion for differentiating breast cancer serum samples from
the healthy ones, which can be attributed to protein modifications [36]. With SERS, the normal
and cancerous liver tissue were analyzed in the fingerprint region (500-1800 cm™1). The relative
intensities of the characteristic vibration peaks at 838 cm ™! (amine groups), 1448 cm™? (collagen),
and 1585 cm™1 (protein and hemoglobin) are significantly changed in the cancerous tissues [37].
FTIR and Raman spectra were obtained from oral cancer cells to discriminate between normal,
pre-cancerous, and cancerous conditions. Compared to normal patients, significant differences
were observed at 1550, 1580, 1640, 2370, 2330, 2950-3000 and 3650-3750 cm™~* for FTIR and
520, 640, 785, 827, 850, 935, 1003, 1175, 1311 and 1606 cm ™! for Raman vibrations. The increase
in DNA, protein, and lipid contents with malignancy was more evident [38].

The combination of analytical tools has been proven to be of immense value in a variety of
bio-scientific applications. Spectroscopy can be coupled with chemometrics to offer a rapid and
versatile method for the characterization of raw materials to advance cell culture performance [39].

Presently, artificial intelligence practices are widely applied in the field of computational biology
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and bioinformatics [40, 41]. The absorption of molecules in the NIR region results mostly from
the absorption of overtones and the merging of stretching-bending bands of atomic groups
comprising hydrogen-bearing compounds and complexes that include CH, OH, and NH [42]. The
overlap of signals detected in the NIR range increases the broadness of the peaks, resulting in
composite spectra and hindering the designation of distinct features to specific compounds. The
spectroscopic techniques coupled with multivariate data analysis in mammalian cell culture have
been employed to derive data on several bioprocess variables, that include culture medium
composition (nutrients and metabolites), viable cell concentration, and number of living cells [43-
46].

Biomarkers have shown to be more favorable indicators, and the disparity in their contents
is directly associated with specific diseases including cancer. Biomarkers can be specific cells,
genes, gene products, hormones, or other molecules that are detectable in tissues or body fluids.
However, in the case of early diagnosis, the concentrations of biomarkers are typically very low
and difficult to determine using conventional techniques. Therefore, searching for more distinct
biomarkers or improving the techniques of measurement remains the focus of research in the field
of cancer detection and diagnosis. Given that a disease impairs the body functions at various levels
of system organization, the collective impact of these induced variations in water can be measured
by means of spectroscopic techniques. Aguaphotomics presents the spectral pattern of water
molecular structure as a “molecular mirror” and a novel integrative biomarker [47]. This approach
offers a new framework for elucidating variations in water molecular systems obtainable as a water
spectral pattern [48, 49]. The rationale is to identify and expand the database of water absorption
bands and decipher the distinctive water absorption patterns that can be utilized as biomarkers
[50]. Information on water provides a potential diagnostic tool to improve the determination and
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imaging of tumor cells based on variation in vibrational overtones of H,O molecules in the NIR
region. The molecular structure of H2O is proposed as a novel fingerprint marker to signify changes
in the NIR region for early detection of various types of tumor cells. So far, no studies can be
found in a literature on NIR spectroscopy at short NIR region (700-1100 nm) and aquaphotomics
of cultured cancerous cells.

In cell culture, spectroscopic technologies combined with multivariate data analysis can be
used to obtain information regarding bioprocess variables in NIR spectra [51]. Generally, media
formulations for mammalian cell culture procedures frequently apply phenol red
(phenolsulphonephthalein) as a pH indicator, to visually and qualitatively monitor metabolism [52,
53]. Phenol red (PhR) has been utilized in different colorimetric applications, such as the pH
assessment of freshwater [54], the diagnosis of filarial infection [55], the measurement of H20-
generated by cells in culture [56] and CO> pressure in carbonated liquids [57], and aiding biopsy
procedures to verify Helicobacter pylori-infected areas for patients diagnosed early with gastric
cancer [58]. PhR also has several other biochemical applications [59-63]. The absorption spectra
associated with PhR are differentiated by two absorption bands with two maxima at 438 nm and
559 nm at pH 7.4 [63].

To date, information on cancer cells using optical spectroscopy techniques is not extensively
available, especially for qualitative evaluation of cells. This study aims to explore the interaction
between light in the short NIR region (700-1100 nm) and cultured cancerous cells and identify the
relationship between the absorption spectra and the characteristics of the cancerous cells. The
focus of this research is to examine the accuracy of NIR spectroscopy to detect the concentration
of different types of cultured cancerous cells and the potential to develop a spectral signature as a
cancer biomarker using aquaphotomics. So far, the spectroscopic analysis of cancer cells in the
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NIR region using phenol red dye has not been reported. Direct comparisons of the growth of three
different cell lines were performed in the culture medium in the presence and devoid of phenol
red. The cancerous cells utilized were cervical (HeLa) and prostate (DU145), while the mouse skin
fibroblast (L929) cell line was used as a reference normal cell. The absorbance spectra for 50,000
to 275,000 cells of L929, DU145, and HelLa cell lines were measured. Principal component
analysis (PCA) and soft independent modeling of class analogies (SIMCA) models were used for
exploration and classification analyses. Multivariate analysis of NIR absorption spectra for
mammalian cell cultures using phenol red in culture medium in addition to the spectral analysis of
non-stained cell culture could be an effective and more viable substitute for biomedia
characterization. Besides, aquaphotomics improves the understanding of cancer cell proliferation

from the perspective of water molecular structure.

2. Materials and Methods
2.1 Cell Lines

The normal and carcinoma cell lines utilized in this study were procured from American
Type Culture Collection (ATCC), Manassas, VA, USA. The cell lines include mouse skin
fibroblast (L929), human cervix adenocarcinoma (HeLa), and human prostate carcinoma (DU145).
Growth assays were prepared for all cell types in a serum-supplemented culture medium
(Minimum Essential Medium ‘MEM’ and Dulbecco’s Modified Eagle Medium ‘DMEM”). The
L929 cell was cultivated in the MEM, while HeLa and DU145 cells were cultivated in the DMEM
supplemented with fetal bovine serum ‘FBS’ (10%), sodium pyruvate (1 mM), and penicillin (100
units/mL)/streptomycin (100 pg/mL). All growth assays were performed in MEM and DMEM

with and without phenol red.



The growth assays were prepared from stock cultures harvested using trypan blue dye
treatment. The preparation procedures of the subcultures of the cells are reported in our prior
publications [64, 65]. The cell cultures were maintained at 37 °C in an incubator with 5% of CO
environment. The cultured cells were harvested from T25 tissue culture flasks and suspended in
the culture medium. The cells were subsequently stained with trypan blue dye at a 1:1 ratio.
Afterwards, cell viability test was carried out in parallel using the trypan blue dye exclusion
technique by quantifying the number of viable cells in a hemocytometer. The trypan blue infiltrates
the membrane of non-viable cells, which are then stained blue and can thus be differentiated from
viable cells [66]. The cell concentration and total number of cells were calculated using Egs.1 and
2 and presented in Tables 1 and 2.

C (cells/mL) = (viable counted cells/Q) X Df X Hf (1D
Total cell number (cells) = C XV (2)
where C,Q,Df, Hf and V denote cell concentration, quadrant count (the number of squares is 4 in
the haemocytometer and each square has a dimension of 1x1 mm with a 0.1 mm depth), dilution
factor (which is typically 2), haemocytometer factor with value of 10* (also referred to a correction
factor), and the sum of original volume of cell suspension, respectively. The cell lines were seeded
in a 6-well culture plate with total cell numbers ranging from 50,000 to 275,000 cells per well. The
total volume of culture medium in each well was 2 mL and the number of total cell seeding was
derived using Eg. 3 below:
M.V, = M,V, 3)

where M,,V;, M, and V, represent the concentration of cell suspension, initial volume of cell
suspension, concentration of seeded cells, and volume of seeded cells, respectively. The cells in

the media were appended to the well and then incubated for an entire day. The total number of
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cells per well, M,, V;, and V, are presented in Tables 3 and 4. The microscopic images (100x total
magnification) of the cells were obtained using an inverted microscope (Olympus
modelCKX41SF) in order to decipher the cell morphology and distribution.

Table 1. Number of viable cells, concentration of cell suspension, volume of cell
suspension, and total number of cells for cell lines in culture medium with phenol red.

Cell line  Number of viable  Concentration of cell Volume of cell ~ Total cell number
cells (cells) suspension (cells/mL)  suspension (mL) (cells)
L929 581 2 905 000 5 14 525 000
Hela 436 2180 000 5 10 900 000
DU145 325 1625 000 5 8 125 000

Table 2. Number of viable cells, concentration of cell suspension, volume of cell
suspension, and total number of cells for cell lines in culture medium without phenol red.

Cell line Number of viable  Concentration of cell Volume of cell  Total cell number
cells (cells) suspension, (cells/mL)  suspension (mL) (cells)
L929 528 2 640 000 6 15 840 000
HelLa 673 2019000 6 20 190 000
DU145 211 1 055 000 5 5275000

Table 3. Initial volume of cell suspension, concentration of cell seeding, volume of cell
seeding, and total number of cells per well for L929, HelLa, and DU145 cells cultured in medium
with phenol red.

Initial volume of cell Concentration of cell Volume of cell Total number of

suspension (mL), V; seeding (cells/mL), M, seeding (mL), V, cells per well
L929 HeLa DU145 (cells)
60.2 80.3 92.3 25 000 2 50 000
90.4 120.4 138.5 37 500 2 75000
120.5 160.6 184.6 50 000 2 100 000
150.6 200.7 230.8 62 500 2 125 000
180.7 240.8 276.9 75 000 2 150 000
210.8 281.0 323.1 87 500 2 175 000
241.0 321.1 369.2 100 000 2 200 000
271.1 361.2 415.4 112 500 2 225 000
301.2 4014 461.5 125 000 2 250 000
331.3 4415 507.7 137 500 2 275 000
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Table 4. Initial volume of cell suspension, concentration of cell seeding, volume of cell seeding,
and total number of cells per well for L929, HelLa, and DU145 cells cultured in medium without

phenol red.

Initial volume of cell Concentration of cell Volume of cell Total number of

suspension (mL), V; seeding (cells/mL), M, seeding (mL), V, cells per well
L929  HeLa  DU145 (cells)
56.8 44.6 142.2 25000 2 50 000
85.2 66.9 213.3 37 500 2 75 000
113.6 89.2 284.4 50 000 2 100 000
142.0 111.4 355.5 62 500 2 125 000
170.5 133.7 426.5 75 000 2 150 000
198.9 156.0 497.6 87 500 2 175 000
227.3 178.3 568.7 100 000 2 200 000
255.7 200.6 639.8 112 500 2 225000
284.1 222.9 710.9 125 000 2 250 000
312.5 245.2 782.0 137 500 2 275 000

2.2 Spectra Acquisition

Vis-NIR spectroscopic technigque was used to obtain absorbance spectra of each cell line
cultured in a medium with and without PhR. The spectroscopy instrument used in the experiments
is from Ocean Optics Inc. (Dunedin, Florida, USA). The spectrometer features and spectroscopic
system are similar to those reported in our preceding studies [64, 65]. The measurement of the
spectra of the cultured cell lines was achieved using a custom-prepared chamber. Three wells (34.8
mm diameter and 17.65 mm depth) were used from the 6-well cell culture plate. Both optical fiber
cables (retrieving and illumination fibers) were connected with a collimating lens to ensure parallel
transfer of light rays towards the well and from the sample to the spectrometer. The spot area of
the light measured on the bottom of the well was 38.48 mm?2. The illumination light source was
connected to a tungsten halogen light source, HL-2000, with a range of emission wavelengths

between 360 and 2400 nm and a color temperature of 2800 K. The absorbance measurement was
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calibrated using an empty well. The resultant light from the interaction with the cells in the well
was transmitted through the well and collected using a retrieving fiber. The fiber was connected
to a QE65000 spectrometer with a spectral sensitivity between 350.64 and 1131.24 nm. However,
the entire analysis only utilized the wavelength range between 400 and 1100 nm. The acquisition
parameters for the spectrometer including integration time, scan to average, and boxcar width were
17 ms, 8, and 3, respectively. Triplicate spectra were acquired for each batch to guarantee the
reliability of the measurement and to obtain the average spectrum for multivariate analyses.

Spectra Suite Software (Ocean Optics) was used to acquire and analyze the spectra.

2.3 Data Analysis

Principal Component Analysis (PCA) [67] was used as an exploratory analysis of the Vis-
NIR spectral data. It is a method for reduction of data dimensionality by orthogonal matrix
decomposition. The results of PCA are visualized using scores and loadings plots, where scores
are projections of original spectra in the pattern spaces defined by principal components, while
loadings show the weight coefficients of original variables. The principal components are
orthogonal to each other and define spaces that capture maximum variation in the data. The scores
plots allow easy observation of existing data patterns while loadings help analyze the spectral
features and how they relate to the observed patterns. Soft independent modeling of class analogies
(SIMCA) [68] is a supervised pattern recognition technique used for classification purposes. It is
a PCA-based method, that employs PCA models for each of the previously assigned classes in
data. Classification of spectra is based on a comparison of Mahalanobis distance, which is the
distance between the spectrum and the centroid of each class. The spectra are classified as

belonging to the class if the Mahalanobis distance is less than three standard deviations from the
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class centroid [69]. Before SIMCA analysis, the spectral data were smoothed using Savitzky Golay
2" order polynomial filter (21 points) [70], corrected for baseline effects using standard normal
variate (SNV) transformation [71], and mean-centered [72]. Both PCA and SIMCA analyses were
performed using commercially available multivariate analysis software, Pirouette (version 4.5,

Infometrix, Bothell, WA).

3. Results and Discussion

CO: and lactate are generated via cellular respiration, which can increase the acidity level of
the culture medium in due course, leading to a change in microenvironment of the cells, which is
attributable to the small volume of the growth medium [73]. In addition, a rise in number of cells
and cellular respiration increase the acidity levels of the cell cultures, leading to yellowing in
colour of media formulations containing PhR. The cancer cells require energy metabolism for the
stimulation of mitosis (i.e. cell division) and tumour growth, thus high rates of glycolysis are
manifested, resulting in the generation of high amounts of lactate. This subsequently leads to
increase level of acidity in the microenvironment [74-76] and theoretically explains the relatively
faster change in the PhR colour for the cancer cells medium compared to the normal cell line. The
comparatively higher intensity in the spectra of cancer cells could be due to variations in scattering,
size and thickness of the cancer specimens, which influences the spectral absorbance due to the
different depths of photon penetration [77]. It is evident that the absorbance of the samples in the
NIR region is neither affected nor predisposed to the colour of the medium.

NIR spectroscopy has the benefit of ease and expediency when applied to agueous samples
[78]. The absorbance spectra in the NIR region (700-1050 nm) of the three cell lines with and

without PhR are displayed in Figures 1 to 3. Each spectrum in Figures 1-3 was smoothed using the
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Savitzky-Golay algorithm with 2" order polynomial and a window length of 15 points in order to
reduce the noise presents in the raw data. The absorbance values on the y-axis represent the total
light attenuated through the sample as well as light scatterings. Each spectrum is a result of nine

readings of measurements from three wells of the 6-well culture plates. The measurement of the
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Figure 1. NIR absorbance spectra of L929 cells cultured in medium in: (a) the presence of
phenol red and (b) the absence of phenol red.
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Figure 3. NIR absorbance spectra of HeLa cells cultured in medium in: (a) the presence of
phenol red and (b) the absence of phenol red.

spectrum from each well was repeated three times to ensure the repeatability of the measurement

and eliminate uncertainties due to sampling. Each spectrum in Figures 1 to 3 is the average of the

spectra obtained from three wells of the 6-well plate. Light attenuation apparently increases with
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the number of cells in the well. Furthermore, given that the culture medium is composed of water,
the distinctive absorbance peaks observed at NIR wavelength (= 965-985 nm) denotes the water
absorbance overtones [24]. The absorbance of cancerous cells slightly exceeds that of the normal
cells for each increment in the number of cells. It is imperative to mention that the absorbance
values generated by the spectrometer represent the loss of light due to both absorbance and
scattering phenomena. Therefore, the observed absorbance can occur when light is scattered by a
specific number of cells.

The morphology of cells is used as a basis for differentiating the normal and cancerous cells.
Cancer cells are characterized by morphological variations as compared to normal cells.
Morphologically, the cancerous cell is differentiated by several features that include a large
nucleus, asymmetrical size and shape, prominent nucleoli, scarce cytoplasm and intense or pale
colors [79]. The morphology of the cells was assessed prior to the spectroscopic measurements to
guarantee the integral state of the cells without any biological impairment. The cells were
microscopically examined to check for abnormal components and aberrations. The color of the
cells was then inspected using PhR indicator. Microbial contamination is indicated by color
alteration of PhR from plain red to cloudy pink. The morphologies of L929, HeLa, and DU145
cells prepared in culture media with PhR are displayed in Figure 4. The images were obtained
using an inverted microscope with 100x total magnification and 0.25 numerical aperture of the
10x objective lens. The obviously higher scattering of cancerous cells compared to normal cells is
attributed to their larger nucleus, variable sizes, and diverse shapes. The dimension and size of the
nuclei as well as the change of the refractive index of cells have a specific effect on the light
scattering of the entire cell [80]. In addition, the mitochondria and other small organelles in the
cell also contribute to the light scattering [80]. The size of HeLa cells is larger than those of DU145
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I

Figure 4. Morphology of (a) L929, (b) DU145, and (c) HeLa cell lines with 100x magnification
of an inverted microscope.
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and L929 cells, which plausibly explains their higher light scattering [64]. Additionally, increasing
the number of cells enhances the probability of light scattering back into the detector, which results
in an increase in the measured absorbance of the samples [81]. As observed in the images, the size
of HeLa and DU145 cancerous cells is larger than those of L929 cells. The L929 cells are round
and oval shaped with a standard size, while HeLa and DU145 have diverse sizes and shapes that
are easily discernible at a low number of cells. It was shown that the proliferation or growth of the
cancerous cells was slower than normal cells with DU145 cells being the slowest. In addition, it
was observed that cell morphology changes as the number of cells increases.

The spectral changes are reflected by shift and broadening/narrowing of distinct water
absorption peak that emerge in the NIR region at 975 nm. As observed in Figures 1-3, the
characteristic peak of water (= 965-985 nm) for cancerous cells is broader compared to normal
cells. This peak is attributed to the blend of the second harmonic of O-H symmetric stretch
vibration and the intrinsic anti-symmetric stretch vibration from hydrogen bound O-H. In addition,
the attributes of this peak are sensitive indicators of the microenvironment of H.O molecules [82].
The specificity and precision of the shape and position of NIR peak are highly responsive to the
molecular character of H>O [83]. It is well-known that the fraction of adsorbed or bound H>O
measured using optical techniques can relay the molecular vibrational states of H2O that are related
to macro molecular complexes in tissues [84], and may provide further understanding as regards
tissue pathophysiology. As a result of the increased volume of H-O that bind to macromolecules
such as proteins, the characteristic absorption peak of H>O at 970 nm is subjected to both shifting
and broadening. The spectral characteristics of H>O absorption are dependent on the binding state
of H20. As the volume of hydrogen-bound H20 molecules decreases, the intensity of water
absorption peak increases, the bandwidth becomes narrower, and the peak is shifted to higher
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energy (blue-shift). These changes are due to imbalance in the symmetry between hydrogen-bound
and free H>O molecules. Hydrogen bonding between H>O and macromolecules such as proteins
initiates additional spectral broadening and red shifting of the 970 nm water peak [83]. Also, the
symmetry of the band increases as the number of cells increases, with a shift in the maximum
absorption (Figures 1 to 3), which is possibly due to the increased number of free O-H. This
explains the eventual increase in absorbance [85] as the number of cells increases.

The spectra in the range of 400 to 1100 nm were investigated using PCA analysis, with the
edges of the spectra trimmed to prevent noise. The samples were designated with “Y” and “N”,
for instance, L929 Y-1 and L929 N-1 denote the L929 cells with and without PhR for 50,000 cells,
while the samples labelled as L929 Y-1 to L929 Y-10 signify the L929 cells for 50,000 to 275,000
cells. Results of PCA analysis of the spectra for L929, HelLa, and DU145 cell lines are shown in
Figure 5. The PCA scores plots reveal the hidden structures in spectral data. The first five principal
components (PC1 to PC5) explained over 99.99% of the variance in data and their loadings are
illustrated in Figure 6. The first principal component (PC1) indicating the highest variance
(88.69%) is related to the overall number of cells, where the scores move in the direction of the
PC1 axis toward the positive part as the number of cells increases (Figure 5(a)). In the same space,
three distinct groups are observable along the PC2 axis. In addition, Figure 5(a) shows the PC1
versus PC2 scores plot which reveals separation along the PC2 axis between the cells stained with
PhR (located in the negative part of the PC2 axis) and non-stained cells (located in the positive
part of PC2 axis). In the cluster of scores corresponding to PhR stained cells, another separation
along the PC2 axis can be observed between cancer and normal cells. It can be seen that the scores
of cancer cells are located close to zero, while scores of normal cells are further below the negative

part of PC2. This kind of sub-separation is lacking in the scores of non-stained cells. Figure 5(b)
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presents PC4 versus PC5 scores plot which further reveals the separation of scores between PhR
stained and non-stained cancer cells along the PC5 axis. PhR stained HelLa cells scores are located
in the positive part of PC5 and negative part of PC4, while scores of HeLa cells without PhR are
located entirely in the negative part of PC5. Similarly, both scores of PhR stained DU145 and PhR
non-stained DU145 located in the positive part of PC4 and PC5 axes, show some separation along
the PC5 axis. The scores of the control cells L929 form one group located mostly in the positive
part of the PC4 axis, without distinction between the scores belonging to stained and non-stained
classes.

The loadings of the first two principal components are shown in Figures 6(a) and (b). The
predominant peak for both loadings is located at 558 nm, which denotes the basic form
(deprotonated base form) of phenol red [86, 87]. The peak is positive in PC1, indicating that the
absorbance at this wavelength increases concomitantly with an increase in the number of cells,
which conforms to the observed trend of scores towards the positive part of the PC1 axis. Besides
the colour peak, it is discernible in the NIR part of the spectra that the shape of the PCL1 is similar
to the baseline of the spectra, with the graph being dominated by an offset and slope. This is
consistent with the preliminary findings presented in Figures 1 to 3, where the number of cells is
directly associated with light scattering and its effects on the baseline. It can be deduced that the
interpretation of this factor is dependent on the number, shape, and size of the cells. Nonetheless,
regardless of the principal features in the PC1 being derived from the physical attributes of the
cells, numerous small spectral features can also be observed. These spectral features can be
attributed to the absorbance bands of H2O rather than noise.

As aforementioned, the cells and cell medium are enriched with H>O, which is a strong

absorber of NIR light. Specifically, the broad bands observed at approximately 740 nm, 850 nm,
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and 970 nm can be assigned to the third overtone of OH stretching vibration (3v;+ v3), the second
overtone of the combination of stretching and bending vibration (2v;+ v, + v3), and the second
overtone of OH stretching vibration (2v;+ v3) [88-91]. The slight variations in absorbances of the
peaks (Figure 6) seem to be small compared to the peak intensity in the visible region, although
this is simply as a result of the disparity in the source of the peaks, i.e., electronic and vibrational
transitions. The emergence of numerous peaks confirms the complex nature of the molecular
structure of H2O in the cells and cell cultures which becomes altered in the course of cell
proliferation. Likewise, PC2 is dominated by the peak denoting PhR at 558 nm, which is negative,
while the NIR part shows only baseline offset resulting from light scattering. The features of this
component can elucidate the characteristics of the three distinct groups observed at Figure 6(a). It
is evident that the scores positioned in the positive part of PC2 axis are related to non-stained cell
cultures (without PhR), which for all three cells lines, form a compact, well-defined cluster. The
scores matching the PhR stained cell cultures are present in the negative part of the PC2 axis (as
indicated by the negative peak at 558 nm in PC2). Remarkably, two subgroups can be observed
within relatively large cluster, corresponding to the cell types, where the scores of the normal cell
line are located in the lowest portion of the negative part of PC2 axis. An overview of the scores
plots in Figure 5(a) and PC2 in Figure 6(b) shows that this component differentiated PhR stained
and non-stained cultures. This differentiation is based on the peak denoting PhR in the visible
region, while in the NIR part, the difference is indicated in both the baseline offset between PhR
stained and non-stained groups (with higher offset for the non-stained cultures) and in the
magnified part of Figure 6(b) in the several absorbance bands of water, particularly the area of the
2" overtone of water (~ 970 nm). It can be inferred that both water content and molecular structure
of the cell cultures (media and cells included) are affected by staining. PhR staining of the cells
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changes the molecular structure of water differently for the cancer cells and normal cells. Thus, it
is imperative to further elucidate the relationship between pH and the molecular structure of water
in cancer and normal cells. The PC4 and PC5 loadings are presented in Figure 6(d) and (e),
respectively. The loadings show an increased variety of spectral features, with lots of distinct
peaks, particularly the PC5 in the NIR region. The region of 800-910 nm is complex to interpret
because of the several overlapping bands denoting diverse functional groups. A number of the
bands observed in the loadings are recognized water absorbance bands and consistent with the
ones aforementioned in the analysis.

PCA determined the natural clusters in the spectra based on the cell types and PhR staining.
For additional examination of these differences, SIMCA discrimination analysis was performed to
differentiate the cell lines according to PhR treatment and cell type. The raw spectra of the cell
lines were pre-processed in order to improve the discrimination analysis using SIMCA. The pre-
processing methods were Savitzky-Golay with 2" order polynomial filter and 21 data points to
remove noise, standard normal variate (SNV) transformation to remove baseline effects and mean-
centering. Figure 7(a) depicts the pre-processed spectra of the three cell lines, coloured based on
the status of PhR treatment regardless of cell type. In this figure, the spectra represent the relation
between wavelength and absorbance at the number of cells from 50,000 to 275,000 for each cell
line cultured in the medium with and without PhR. As can be seen in Figure 7(a), there is a
distinctive difference between the spectra of the cell lines with and without PhR at the absorbance
band located at 556 nm (corresponding to the absorption of the basic form of PhR) and in the
spectral region located around 970 nm (corresponding to 2" overtone of water) where several
distinctive bands could be observed. In Figure 7(a), the band of H>O has equivalent implications

for the differentiation between the normal and cancerous cells in the presence and absence of PhR
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27



compared to the peak of PhR at 556 nm. Figure 7(b) displays the averaged spectra for each cell
line presented in Figure 7(a) in case of the presence and absence of PhR which means each cell
line has two averaged spectra one of them in the presence of phenol red (solid line) and the other
one in the absence of phenol red (dashed line). Evidently, there is a common absorbance band in
the region of the 2" overtone of water, irrespectively of the presence or absence of PhR, suggesting
that the main spectral features characteristic for each cell line are inherent in this spectral region
(NIR region) and do not depend on PhR. It is interesting that the variations of the spectra decrease
with adding PhR, which is consistent with the fact that PhR is a perturber for the water molecular
system which unifies the samples along its influence leaving only the differences depending on
the type of the samples.

The PhR treatment appears to lead to inhibited dissimilarities between the spectra of
individual samples and thus the cell types. The presence of more inter-class spectral variations is
observable in the samples prepared in the absence of PhR, particularly in the region around 985
nm. The variations also exist in the visible region, around 434 nm and 558 nm, which can be
credited to the acid (yellow) and basic (red) forms of PhR [86], respectively. Thus, it can be
deduced that PhR influences the molecular structure of H>O in the samples, either through
interfacing with the medium, cells, or both. The averaging of the spectra shown in Figure 7(b) for
each cell type, clearly indicates that the average differences in cell type cultures is more evident in
the NIR region, and same absorbance bands are affected by the PhR regardless of the cell type, but
with dissimilar spectral intensities. These bands are positioned at 940-942 nm, 968 nm, 984 nm,
995 nm, 1011 nm, 1022 nm, 1028 nm, and 1045-1048 nm (Table 5). The band positions, being in
the second overtone of H2O, when recalculated to the 1% overtone, generate the following bands:

1410-1413 nm, 1452 nm, 1476 nm, 1492.5 nm, 1516.5 nm, 1533 nm, 1542 nm, and 1567.5-1572
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nm. The first five bands are assigned to the well-defined H>O matrix coordinates of
aquaphotomics. C5, C8, C9, C10, C11, and C12 are assigned to free molecules So, H>O hydration
shell, H2O molecules with two hydrogen bonds, H.O molecules with three hydrogen bonds S,
H20O molecules with four hydrogen bonds S4, and strongly bound water [92], respectively.

Table 5 shows that the assignment of bands in the region of 995-1030 nm is a difficult
procedure because of the complex features of the NIR spectra of both proteins and H-O.
Nonetheless, since the bands in this case are associated with the differences between PhR stained
and non-stained cultures, it is rational to assume the assignment of these bands to H>O involved
with proton hydration (also referred to as aqueous protons, which are different H2O clusters with
dissimilar number of H.O molecules related to hydration). The fact that diverse spectra also exhibit
distinct bands of protonated and deprotonated forms of PhR in the Vis region confirms that bands
discernible in NIR region explain the same phenomenon i.e., also act as an optical pH indicator of
the changes in hydrogen ions (H*) or hydronium ions (HzO").

The results of SIMCA discriminating analysis (5% significance) performed on the pre-
processed spectra in Figure 7(a) are presented in Figure 8. Cooman’s plot shown in Figure 8(a)
reveals the results of SIMCA discrimination of the spectra of L929, DU145, and HelLa with and
without PhR staining. Ellipses drawn on this graph are for presentation purposes emphasizing the
complete separation between different cell types in the multivariate space. The yellow ellipse
includes the scores of the three cell lines with the different numbers of cells (from 50,000 to
275,000) and cultured in the medium including phenol red dye. This ellipse showed that the use
of PhR during culture decreases the interclass distance. The achieved accuracy of classification
with SIMCA was 100%, with a confidence interval of 0.95. Table 6 exhibits the number of
components (PCs), explained variance (%), and the actual class membership and predicted
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Table 5. Tentative assignments of the absorbance bands found to be important for
discrimination between the cell cultures with and without phenol red in 2" overtone of water,
and the corresponding bands in the 1% overtone region, where first five of them belong to well-
established aquaphotomics 12 Water Matrix Coordinates ‘WAMACs’ (C1-C12) [92], together
with the alternative possible assignments.

Wavelength (nm) Tentative band assignment Ref.

940-942 Free water molecules, S (1410-1413 nm, C5 WAMACS) [92]
Water vapour (940 nm) [93-95]

Water vapour (942 nm) [96]

968 Hydration shell OH-(H20)4;5 (1452 nm, C8 WAMACS) [92]

Hydroxide absorption peak (967 nm) [97]

O-H stretch, 2™ overtone of ROH and H.0 (970 nm) [42]

O-H stretch, 2™ overtone of H,O (960-970 nm) [89]

984 Water molecules with 3 hydrogen bonds, S; (1476 nm, C10 WAMACs)  [92]

N-H stretch, 2" overtone of CONHRn (secondary amides) (981 nm) [89]

995 Water molecules with 4 hydrogen bonds (1492.5 nm, C11 WAMACS) [92]

N-H stretch, 2" overtone (aromatic amines) (995 nm) [89]

N-H stretch, 2" overtone (amines, general) (1000 nm) [89]

1011 Strongly bound water (1516.5 nm, C12 WAMACs) [92]

OH from secondary (1004 nm) and tertiary alcohols (1006 nm) [89]

N-H stretch, 2" overtone (amines, general) (1015 nm) [89]

2nd overtone Superoxide Tetrahydrate O,..(H20)4 (1010 nm) [98]

1022 2x N—H stretch + 2x amide | (protein) (1020 nm)
N-H stretch, 2nd overtone (protein) (1007 nm) [89]

N-H stretch, combination of RNH2 (primary amine) (1020 nm)
Aqueous proton [H*.(H20)s] - H20 in HsO,* symmetric stretch, 2" overt [99]

(1018 nm)
2" overtone intramolecular hydrogen bond stretches in (OH-(H20)4) [100]
(1020 nm)

1028 N-H stretch, 2™ overtone of RNH2 (1030 nm) [89]
Aqueous proton [H*-(H20)3] - HsO* symmetric stretch, 3" overt (1033 [99]
nm)

1045-48 N-H stretch, 2" overtone of amides (primary, bonded; two bonds)
(~1050 nm)
N-H stretch, combination of CONH (primary amide) (1047 nm) [89]

N-H stretch, 3" overtone of amides (secondary, bonded; one band)
(1000-1067 nm)

H110s* H-bonded OH stretch, 2™ overt (1041 nm) [101]
Aqueous proton [H*-(H20)s] - H20 in HsO,* symmetric stretch, 2™ overt  [99]
(1055 nm)
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Figure 8. SIMCA classification analysis: (a) Cooman’s plot and (b) discriminating power
between L929, DU145, and HeLa cell lines.
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Table 6. SIMCA classification results for L929, DU145, and HelLa cell lines.

PCs Exp!ained Actual Class Cc_)r_rect_ Misclassifications
vaz:;;r)]ce 7979 DULZE  Hela class?;/loc)atlon (%)
5 99.93 2 L929 20 0 0 100 0
5 99.89 g DU145 0 20 0 100 0
4 99.86 % HeLa 0 0 20 100 0

membership using the SIMCA model which clearly reveals no misclassifications. Mahalanobis
distances (interclass distance) of 4.07, 6.93, and 5.32 were obtained between HelLa and DU145,
HeLaand L929, and DU145 and L9209, respectively. The interclass distances were > 3.0, indicating
that the separation is reliable. As observed in Cooman’s plot, the PhR stained cells are positioned
closer together (smaller Mahalanobis distance) than the non- stained cells, which further confirms
the importance of preserving the cells in their initial state for effective discrimination. Figure 8(b)
displays the discriminating power of the SIMCA model that indicates the absorbance bands with
the highest influence for successful discrimination between cell types. The discrimination power
shows that the absorbance bands with the highest contribution in the model are located in the NIR
region, and they include 735 nm, 775 nm, 805 nm, 905 nm, 950 nm, 1015 nm, and 1030 nm. In
the visible region, the bands at 435 nm and 565 nm are assigned to the highest power. The
assignments of the absorbance bands are presented in Table 7. These bands may be attributed to
hydrogen-bonded H>O and H-O interfacing with carbohydrates or proteins, or these compounds
directly. Six of these bands can be related to hydrogen-bonded H.O, which further confirms the
significance of using the molecular structure of H20 to distinguish between the three cell types.

Nevertheless, as reported in prior research, the extracellular metabolites are main contributors to
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Table 7. Tentative assignments of the absorbance bands found in discriminating power of
SIMCA model developed for discrimination between different cell types. The assignments were
provided for the bands found directly in 2nd and 3rd overtones of water, or recalculated to 1st
overtone WAMACS bands, together with the alternative possible assignments.

Wavelength (nm) Tentative band assignment Ref.

735 Hydrogen-bonded -OH, 3" overt [102]
Water molecules with 3 hydrogen bonds, S; (1470 nm, C10 [92]
WAMACS)

775 Hydrogen bonded water (770 nm) [103]
N-H stretch, 3 overtone of RNH; (779 nm) [42]
N-H stretch, 3™ overtone of amides (secondary, bonded; one [89]
band) (750-800 nm)

805 Maximum absorption peak for ice (800 nm) [96]

905 C-H stretch, 3" overtone of protein (910 nm) [104, 105]
3 overtone of a C-H stretching mode and the 2" overtone of an  [106]
N-H stretching mode of protein (906 nm)
Hydration shell OH-(H20)124 (1357.5 nm, C2 WAMACs) [92]

950 O-H stretch (954 nm), 2™ overtone of ROH (alcohols) (940-970  [107]
nm)
Water interacting with sugar (950 nm) [108]
Hydration water (1425 nm, C6 WAMACYS) [92]
2" overtone of O-H stretching of water interacting with protein [106]
(950-960 nm)

1015 H.O deionized; 2" overt (1010.1 nm) [89]
Hydrated proton [H+(H20)s] - H.O symmetric stretch, 2" overt  [99]
(1018.1 nm)
2X N-H stretch + 2X amide | (protein) (1020 nm)
N-H stretch, 2" overtone (protein) (1007 nm) [89]
N-H stretch, combination of RNH2 (primary amine) (1020 nm)
Protein (1020 nm) [109]
Strongly bound water (1522.5 nm, C12 WAMACS) [92]

1030 N-H stretch, 2™ overtone of RNH, [89]
3" overtone of a C-H stretching mode and the 2" overtone of an  [106]

N-H stretching mode of protein (1032 nm)

the features of the NIR spectral signal [110], which implies that the differentiation of cell types is

not based on the physical attributes of cells (whose effect is drastically reduced by pre-processing)
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but according to the metabolites which are specific for each cell type because of their metabolic
variations. The metabolites in turn affect the hydrogen bond complex of extra- and intracellular
water leading to the characteristic spectral signature in the NIR region. Employment of vibrational
spectroscopy for a variety of cancer types has been reported marker bands related to water,
proteins, lipids, amino acids, carbohydrates, and their combination that are useful for cancer
diagnosis. The main absorbers of NIR light in blood-perfused tissues are oxyhemoglobin,
deoxyhemoglobin, and water [111], while in the cell culture, the major absorbers are various water
molecular species and other components are presented in considerably less quantities. On the other
hand, there are numerous reports on the diagnosis of other diseases that showed the diagnostic
value of water absorbance bands [25, 38, 112-121]. In some reports, there is a possibility that the
discovered bands are also assigned as the water vibrational bands. For example, the bands 1471
nm and 1911 nm that are attributed to DNA of rat mammary gland tumor [23], whereas there is a
very likely possibility these bands originate from water [92, 119].

In our findings, seven absorbance bands were found to be most influential for discrimination
between the L929, DU145, and HeLa cell lines. Five of these bands can be attributed to water,
specifically to hydrogen-bonded water with different numbers of hydrogen bonds or strength, and
to the water interacting with either sugar or proteins. A study performed by Ali et al. [24] suggested
water bands can be used for the diagnosis of human prostate cancer. It was reported that the 1%
overtone of water located around 1450 nm, and other water overtone modes provided key
spectroscopic fingerprints for cancer in prostate tissue, citing as the most probable reason the
higher-order phases of water and their interaction with cellular or other macromolecules in prostate
tissues. Gosh et al. [38] used FTIR spectroscopy of exfoliated cells that revealed five distinctive
spectral features attributable to hydrogen-bonded water (3 peaks at 3500-3700, 3700-3800, and
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3800-4000 cm™1) and non-hydrogen bonded OH stretch of water (2 peaks at 3300-3400 and 3400-
3500 cm™1) that showed changes in intensity in patients with oral cancer compared to healthy
volunteers. Their findings are in a good agreement with current work, where within 3 and 2™
overtone of water, water absorbance bands attributed to different phases of water and water
interacting with other macromolecules were found.

It can be deduced that the water molecular structure plays a significant role in differentiating
between cancer and healthy cells which is revealed from the current study where the cells of
cancers from different organs showed spectral differences. To the authors’ knowledge, there is a
study using NIRS that showed spectral changes between different cancers (colorectal and
pancreatic cancer) [25]. On the other hand, there are studies on aquaphotomics showing an
excellent possibility of differentiating the cell types in the case of bacteria [122-124], different
types of animal tissues [125], and even normal and abnormal cell development [90]. This study
reported for the first time the differences between normal fibroblast cells and two types of cancer
— prostate and cervical cells, which demonstrated the discrimination between the cell types is
mostly based on the water molecular structure in the NIR short region. This is a very important
aspect of cancer research, that can help increase the specificity of cancer diagnosis by enabling
differentiation among tumors [25]. Nonetheless, additional research is needed to precisely assign
bands to functional groups and relate them to the cell type metabolism and accurately deduce the
basis for cell differentiation. An appealing feature of the current findings is that the observed bands
are crucial for the discrimination of cells, and relevant for a variety of diagnostic purposes in other
biological systems, such as the level of tissues. This offers a basis for advanced studies that explore
the application of aquaphotomics NIR spectroscopy to investigate early detection of cancer using
cells, tissues, or body fluids.
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4. Conclusion

This work presents the application of NIR absorbance spectroscopy and aquaphotomics to
classify cultured cancerous cells including HeLa and DU145 cells. The results show that the
combined application of absorption spectra and principal component analysis (PCA) improves the
selectivity for the precise classification of cancer cells. The PCA achieved a clear differentiation
between the three types of cell lines, with subgroups detected based on the presence or absence of
the phenol red (PhR) in the culture. SIMCA method achieved a high accuracy of classification,
where larger class distances were obtained between the non-stained cells compared to stained cells.
Aquaphotomics enhanced the assignment of cancer cell proliferation from the perspective of water
molecular structure. The absorbance bands that successfully aided the cancer cell discrimination
include a range of H.O molecular species-protons (vapor) and strongly bonded H20, as well as
CH and NH bands of proteins. Future studies can further explore the roles of these bands in
differentiating between normal and cancer cell types.

This study is a novel approach to the advancement of an online noninvasive spectroscopic
system capable of monitoring ideal growth conditions and maximizing cellular productivity. In
addition, the integrative spectroscopic biomarker results in a future design of specialized
spectroscopic instrumentation for cancer diagnosis. Furthermore, this work unlocks possibilities
for at-line sensor development for discriminating mammalian cells using PhR in a culture medium.
It also offers certain insights into the influence of PhR on cell dynamics and expands the
application of the NIR spectral region to distinguishing between cell types.

Data Availability
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