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Abstract

This study aims to evaluate the ability of absorbance spectra in the near-infrared (NIR)
region to predict the number of cells for different cell lines. The cancerous cell lines were human
cervix adenocarcinoma (HeLa) and human prostate carcinoma (DU145), and L929 was a normal
mouse skin fibroblast. The number of cells varied from 50,000 to 275,000 with an interval of
25,000 for each cell line. Vis-NIR absorbance spectra (400-1100 nm) at each number of cells
(50,000-275,000) for L929, DU145, and HeL a cell lines cultured in media with and without phenol
red were recorded. Multiple linear regression (MLR) and partial least squares regression (PLSR)
models were developed in the NIR region (680-1050 nm) to quantify the number of cells for the
three cell lines. The outcomes showed that the quantification analysis of the number of cells using
MLR and PLSR models produced high prediction accuracy with R? > 93%. The best results were
obtained using PLSR for the preprocessed spectra using an orthogonal signal correction method.
It was found that the presence of phenol red in the culture medium improved the prediction
accuracy in the case of HeLa (SECV = 271 cells) and DU145 (SECV = 250 cells) cell lines, but
the accuracy was higher when phenol red was not present for the L929 cell line (SECV = 24 cells).
In addition, the existence of phenol red boosted the accuracy when the global PLSR model was
built, irrespective of the cell type (SECV = 7,754 cells). The effect of phenol red was explained in
the terms of its impact on the water molecular structure of the cells’ culture medium which
influences the light scattering.

Keywords: Cancerous Cells; Phenol Red; Near-infrared Spectroscopy; Quantification; MLR;
PLSR.
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1. Introduction

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 enabling metastasis [1]. Early detection and early-stage surgical and
chemotherapeutic interventions and therapies help inhibit cancer growth. Nonetheless, cancer
becomes untreatable or terminal when it metastasizes. The gradual growth of a tumor allows for
the early detection of a malignancy (or pre-malignancy) which lowers the prevalence of late-stage
cancer [2]. The early detection of tumors is crucial for effective cancer treatment and for
elucidating tumorigenesis. Expanding the range of recognized reliable biomarkers may aid the
discrimination of benign cancers from malignant ones by clinicians, thus decreasing the incidence
of needless biopsies, and enhancing the effectiveness of cancer treatments.

The recent advancement in point-of-care diagnostics and precision medicine has prompted
the demand for inexpensive and accurate cell counting technologies [3]. The proliferation of tumor
cells is determined primarily by three key parameters: the progression period for reproducing cells,
a part of proliferating cells, and the quantity of unprompted cell damage [4]. Growth rates of solid
tumors can be determined without difficulty along the linear portion of the Gompertzian growth
curve. Visible and detectable tumors typically hold between 106 to 10° cells [5, 6]. The current
detection threshold for solid tumors proliferating as a single mass is in the region of 10° cells
(1 g = 1 cm?®) [5]. Numerous cases of different solid tumors have shown linearity of growth on a
logarithmic scale throughout the early detection stage.

Globally, treatment centers and hospitals extensively utilize cell counting techniques for the

determination of a patient’s health [3]. Clinically, a tumor with a volume of 1 cm3 (= 10° cells)
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is considered rather small, and at this size, the tumor may induce the initial symptoms and can be
perceptible on palpation, or with the use of laboratory diagnostic examinations. The most frequent
error is to consider a small tumor as an “‘early’” tumor. At the stage when it becomes detectable,
a malignant tumor has existed for a minimum of half of its lifespan [4]. The significance of early
tumor detection for the diagnosis of the patient has been overly estimated since tumors cannot be
clinically detected early. Cancer may have spread long before the primary tumor can be diagnosed.
The precise determination of the number of cells in culture is crucial for experimental
reproducibility and standardization [7]. Cell counts are vital for the evaluation of cell health and
proliferation rate, assessment of immortalization or alteration, seeding cells for successive
experiments, transfection or infection, and preparation for cell-based assays. The cell counts must
be precise, reliable, and rapid, especially for the quantitative determination of cellular responses
[8]. There is also an immense need for the precise quantification of biomarkers for cancers [9],
particularly at the early recognition of a miniature volume of tumors [10].

Quantitative techniques are advantageous due to the insight they offer into understanding the
biology/physiology of tumor cells beyond diagnosis. The method that is most commonly used for
direct cell counting is trypan blue staining using a hemacytometer. This approach allows counting
the number of cells manually under a microscope. However, the hemacytometer-based cell
enumeration can be very biased, subject to errors due to device misuse, tiresome, and time-
consuming. Coulter counter (automated counter) was the first electronic cell counter which was
widely accepted as an alternative to manual counting. Automated cell counters based on the
Coulter counter principle, optical flow cytometry, and image-based cytometry have been
established and commercially available. These devices can detect cells using integrated software
to describe cells in terms of their fluorescent intensity and size in a few seconds. It was reported a
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high precision and accuracy were obtained in the case of using the optical flow cytometer in
comparison to manual and Coulter counting methods [11]. Currently, in research laboratories,
images of cells obtained using microscopy are also commonly examined and quantified using
open-source software [12]. Cell profiler, Imagel, and other such open-source software are
routinely employed by cell biologists for cell enumeration from images [13-15]. This can be
achieved by performing object identification through segmentation, thresholding, recognition, and
division of clumped cells and other processing steps. At present, most of the microfluidics-based
cell enumerating systems available in the market utilize a microfluidic chip or cartridge combined
with a traditional cytometry system [16]. Such designs offer ease and flexibility since they include
a fluidics system with microchannels for sample flow. However, the microfluidic devices still need
more improvement in sample preparation and detection techniques within a lab-on-a-chip
microfluidic platform [3]. Therefore, there is increasing demand for an objective cell quantification
technique that produces an accurate and reliable number of cells.

The quantification of predictive biomarkers for cancer is significant, particularly at the early
stage of cancer when the number of cells is small. In addition, the quantification of cells is
essentially significant in both fields of pathology and clinical studies [17] and is considered a vital
approach to elucidating the cellular composition, growth, development of diseases, and aging.
Recently, the optical spectroscopy technique has unveiled its potential undamaging capability to
exhibit distinct spectral attributes that discriminate between tumors and normal cells. The
spectroscopy techniques are rapid, simple to use, environmental-friendly, cost-effective, and non-
destructive. Thus far, spectroscopy techniques have been extensively utilized for the diagnosis of
a range of cancer types such as lung, oral, leukemia, breast, and prostate cancer [18-24]. However,
there is inadequate data on the optical spectroscopy properties of cancer cells, particularly for the
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guantitative assessment [25]. The potential to attain quantitative characteristics of cells directly
from the living system in situ is important. There is a need to comprehensively characterize and
establish spectroscopy signatures of cancer at the cell level to better understand the spectral
responses. So far, information on cancer cells using the NIR spectroscopy technique is not
extensively available, especially for the quantitative assessment of the cultured cells. The supposed
“optical window” that occurs in the NIR region 650-1100 nm is appropriate for most of the non-
invasive measurements of biological systems [26]. This region is also referred to as the
“therapeutic window” for the lower and determinate light absorbance and the abundance of
information.

The combination of analytical tools has been proven to be of immense value in a variety of
bio-scientific applications. Spectroscopy coupled with chemometrics can offer a rapid method for
improving the performance of the cell culture [18] and quantifying the number of cancer cells.
Partial least squares regression (PLSR) [27, 28] is one of the most commonly used regression
methods for quantification of multivariate spectral data together with multiple linear regression
(MLR) and principal component regression (PCR) [29]. It is important to point out that the MLR
model is a causative model with clear physical meaning and more explanatory coefficients
compared to the coefficients of PLSR. On the other hand, in quantitative studies, the MLR model
sometimes cannot provide predictive models which can be considered its main limitation [30].
PLSR is a good method of choice for modelling datasets where the number of variables
(wavelengths) surpasses the number of observations (spectra of the samples) and where the
predictors are highly correlated [27, 31]; this is considered the main advantage of the PLSR over
MLR. In addition, the PLSR model with latent variables that extract the patterns characteristic of
descriptor variables provides information about the predictive power of dependent variables [30].
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Even though many researchers have worked on cancer cells, very few researchers have
reported the quantification of the cancerous cells. Up to now, the spectroscopic analysis combined
with chemometrics for quantifying the number of cancerous cultured cells in the NIR region with
aid of phenol red has not been reported. This work is an extension of our previous study [25] with
an intention to examine the implication of phenol red (a commonly pH indicator in culture media)
towards the quantitative analysis of the cancerous cultured cells using the absorbance at the NIR
region (700-1100 nm). This research aims to evaluate the accuracy of NIR spectroscopy and
aquaphotomics to quantify the number of cultured cancerous cells by developing two regression
models. The effect of phenol red was explained in the terms of its impact on the water molecular
structure of the cells’ culture medium which influences the light scattering. The cancerous cells
utilized were cervical (HeLa) and prostate (DU145), while the mouse skin fibroblast (L929) cell
line was used as a normal cell. Direct comparisons of the growth of the three cell lines were
performed in the culture medium in the presence and devoid of phenol red dye. The MLR was
used for a cross-calibration purpose and PLSR was used as another method for quantification of
cells using the NIR region from 680 nm to 1050 nm. A comparison was carried out to show how
the accuracy of the developed regression models depends on the presence of phenol red in the
culture medium. The prediction of cancer cell numbers, particularly at the early stage of cancer,

can be potentially applied as a reference feature in cytological analysis.

2. Materials and Methods

2.1. Cell Culture

Three cell lines including mouse skin fibroblast (L929), human prostate carcinoma (DU145),

and human cervix adenocarcinoma (HelLa) acquired from American Type Culture Collection



(ATCC), Manassas, VA, USA, and used in this study. The procedure of the cells subculture and
the spectroscopic system is similar to those described in our prior reports [25, 32]. The growth of
the cells was performed in cell culture media which were Minimum Essential Medium ‘MEM’
(for L929 and DU145) and Dulbecco’s Modified Eagle Medium ‘DMEM?’ (for HelLa) with and
without phenol red dye. The media were supplemented with fetal bovine serum ‘FBS’ (10%),
sodium pyruvate (1 mM), and penicillin (100 units/mL)/streptomycin (100 pg/mL). The cell
culture was preserved at 37 °C in an incubator with a 5% of CO atmosphere. The cells viability
test was carried out using a trypan blue dye exclusion technique by quantifying the number of
viable cells using a hemocytometer. The cell lines were seeded in a 6-well cell culture plate with
a total number of cells ranging from 50,000 to 275,000 with a step of 25,000 per well.
2.2. Spectra Acquisition

The absorbance spectra of each cell line cultured in a medium with and without phenol red
were recorded using the Vis-NIR spectroscopy technigque. The spectroscopy instrument used in the
experiments is from Ocean Optics Inc. (Dunedin, Florida, USA). The spectroscopic system
features and experimental setup are similar to those reported in our preceding studies [25, 32, 33].
The optical fiber was connected to a QE65000 spectrometer with a spectral sensitivity between
350.64 and 1131.24 nm. However, the wavelength region of 400-1100 nm was utilized in the entire
analysis. Three wells of the 6-well cell culture were used, and triplicate spectra were acquired from
each well to guarantee the consistency of the measurements and obtain the average spectrum for
the entire analyses. The acquisition parameters for the spectrometer including integration time,
scan to average, and boxcar width was 17 ms, 8, and 3, respectively. Spectra Suite Software (Ocean

Optics) was used to acquire and analyze the recorded spectra.



2.3. Data Analysis

MLR was used to estimate the number of cells for L929, DU145, and HeLa cell lines. MLR
analysis is a multivariate statistical technique utilized to model biological processes. The MLR
explores the relationship between two or more independent variables and one dependent variable
[34]. The MLR model ensures the selective extraction of specific information from highly
overlapping NIR spectra. The use of an MLR model with fewer wavelengths is usually more robust
since increasing the number of selected wavelengths may increase the specificity of the model to
a particular dataset. Collinear data are inappropriate for MLR calibrations. The selection of the
wavelengths depends on the coefficient of determination, standard error of the cross-validation
method, and a significance level («) [35]. Before performing the MLR, all X and Y variables were
weighted to 1, and a of 0.05 was used. In addition, the selection of wavelengths is depending on
the significance of each wavelength in the MLR model which is considered < 0.05. Calibration
and full cross-validation methods were used to develop and validate the performance of the MLR
models, respectively. For the model validation, the leverage correction method was performed
which is strictly similar to the full cross-validation method in the MLR [36]. Statistical
characteristics that are used to show the performance of the constructed MLR models were the
standard error of estimation (SEE), coefficient of determination (R?), and a significance level (a)
[37]. The SEE is defined as the root mean square error of estimation (RMSEE) corrected for bias;
RMSEE is a measure of the distribution of the validation samples around the regression line. The
value of @ < 5% in the MLR model indicates the model elucidates more of the deviations of the
response variable compared to random phenomena. This means that the model is significant, and

the smaller «, the higher significance of the model is. MLR modelling was performed on raw



spectral data without using any pre-processing using the Unscrambler Software (version 10.4,
Camo Software AS, Oslo, Norway).

PLSR was used as another method in this study for quantification of the cells using the NIR
region 680-1050 nm. To optimize the PLSR modelling, various spectral pre-processing techniques
were examined such as standard normal variate (SNV) [38], multiplicative scatter correction
(MSC) [39], smoothing using Savitzky-Golay [40] with 2" order polynomial filter with 21- and
11-points window, 1% and 2" Savitzky-Golay derivative transformation with 15 points, and
orthogonal signal correction (OSC) [41]. It should be mentioned that before model development,
the spectra were mean-centered. The validation was performed internally using the leave-one-out
cross-validation method. As quality determination for respective models, the coefficient of
determination (R?) and standard error of cross-validation (SECV) were utilized. The optimal
number of factors or latent variables (LVs) in the model was decided based on the local minimum
of the SECV. The PLSR modelling was performed using a commercially available multivariate
analysis software Pirouette v4.5 (Infometrix Inc., USA).

3. Results and Discussion

Figure 1 shows the example of the raw spectra (400-1050 nm) of one cell line which is
DU145 cultured in MEM medium with and without phenol red dye. The spectra were labelled as
DU145 PR1-10/DU145 XPR1-10 which means the DU145 was cultured in the medium
with/without phenol red (PR/XPR) with the number of cells ranging from 50,000 to 275,000. The
arrow in Figure 1 denotes the direction of the spectra with increasing the number of cells. Each
spectrum is the average of nine measurements of spectra from three wells of the 6-well cell culture
plate. The measurement of the spectrum from each well was repeated three times in different
locations to ensure the repeatability of the measurement and eliminate the uncertainties due to
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sampling. It is imperative to mention that the produced absorbance in Figure 1 resulted from both
absorbance and scattering processes of the light and it depends on the physical and chemical
properties of the samples [42]. Therefore, the observed absorbance can occur when light is
scattered by a specific number of cells. As can be seen from Figure 1, there are two peaks in the
visible and NIR regions. The predominant peak in the visible region (558 nm) denotes the basic
form of phenol red [43, 44]. Given that the culture medium is composed of water, a distinctive
absorbance peak is observed at NIR wavelength (= 965-985 nm) is referred to as the second
overtone of the water absorbance peak [45]. It is evident that the absorbance of the samples in the

NIR region is less affected or predisposed to the color of the medium.

0.40 —— DU145 PR1
275,000 —— DU145 PR2
—— DU145 PR3
0.35 4 —— DU145 PR4
—— DU145 PR5
0.30 —— DU145 PR6
—— DU145 PR7
1 —— DU145 PR8
o 0.25- —— DU145 PR9
o —— DU145 PR10
S —— DU145 XPR1
2 0.20 4 —— DU145 XPR2
S —— DU145 XPR3
a —— DU145 XPR4
< 0.15- —— DU145 XPR5
—— DU145 XPR6
—— DU145 XPR7
0.10 4 —— DU145 XPR8
—— DU145 XPR9
0.05 - —— DU145 XPR10
000 L] L] L] L] L] L]
400 500 600 700 800 900 1000

Wavelength (nm)

Figure 1. Vis-NIR absorbance spectra at region 400-1050 nm for DU145 cell line cultured in
medium with phenol red (red color) and without phenol red (blue color) at the number of cells
from 50,000 to 275,000.
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NIR spectroscopy has the benefit of ease and expediency when applied to aqueous samples
[46]. The use of NIR spectroscopy for cell cultivation has been recognized for the prediction of
total or viable cell density and concentration of main metabolites. The peak absorbance values of
the spectra at region 700-1050 nm for the three cell lines (L929, DU145, and HelLa) for 50,000 to
275,000 cells are presented in Supplementary Figure S1. In this figure, the bars represented the
standard error of the mean (SE) of the peak intensity in the NIR region for each cell line at each
number of cells. Each data point (mean + SE) was calculated from nine recorded spectra that were
obtained from three wells. Generally, it can be inferred that the peak absorbance values are
consistent for the three cell lines. Nonetheless, there is a variation between the absorbance peak of
the HeL a cell line grown in the presence and absence of phenol red in the culture medium at a high
number of cells (250,000 and 275,000). This can be attributed to the relatively higher light
scattering of HeLa cells compared to L929 and DU145 cells [25] and possibly due to a reduction
in the emitted light at the detector. Light scattering minimizes the signal-to-noise ratio, thus
intensifying the root mean square noise [47]. This may decrease the measurement precision of the
absorbance spectra of the HeLa cell line. Furthermore, the variation in the peak absorbance in
some number of cells may be because of errors by a person inexperienced with cell counting using
the hemocytometer technique.

As reported in our previous work [33], the results showed that culturing different types of
cells in medium with phenol red resulted in diminished interclass distance, and decreased the
potential for discrimination between the three cell types (in PCA analysis). 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 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
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cells in the NIR region. The NIR absorbance spectra of the cells are less affected or predisposed
to the color of the medium due to phenol red. Furthermore, it was showed that both water content
and molecular structure of the cell culture (media and cells) are affected by staining.

In general, the pre-processing of the spectra is extensively used to eliminate/minimize the
unwanted artefacts from the spectra. For PLSR/MLR models, various pre-processing methods and
their combinations are frequently examined to find the optimum performance in terms of the
minimum prediction error. In some cases, the scattering data might offer further merit associated
with the physical composition of materials which could augment the behavior of the model [48].
As proved from the MLR and PLSR models in this study using NIR spectra at region 700-1050
nm of the three cell lines, the scattering may comprise vital details related to the feature of interest.
Therefore, pre-processing techniques that diminish the scattering data (such as MSC and SNV) or
their combination may result in badly processing models.

This study is aimed to build an algorithm model for quantification of the number of cells of
L929, DU145, and HeLa cell lines. The MLR is appropriate for systems with a few variables [49]
and is preferred on account of its non-complexity and easy operation [50]. The analysis was
performed by applying MLR using the absorbance datasets of L929, DU145, and HelLa cell lines.
The spectral data used was restricted to the 700-1050 nm wavelength range as the relative
absorbance measurements outside this range were related to the color of the medium due to the
presence of phenol red or too noisy. Before building the MLR models, the selected wavelengths
(SWs) were obtained by the regression coefficients of PLSR models, and loadings plots of the
PCA analysis. These wavelengths are considered to provide more contribution to the calibration

of the MLR model [51].
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In the case of including phenol red in the culture medium, the wavelengths that were
selected for quantifying the number of the cells in the NIR region were 775, 841, 955 nm for L929
and for both DU145 and HelLa were 700, 801, and 976 nm. Individual (or local) MLR models were
constructed using these wavelengths for the three cell lines. Besides, the local MLR models in the
case of growing the cells in the media without phenol red were developed. The SWs were 736,
941, and 1015 nm for L929; 736, 775, 805, and 906 nm for DU145; 810, 861, 960, and 986 nm
for the HeLa cell line. Table 1 summarizes the local MLR models and the statistics of the full cross
validation (sometimes called Leave-One-Out “LOO” cross validation) [52] in the presence and
absence of the phenol red. In addition, the predicted versus the actual number of cells using the
calibration and cross-validation methods obtained from the local MLR models are shown in Figure
2(a)-(f) for L929, DU145, and HeLa cell lines. In this figure, the R? and standard errors of
calibration and cross-validation (R2, R2,, SEC, and SEE) for each model are included.

Table 1. MLR local models and cross-validation statistics for each L929, DU145, and HeLa cell
line to predict the number of cells in case of presence/absence of phenol red in culture media.

With phenol red

L929 DU145 HelLa

SWs .,  SEE , SWs .,  SEE . SWs SEE

(nm) &V (Cells) (nm) &V (Cells) (nm) &V (Cells)

775, 099 5995 222E- 700, 0.99 7,498 7.01E- 700, 0.98 10,657 5.86E-
841, 08 801, 08 801, 07
955 976 976

Without phenol red

L929 DuU145 HelLa
SWs .,  SEE , SWs ., SEE . SWs SEE .
(nm) V' (Cells) (nm) V. (Cells) (nm) V. (Cells)
736, 1 4771 1.29E- 736, 1 3,363 2.33E- 810, 0.95 17,442 09.44E-
941, 08 775, 08 861, 05
1015 805, 960,

906 986

13



Predicted number (Cells) Predicted number (Cells)

Predicted number (Cells)

300000

’
(a) L929 cell line / Phenol red .
2 - 929 PR-10
2500004 Ré =1, SEC = 3,523 Cells i
RZ, = 0.99, SEE = 5,995 Cells ’Lst R
L #29 PR-8
200000 -
Lp29 PR-7
9 PR-6
150000 -
55!9 PR-5
100000 - 529!“4
? PR-3
50000 - (7 PR2 @ Calibration @ Validation
IAZ’R-1
T T T T T
50000 100000 150000 200000 250000 300000
Measured number (Cells)
300000 ”
(c) DU145 cell line / Phenol red
2 = 1, SEC = 4,267 Cell s
250000 Re els DU145 PR-9
RZ, = 0.99, SEE = 7,498 Cells 4
200000 - i“l! LR-S
1‘61 R-7
45 PR-6
150000 - ﬂ’
D) f45 PR-5
100000 wfg:m
'&!’R-S
oo 1.“1‘5 PR2 I Calibration [l Validation
Dy 145 PR-1
p

T T T T T
50000 100000 150000 200000 250000 300000

Measured number (Cells)

300000 i
(e) HelLa cell line / Phenol red , N
p— R2 = 0.99, SEC = 6,080 Cells ‘”ek k=10
RZ, = 0.98, SEE = 10,657 Cells ‘!La PR
b
200000 eLBFR-8
gLa PR-7
150000 - La PR
Hela PR-5
100000 - e'LgM
b,
@#la PR-2
4 Calibration Validation
so000| W @ @
T ] T T T
50000 100000 150000 200000 250000 300000

Measured number (Cells)

300000 -
(b) L929 cell line / No phenol red .’
- - 29 XPR-1
B 250000 RZ =1, SEC = 3,217 Cells
3 R2, =1, SEE = 4,771 Cells LPIXPRS
C 4
+ 200000 QJZQ PR-8
[}
Kel 9’929 PR-7
§ 929 XPR-6
€ 150000 4
kel L3929 XPR-5
(4
t" 929 XPR-4
5 100000 -
o 929 XPR-3
& L&Z’XPR-Z
50000 4 @ calibration @ Validation
L929 XPR-1
T T T T T
50000 100000 150000 200000 250000 300000
Measured number (Cells)
300000
(d) DU145 cell line / No phenol red .'
—_ 2 = = 45 XPR-1
@ 250000 RZ =1, SEC = 1,753 Cells
® R%, = 1, SEE = 3,363 Cells H\ms XPR-9
2 PR-8
= 200000 1 3"‘
2 D145 XPR-7
E A
£ 150000 - F‘s AERS
ko) ﬁ 5 XPR-5
(]
S
%] 145 XPR4
S 100000 | g
] '.H PR-3
E DU445 XPR-2
50000 4 ) Il Calibration [J] Validation
D145 XPR-1
] o T . T ™ T = T #
50000 100000 150000 200000 250000 300000
Measured number (Cells)
300000 p=
(f) HeLa cell line / No phenol red RS
?_,T 250000 - Rg = 0.99, SEC = 9,251 Cells HeL; ‘£ R0
] R2, = 0.95, SEE = 17,442 Cells ,’
9, Heba PR-8
55200000 4 'Q'
-g ?eLa PR-7
> Heta XPR-6
€ 150000 - ¢
3 6L
ﬁ Helg. R-5
(£} ’
5 100000 - ‘
o HALBPPR-3
& £
#laXPR-2
- Calibrati Validati
50000 Hgl e PR 0 alibration ‘ alidation
T T T ] T
50000 100000 150000 200000 250000 300000

Measured number (Cells)

Figure 2. Predicted versus measured values of calibration (red) and cross-validation (blue)
results of local MLR models for quantification the cells: (a) and (b) for L929, (c) and (d) for
DU145, and (e) and (f) for HeLa cell line in case of presence/absence phenol red in culture
media, respectively.
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A general (or global) MLR model for estimating the number of cells of the three cell lines

together (L929, DU145, and HeL a) in the presence (using SWs: 736, 775, and 805 nm) and absence

(using SWs: 745, 810, 861, 900, 960, 986, and 1010 nm) of the phenol red in the culture media

was constructed. The samples were designated as “PR” and “XPR” which means the presence and

absence of phenol red, respectively. Table 2 shows the global MLR models and the

Table 2. MLR global models and cross-validation statistics for L929, DU145, and HeLa cell
lines to predict the number of cells in case of presence/absence of phenol red in culture media.

With phenol red

2
SWs (nm) R%, SEE (Cells) a
736, 775, 805 0.96 14,661 3.47E-20
Without phenol red
2
SWs (nm) R%, SEE (Cells) a
745, 810, 861, 900, 960, 986, 1010 0.93 19,138 1.22E-14
300000 —| (a) Global model / Phenol red pu14s Pr1ofll 7 300000 — (bz) SERSR L Du145pr.10: .
R 4 R2 =0.97, SEC = 12,342 Cells mgw - | R = 0.97, SEC = 13,515 Cells L
] 2 e m&e_“ i ) RZ,=0.93, SEE=19,138 Cells  Lszaxpr M o
= 250000 — Réy=0.96, SEE = 14,661 Cells  outes s % 250000 - & R 3r 10
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Figure 3. Predicted versus measured values of calibration (red) and cross-validation (blue)
results of global MLR models for quantification of the L929, DU145, and HeLa cells grown in
the medium: (a) with phenol red and (b) without phenol red.
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statistics of the cross-validation method in the presence and absence of the phenol red. Figure 3
displays the global MLR models for predicting the number of cells. The obtained values of R,
and SEE of the MLR models suggested its good predictive capacity and the appropriateness of the
selected wavelengths in the spectral region 700-1050 nm without any spectral pre-treatments.
The PLSR modelling was performed in two ways: firstly, a local PLSR model was created
for each cell line separately (L929, DU145, and HelLa) that is best adapted for a specific cell line.
Secondly, a global PLSR model was developed for quantification of the number of cells
irrespective of the cell line type. In both cases, models were built separately for the cells grown in
media with and without phenol red to discern the effects of phenol red on cell culture and
quantification. Quantitative modelling was first performed using PLSR analysis on datasets of
spectra for each cell line separately in order to build local models assuming that the accuracy of
prediction would be the highest and allow assessment of effects of phenol red treatment. Table 3
presented the PLSR model and validation statistics of testing different pre-processing techniques
for local PLSR models in both cases with and without the presence of phenol red treatments. From
Table 3, it can be observed that the removal of additive and multiplicative effects (scatter
correction techniques: SNV, MSC, and 1%/2" derivatives) led to poorer model performance. This
means that the baseline variations contain significant information for the quantification of cells,
which is in agreement with previous research reports about the quantifications of fat (globules),
protein (micelles), and somatic cells [53, 54]. Based on the quality measures for respective PLSR
models, it can be established that the best accuracy was obtained with the OSC pre-processing
method using one component, irrespective of phenol red treatment and cell line type as shown in
Table 3. The validation results showed R? higher than 0.99 using the OSC pre-processed spectra.
The treatment of phenol red improved the accuracy of cells number prediction in the case of the
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cancer cells (DU145: SECV = 250 cells and HeLa: SECV = 271 cells). However, for L929 normal
cells, the accuracy of the PLSR models was enhanced in the case of not including the phenol red
in the culture medium (SECV = 24 cells). In addition, the accuracy of quantification was poorest
for HeLa cells, and the best in the case of L929 cells. Figure 4 shows the results of calibration and
leave-one-out cross-validation methods of the local PLSR models developed using the pre-
processing by OSC (one component) for mean-centered spectra. This figure shows a good
agreement between the measured and predicted number of cells by PLSR model. Figure 5

Table 3. Local PLSR models and cross-validation statistics for each L929, DU145, and HelLa
cell line to predict the number of cells in case of presence/absence phenol red in culture media.

Case Pre-processing method  L929 DU145 HelLa
LVs R2, SECV LVs R2, SECV LVs RZ, SECV
(Cells) (Cells) (Cells)
None 5 099 12059 3 099 1168 4 099 8,064
s Smoothing (11 points) 2 099 12517 4 099 9348 3 099 11,275
2
S SNV 4 089 34022 6 086 37,709 5 0.79 44,570
g MSC 5 058 7383 2 083 41045 5 0.8 43929
£ 1% Derivative (15 points) 7 069 55121 6 093 27,399 6 0.89 34,213
= 2" Derivative (15 points) 3 076 46,852 3 096 21256 2 0.78 45231
oscC 2 1 137 1 1 250 1 1 271
Case Pre-processing method  L929 DU145 HelLa
LVs RZ, SECV LVs R%, SECV LVs RZ, SECV
(Cells) (Cells) (Cells)
None 2 099 5570 5 096 23077 2 096 21,032
5 Smoothing (21 points) 2 099 5625 4 097 19351 2 096 20,993
g SNV 2 078 45562 3 096 18939 1 0.78 46,253
s MSC 2 078 45525 3 096 19,008 1 0.76 47,500
§ 1%t Derivative (15 points) 2 062 60557 3 097 18,751 1 0.78 44,847
g 2" Derivative (15 points) 1 068 54,716 1 092 27577 3 0.74 48,440
0OSsC 3 1 24 1 1 1,364 1 099 7,444
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Figure 4. Predicted versus measured values of calibration (red) and cross-validation (blue)
results of local PLSR models for quantification of cells: (a) and (b) for L929, (c) and (d) for
DU145, and (e) and (f) for HeLa cell line in case of presence/absence phenol red in culture
media, respectively.
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Figure 5. Regression vector coefficients of local PLSR models obtained from the best accuracy
of prediction of the number of cells of L929, DU145, and HeLa cell lines in case of
presence/absence of phenol red in culture media.
shows the regression vector coefficients of the PLSR models developed from Figure 4 for each
cell line. The lack of any marked peaks validates the fact that the scatter plays the important role
in the PLSR modelling instead of the absorbance [52]. It can be observed from Figure 5 that the
cells’ quantification is related to the variations of the baseline, in other words, the quantification
of the cells is based on the effects of light scattering by the cells. In addition, from Figure 5, in the
case of both DU145 and HelLa cell lines (cancer cells), the baseline effects are mostly additive
resulting in the shift of the baseline of the spectra. However, in the case of the L929 cell line
(normal cells), there are also multiplicative effects resulting in the change of the slope of the
baseline. Interestingly, the use of phenol red influences the scattering of light by cells which is
attested by the shifting in the regression vectors, but the shape is quite preserved. It can be deduced

that the building of the local PLSR models for each cell line resulted in high accuracy of the
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quantification of the cells. The quantification of the cells was better when L929 cells were grown
in the medium without phenol red, while on the opposite, the quantification accuracy for DU145
and HeLa extremely improved when the phenol red was included in the culture media. These
findings demonstrate the influence of phenol red on light-scattering properties, which are different
and dependent on the cell type.

Two global PLSR models in the case of the presence and absence of phenol red were
developed that allowed quantification of cells irrespective of the cell type. Various pre-processing
techniques were also used in order to extract the information related to the number of cells and
enhance the performance of the global model. The results of the cross-validation method of the
developed global PLSR models using different pre-processing methods are summarized in

Table 4. Global PLSR models and cross-validation statistics for L929, DU145, and HeLa cell
lines to predict the number of cells in case of presence/absence of phenol red in culture media.

Case Pre-processing method LVs R%, SECV (Cells)
None 5 0.98 13,007
o Smoothing 7 0.98 13,694
o
= SNV 3 0.73 50,343
8 Msc 3 0.62 60,740
g 1t Derivative 5 0.88 34,176
= M Derivative 7 0.75 49,802
osc 1 0.99 7,754
Case Pre-processing method LVs R%, SECV (Cells)
None 5 0.93 26,577
E Smoothing 5 0.94 25,447
2 snv 3 0.79 43,826
S MscC 3 0.8 43,606
3 1% Derivative 5 0.88 34,380
S 2" Derivative 2 082 41,279
0sC 1 0.97 17,008
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Table 4. It is clear from Table 4 that also for both global models, OSC pre-processing using one
component produced the best accuracy of quantification and resulted in a simple model with only
one latent variable. Compared to the established local models for each cell line, the global models
showed a significant decrease in the accuracy of predicting the number of cells. This implies that
local modelling considers the specific characteristics of each cell line which is a better choice in
quantitative modelling. Furthermore, from Table 4, the phenol red in the cultured medium resulted
in improved accuracy of cells’ quantification. The relationship between the measured and
predicted number of cells using the global PLSR models developed using the pre-processed spectra
by the OSC method for both cases with and without phenol red treatments is shown in Figures 6(a)
and (b), respectively. It can be inferred that the phenol red has effects on the cells, in the terms of
diminishing the differences between the individual cell lines. This is in good agreement with the
findings of our preceding study, wherein in the case of discrimination between the three cell lines,
cells cultured in media including phenol red showed diminished class distances in discriminative
models [33]. As can be seen from Figure 6(a), it is evident that phenol red in the cell culture media
led to a diminishment of the error and decreased differences between the three cell lines. This
confirms the influence of the phenol red on the characteristics of the cells and their subsequent
interaction with near-infrared light. On the other hand, for the cells grown in the media without
phenol red as presented in Figure 6(b), there is a small error between the measured and predicted
number of cells at a small number of cells. Whereas, at a higher number of cells, the error increases
and the distinction between the cell lines is more pronounced. The regression vector coefficients
of the PLSR global models of the three cell lines (L929, DU145, and Hel a) are presented in Figure
7. Apparently, the regression vectors of the global PLSR model established for the case of cells
grown in media with phenol red (solid line) show a higher magnitude of coefficients. This can be
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Figure 6. Predicted versus measured values of calibration (red) and cross-validation (blue)
results of global PLSR models for quantification of the L929, DU145, and HeLa cells grown in
the medium: (a) with phenol red and (b) without phenol red.

18000
= With phenol red ©

‘g 1 - - - Without phenol red 2 g "c:’L
§ 17500 - \_/R/'
]
E
a
8 17000 -
A
(=]
1 3
o LY :\l\
> 16500 - %
c
L
@
® 16000 -
=]
(7]
(14

15500 -

15000 T T T

650 850 900 950 1000 1050 1100

Wavelength (nm)

Figure 7. Regression vector coefficients s of global PLSR models for quantification of L929,
DU145, and HeLa cells grown in the media with and without phenol red.

attributed to the increased scattering of light by the cells. However, the shape of the regression

coefficients is very similar for both models. This revealed that both global models are based on
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variations of the spectral baseline in connection to the number of cells. Despite the dominant effect
of scattering, absorbance bands can be observed in the regression coefficients and almost
comparable absorbance bands characterize the regression coefficients of the two global models.

In the NIR spectral region, particularly at the region below 1000 nm, the scattering strongly
dominates over absorption. It was reported in various works that this region can be used as a source
for quantitative information on light-scattering of colloidal particles [52, 55-57] which can explain
the findings acquired in this work. The main factors affecting the scattering of a single particle or
a collection of particles are the refractive index difference between the particles and the matrix,
the size of the particle, and the wavelength of the incident light [58]. It is most likely that the
refractive index of the matrix (the medium in which the cells were grown, and the highest
component of the medium is water) is affected by the presence of phenol red.

For more investigation, we examined the difference in influential variables between the
created local PLSR models depending on the presence (PR) and absence (XPR) of phenol red in
the media where the cells were grown. For this purpose, the regression vector coefficients of the
corresponding models were detrended to eliminate the slope, and then the difference between the
regression vector coefficients of PR and XPR models was calculated. The plots of regression
vector coefficients after detrending and the result of their subtraction are presented in Figures 8-
10 for L929, DU145, and HelLa PLSR models, respectively. Interestingly, the highest differences
in regression coefficients in all models are located in the same region which is known as the 2"
overtone of water (approximately around 900-1000 nm). The largest differences in this region can
be observed at bands: 915 and 945 nm for L929 cells, 955 and 986 nm for DU145 cells, and 930,
945, 970, and 976 nm for HelLa cells. Obviously, there is a difference in these particular bands in
the terms of their importance as influential variables for building the PLSR model. This difference
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depends on whether the cells were grown in the absence or presence of phenol red and is specific

for each cell type. The assignments of the bands that are of importance (the highest bands) for the
accuracy of the PLSR models depending on the presence of phenol red in the culture media are
given in Table 5. Since the bands' positions were in the 2" overtone region of water, their
assignments were found based on the calculated position in the 1 overtone of water as presented
in Table 5. The bands shown in Table 5 are the 2" overtones of the well-known Water Matrix
Coordinates “WAMACS” in aguaphotomics (water absorbance bands attributable to vibrations of
the particular water molecular species) [59]. This confirms that the presence of phenol red has an
influence on the cells’ culture media by changing the water structure. Further, considering that
different bands are affected by the type of the cells, the water structure of the media is a result of
both influences of cell metabolites and phenol red. As a result, for the DU145 cells, the specific
bands 955 and 986 nm, i.e., water dimers and tetramers are affected; in the case of HeLa cells are
water trimers, solvation shells, free and quasi-free water molecules, while in the case of L929

Table 5. Assignments of the bands found to be of importance for cells quantification accuracy
using PLSR analysis, depending on the presence of phenol red in the cell media.

Band position in 2" Calculated position in 15t overtone  Assignment / WAMACS [59-61]

overtone of water (nm) of water (1300 - 1600 nm)
915 13725 C3 — v +v3: Water symmetrical
stretching vibration and water
asymmetric stretching vibration
930 1395 C5 — Water molecules confined in
the local field of ions
945 1417.5 C5 — Free water molecules, So
955 1432.5 C6 — S1: Water molecules with 1
hydrogen bond
970 1455 C8 — Water solvation shell, OH-
(H20)45
976 1464 C9 — Water molecules with 2
hydrogen bonds, S,
986 1479 C10 — Water molecules with 3

hydrogen bonds, Ss
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cells, in particular free water molecules. It is important to point out that in the case of L929 cells,
there is a small difference between the regression vector coefficients at hydrogen-bonded water
wavelengths (> 945 nm), and this makes a stark difference when compared to DU145 and HelLa
cells where the largest differences were observed exactly in hydrogen-bonded water. Since in all
cases the phenol red caused changes in the molecular structure of water, the refractive index must
also change. This can be explained by the refractive index dependence on the molecular structure
[62] of the matrix, resulting in different scattering properties of each cell line media and different
quantification outcomes.

The results of this study should also bring more realization to the so-called “Observer
Effect”, an important and frequent experience in biomedical research, where the tools used to
facilitate observation may exert unrecognized and often undesired effects on the underlying
biology [63]. While the phenol red is routinely used in laboratory practice, its effects on the system
the researchers are working with are still unrecognized. This study showed the effective treatment
of the phenol red dye towards better quantification of the cultured cells. Furthermore, the molecular
structure of water is not yet recognized as an important experimental variable and parameter that
should be considered in research studies. It was shown here that the molecular structure of water
was altered by the presence of phenol red in the cells’ culture medium. The findings of this study,
therefore, enhance awareness of these issues and revealed the informative power of NIR
spectroscopy and aquaphotomics in this regard.

4. Conclusion

This work presented the application of NIR absorbance spectroscopy data to quantify the
number of cultured cells. Three cell lines including cancerous cells (DU145 and HeLa) and normal
cells (L929) were used. The number of cells for each cell line was ranging from 50,000 to 275,000
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with an interval of 25,000. The Vis-NIR absorbance spectra (400-1100 nm) were measured for
each number of cells cultured in media with and without phenol red. To quantify the number of
cells for the three cell lines, the local and global regression models using multiple linear regression
(MLR) and partial least squares regression (PLSR) were developed in the NIR region (680-1050
nm). It was revealed that the MLR and PLSR models for the quantification of the cells produced
high prediction accuracy with R? > 93%. It was noticed that the accuracy of the local and global
PLSR models, especially for cancer cells was higher in the case of cultured cells in media including
phenol red dye. This can be an important finding in this work which showed the implication of
phenol red in cell culture media towards the quantification of the number of cancerous cells. The
proposed method in this study can be considered a novel and rapid approach for quantifying the
number of cancerous cells.
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Highlights

Highlight

e Hela, DU145, and L929 cells were grown in culture medium with and without phenol red
dye.

e Number of the cultured cells for L929, DU145, and HeLa was ranging from 50,000 to
275,000.

e Absorbance spectra were recorded for each cell line at each number of cells.

e Quantification of cells number using MLR and PLSR models in the NIR region produced
high prediction accuracy.

e The presence of phenol red in the culture medium improved the prediction accuracy in the
case of cancerous cells.
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With phenol red

L929 DuU145 HelLa
SwWs .,  SEE , SWs .,  SEE .  SWs o, SEE .
(nm) ¢V (Cells) (nm) V' (Cells) (nm) &V (Cells)
775, 099 5995 2.22E- 700, 099 7,498 7.01E- 700, 0.98 10,657 5.86E-
841, 08 801, 08 801, 07
955 976 976

Without phenol red
L929 DuU145 Hela
SWs .,  SEE ., SWs . SEE SWs o SEE
(nm) &V (Cells) (nm) &V (Cells) (nm) ¢V (Cells)
736, 1 4771 1.29E- 736, 1 3,363 2.33E- 810, 0.95 17,442 9.44E-
941, 08 775, 08 861, 05
1015 805, 960,

906 986



https://www.editorialmanager.com/chemolab/download.aspx?id=92300&guid=debdce8d-92f2-4b28-b18b-db4a59cedcae&scheme=1
https://www.editorialmanager.com/chemolab/download.aspx?id=92300&guid=debdce8d-92f2-4b28-b18b-db4a59cedcae&scheme=1

Table

Click here to access/download;Table;Table 2.pdf %

With phenol red

SWs (nm) R3, SEE (Cells) a
736, 775, 805 0.96 14,661 3.47E-20
Without phenol red

SWs (nm) R2, SEE (Cells) a

745, 810, 861, 900, 960, 986, 1010 0.93 19,138 1.22E-14
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Case Pre-processing method  L929 DU145 HelLa
LVs R2, SECV LVs RZ, SECV LVs RZ, SECV
(Cells) (Cells) (Cells)
None 5 099 12059 3 099 1168 4 099 8,064
o Smoothing (11 points) 2 099 12517 4 099 9,348 3 099 11,275

e
S SNV 4 089 34022 6 086 37,709 5 0.79 44,570
% MSC 5 058 7383 2 083 41,045 5 0.8 43929
S 1%t Derivative (15 points) 7 069 55121 6 093 27,399 6 0.89 34,213
= 2" Derivative (15 points) 3 076 46,852 3 096 21,256 2 0.78 45,231
oscC 2 1 137 1 1 250 1 1 271

Case Pre-processing method  L929 DU145 HelLa
LVs R2, SECV LVs RZ, SECV LVs RZ, SECV
(Cells) (Cells) (Cells)
None 2 099 5570 5 096 23077 2 096 21,032
@ Smoothing (21 points) 2 099 5625 4 097 19351 2 096 20,993
g SNV 2 078 45562 3 096 18939 1 0.78 46,253
s MSC 2 078 45525 3 096 19,008 1 0.76 47,500
g 1% Derivative (15 points) 2 062 60557 3 097 18,751 1 0.78 44,847
E 2" Derivative (15 points) 1  0.68 54,716 1 092 27577 3 0.74 48,440
oscC 3 1 24 1 1 1364 1 099 7,444
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Case Pre-processing method LVs R%, SECV (Cells)
None 5 0.98 13,007
> Smoothing 7 0.98 13,694
= SNV 3 0.73 50,343
8 MscC 3 0.62 60,740
g 1% Derivative 5 0.88 34,176
= 2" Derjvative 7 0.75 49,802
osCc 1 0.99 7,754

Case Pre-processing method LVs R%, SECV (Cells)
None 5 0.93 26,577
€ Smoothing 5 0.94 25,447
2 sn 3 0.79 43,826
S Msc 3 0.8 43,606
2 1% Derivative 5 0.88 34,380
S 2" Derivative 2 082 41,279
osc 1 0.97 17,008
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Band position in 2" Calculated position in 1%t overtone  Assignment / WAMACS [60-62]

overtone of water (nm) of water (1300 - 1600 nm)
915 1372.5 C3 — v +va: Water symmetrical
stretching vibration and water
asymmetric stretching vibration
930 1395 C5 — Water molecules confined in
the local field of ions
945 1417.5 C5 — Free water molecules, So
955 14325 C6 — S1: Water molecules with 1
hydrogen bond
970 1455 C8 — Water solvation shell, OH-
(H20)45
976 1464 C9 — Water molecules with 2
hydrogen bonds, S;
986 1479 C10 — Water molecules with 3

hydrogen bonds, S;
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Abstract

This study aims to evaluate the ability of absorbance spectra in the near-infrared (NIR)
region to predict the number of cells for different cell lines. The cancerous cell lines were human
cervix adenocarcinoma (HeLa) and human prostate carcinoma (DU145), and L929 was a normal
mouse skin fibroblast. The number of cells varied from 50,000 to 275,000 with an interval of
25,000 for each cell line. Vis-NIR absorbance spectra (400-1100 nm) at each number of cells
(50,000-275,000) for L929, DU145, and HeLa cell lines cultured in media with and without phenol
red were recorded. Multiple linear regression (MLR) and partial least squares regression (PLSR)
models were developed in the NIR region (680-1050 nm) to quantify the number of cells for the
three cell lines. The outcomes showed that the quantification analysis of the number of cells using
MLR and PLSR models produced high prediction accuracy with R? > 93%. The best results were
obtained using PLSR for the preprocessed spectra using an orthogonal signal correction method.
It was found that the presence of phenol red in the culture medium improved the prediction
accuracy in the case of HeLa (SECV = 271 cells) and DU145 (SECV = 250 cells) cell lines, but
the accuracy was higher when phenol red was not present for the L929 cell line (SECV = 24 cells).
In addition, the existence of phenol red boosted the accuracy when the global PLSR model was
built, irrespective of the cell type (SECV = 7,754 cells). The effect of phenol red was explained in
the terms of its impact on the water molecular structure of the cells’ culture medium which
influences the light scattering.

Keywords: Cancerous Cells; Phenol Red; Near-infrared Spectroscopy; Quantification; MLR;
PLSR.
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1. Introduction

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 enabling metastasis [1]. Early detection and early-stage surgical and
chemotherapeutic interventions and therapies help inhibit cancer growth. Nonetheless, cancer
becomes untreatable or terminal when it metastasizes. The gradual growth of a tumor allows for
the early detection of a malignancy (or pre-malignancy) which lowers the prevalence of late-stage
cancer [2]. The early detection of tumors is crucial for effective cancer treatment and for
elucidating tumorigenesis. Expanding the range of recognized reliable biomarkers may aid the
discrimination of benign cancers from malignant ones by clinicians, thus decreasing the incidence
of needless biopsies, and enhancing the effectiveness of cancer treatments.

The recent advancement in point-of-care diagnostics and precision medicine has prompted
the demand for inexpensive and accurate cell counting technologies [3]. The proliferation of tumor
cells is determined primarily by three key parameters: the progression period for reproducing cells,
a part of proliferating cells, and the quantity of unprompted cell damage [4]. Growth rates of solid
tumors can be determined without difficulty along the linear portion of the Gompertzian growth
curve. Visible and detectable tumors typically hold between 10° to 10° cells [5, 6]. The current
detection threshold for solid tumors proliferating as a single mass is in the region of 10 cells
(1 g = 1 cm?) [5]. Numerous cases of different solid tumors have shown linearity of growth on a
logarithmic scale throughout the early detection stage.

Globally, treatment centers and hospitals extensively utilize cell counting techniques for the

determination of a patient’s health [3]. Clinically, a tumor with a volume of 1 cm3 (= 10° cells)
2



is considered rather small, and at this size, the tumor may induce the initial symptoms and can be
perceptible on palpation, or with the use of laboratory diagnostic examinations. The most frequent
error is to consider a small tumor as an “‘early’” tumor. At the stage when it becomes detectable,
a malignant tumor has existed for a minimum of half of its lifespan [4]. The significance of early
tumor detection for the diagnosis of the patient has been overly estimated since tumors cannot be
clinically detected early. Cancer may have spread long before the primary tumor can be diagnosed.
The precise determination of the number of cells in culture is crucial for experimental
reproducibility and standardization [7]. Cell counts are vital for the evaluation of cell health and
proliferation rate, assessment of immortalization or alteration, seeding cells for successive
experiments, transfection or infection, and preparation for cell-based assays. The cell counts must
be precise, reliable, and rapid, especially for the quantitative determination of cellular responses
[8]. There is also an immense need for the precise quantification of biomarkers for cancers [9],
particularly at the early recognition of a miniature volume of tumors [10].

Quantitative techniques are advantageous due to the insight they offer into understanding the
biology/physiology of tumor cells beyond diagnosis. The method that is most commonly used for
direct cell counting is trypan blue staining using a hemacytometer. This approach allows counting
the number of cells manually under a microscope. However, the hemacytometer-based cell
enumeration can be very biased, subject to errors due to device misuse, tiresome, and time-
consuming. Coulter counter (automated counter) was the first electronic cell counter which was
widely accepted as an alternative to manual counting. Automated cell counters based on the
Coulter counter principle, optical flow cytometry, and image-based cytometry have been
established and commercially available. These devices can detect cells using integrated software
to describe cells in terms of their fluorescent intensity and size in a few seconds. It was reported a

3



high precision and accuracy were obtained in the case of using the optical flow cytometer in
comparison to manual and Coulter counting methods [11]. Currently, in research laboratories,
images of cells obtained using microscopy are also commonly examined and quantified using
open-source software [12]. Cell profiler, ImageJ, and other such open-source software are
routinely employed by cell biologists for cell enumeration from images [13-15]. This can be
achieved by performing object identification through segmentation, thresholding, recognition, and
division of clumped cells and other processing steps. At present, most of the microfluidics-based
cell enumerating systems available in the market utilize a microfluidic chip or cartridge combined
with a traditional cytometry system [16]. Such designs offer ease and flexibility since they include
a fluidics system with microchannels for sample flow. However, the microfluidic devices still need
more improvement in sample preparation and detection techniques within a lab-on-a-chip
microfluidic platform [3]. Therefore, there is increasing demand for an objective cell quantification
technique that produces an accurate and reliable number of cells.

The quantification of predictive biomarkers for cancer is significant, particularly at the early
stage of cancer when the number of cells is small. In addition, the quantification of cells is
essentially significant in both fields of pathology and clinical studies [17] and is considered a vital
approach to elucidating the cellular composition, growth, development of diseases, and aging.
Recently, the optical spectroscopy technique has unveiled its potential undamaging capability to
exhibit distinct spectral attributes that discriminate between tumors and normal cells. The
spectroscopy techniques are rapid, simple to use, environmental-friendly, cost-effective, and non-
destructive. Thus far, spectroscopy techniques have been extensively utilized for the diagnosis of
a range of cancer types such as lung, oral, leukemia, breast, and prostate cancer [18-24]. However,
there is inadequate data on the optical spectroscopy properties of cancer cells, particularly for the
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guantitative assessment [25]. The potential to attain quantitative characteristics of cells directly
from the living system in situ is important. There is a need to comprehensively characterize and
establish spectroscopy signatures of cancer at the cell level to better understand the spectral
responses. So far, information on cancer cells using the NIR spectroscopy technique is not
extensively available, especially for the quantitative assessment of the cultured cells. The supposed
“optical window” that occurs in the NIR region 650-1100 nm is appropriate for most of the non-
invasive measurements of biological systems [26]. This region is also referred to as the
“therapeutic window” for the lower and determinate light absorbance and the abundance of
information.

The combination of analytical tools has been proven to be of immense value in a variety of
bio-scientific applications. Spectroscopy coupled with chemometrics can offer a rapid method for
improving the performance of the cell culture [18] and quantifying the number of cancer cells.
Partial least squares regression (PLSR) [27, 28] is one of the most commonly used regression
methods for quantification of multivariate spectral data together with multiple linear regression
(MLR) and principal component regression (PCR) [29]. It is important to point out that the MLR
model is a causative model with clear physical meaning and more explanatory coefficients
compared to the coefficients of PLSR. On the other hand, in quantitative studies, the MLR model
sometimes cannot provide predictive models which can be considered its main limitation [30].
PLSR is a good method of choice for modelling datasets where the number of variables
(wavelengths) surpasses the number of observations (spectra of the samples) and where the
predictors are highly correlated [27, 31]; this is considered the main advantage of the PLSR over
MLR. In addition, the PLSR model with latent variables that extract the patterns characteristic of
descriptor variables provides information about the predictive power of dependent variables [30].
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Even though many researchers have worked on cancer cells, very few researchers have
reported the quantification of the cancerous cells. Up to now, the spectroscopic analysis combined
with chemometrics for quantifying the number of cancerous cultured cells in the NIR region with
aid of phenol red has not been reported. This work is an extension of our previous study [25] with
an intention to examine the implication of phenol red (a commonly pH indicator in culture media)
towards the quantitative analysis of the cancerous cultured cells using the absorbance at the NIR
region (700-1100 nm). This research aims to evaluate the accuracy of NIR spectroscopy and
aquaphotomics to quantify the number of cultured cancerous cells by developing two regression
models. The effect of phenol red was explained in the terms of its impact on the water molecular
structure of the cells’ culture medium which influences the light scattering. The cancerous cells
utilized were cervical (HeLa) and prostate (DU145), while the mouse skin fibroblast (L929) cell
line was used as a normal cell. Direct comparisons of the growth of the three cell lines were
performed in the culture medium in the presence and devoid of phenol red dye. The MLR was
used for a cross-calibration purpose and PLSR was used as another method for quantification of
cells using the NIR region from 680 nm to 1050 nm. A comparison was carried out to show how
the accuracy of the developed regression models depends on the presence of phenol red in the
culture medium. The prediction of cancer cell numbers, particularly at the early stage of cancer,

can be potentially applied as a reference feature in cytological analysis.

2. Materials and Methods

2.1. Cell Culture

Three cell lines including mouse skin fibroblast (L929), human prostate carcinoma (DU145),

and human cervix adenocarcinoma (HelLa) acquired from American Type Culture Collection



(ATCC), Manassas, VA, USA, and used in this study. The procedure of the cells subculture and
the spectroscopic system is similar to those described in our prior reports [25, 32]. The growth of
the cells was performed in cell culture media which were Minimum Essential Medium ‘MEM’
(for L929 and DU145) and Dulbecco’s Modified Eagle Medium ‘DMEM”’ (for HelLa) with and
without phenol red dye. The media were supplemented with fetal bovine serum ‘FBS’ (10%),
sodium pyruvate (1 mM), and penicillin (100 units/mL)/streptomycin (100 pg/mL). The cell
culture was preserved at 37 °C in an incubator with a 5% of CO. atmosphere. The cells viability
test was carried out using a trypan blue dye exclusion technique by quantifying the number of
viable cells using a hemocytometer. The cell lines were seeded in a 6-well cell culture plate with
a total number of cells ranging from 50,000 to 275,000 with a step of 25,000 per well.
2.2. Spectra Acquisition

The absorbance spectra of each cell line cultured in a medium with and without phenol red
were recorded using the Vis-NIR spectroscopy technique. The spectroscopy instrument used in the
experiments is from Ocean Optics Inc. (Dunedin, Florida, USA). The spectroscopic system
features and experimental setup are similar to those reported in our preceding studies [25, 32, 33].
The optical fiber was connected to a QE65000 spectrometer with a spectral sensitivity between
350.64 and 1131.24 nm. However, the wavelength region of 400-1100 nm was utilized in the entire
analysis. Three wells of the 6-well cell culture were used, and triplicate spectra were acquired from
each well to guarantee the consistency of the measurements and obtain the average spectrum for
the entire analyses. The acquisition parameters for the spectrometer including integration time,
scan to average, and boxcar width was 17 ms, 8, and 3, respectively. Spectra Suite Software (Ocean

Optics) was used to acquire and analyze the recorded spectra.



2.3. Data Analysis

MLR was used to estimate the number of cells for L929, DU145, and HeLa cell lines. MLR
analysis is a multivariate statistical technique utilized to model biological processes. The MLR
explores the relationship between two or more independent variables and one dependent variable
[34]. The MLR model ensures the selective extraction of specific information from highly
overlapping NIR spectra. The use of an MLR model with fewer wavelengths is usually more robust
since increasing the number of selected wavelengths may increase the specificity of the model to
a particular dataset. Collinear data are inappropriate for MLR calibrations. The selection of the
wavelengths depends on the coefficient of determination, standard error of the cross-validation
method, and a significance level («) [35]. Before performing the MLR, all X and Y variables were
weighted to 1, and a of 0.05 was used. In addition, the selection of wavelengths is depending on
the significance of each wavelength in the MLR model which is considered < 0.05. Calibration
and full cross-validation methods were used to develop and validate the performance of the MLR
models, respectively. For the model validation, the leverage correction method was performed
which is strictly similar to the full cross-validation method in the MLR [36]. Statistical
characteristics that are used to show the performance of the constructed MLR models were the
standard error of estimation (SEE), coefficient of determination (R?), and a significance level («)
[37]. The SEE is defined as the root mean square error of estimation (RMSEE) corrected for bias;
RMSEE is a measure of the distribution of the validation samples around the regression line. The
value of @ < 5% in the MLR model indicates the model elucidates more of the deviations of the
response variable compared to random phenomena. This means that the model is significant, and

the smaller «, the higher significance of the model is. MLR modelling was performed on raw



spectral data without using any pre-processing using the Unscrambler Software (version 10.4,
Camo Software AS, Oslo, Norway).

PLSR was used as another method in this study for quantification of the cells using the NIR
region 680-1050 nm. To optimize the PLSR modelling, various spectral pre-processing techniques
were examined such as standard normal variate (SNV) [38], multiplicative scatter correction
(MSC) [39], smoothing using Savitzky-Golay [40] with 2" order polynomial filter with 21- and
11-points window, 1% and 2" Savitzky-Golay derivative transformation with 15 points, and
orthogonal signal correction (OSC) [41]. It should be mentioned that before model development,
the spectra were mean-centered. The validation was performed internally using the leave-one-out
cross-validation method. As quality determination for respective models, the coefficient of
determination (R?) and standard error of cross-validation (SECV) were utilized. The optimal
number of factors or latent variables (LVs) in the model was decided based on the local minimum
of the SECV. The PLSR modelling was performed using a commercially available multivariate
analysis software Pirouette v4.5 (Infometrix Inc., USA).

3. Results and Discussion

Figure 1 shows the example of the raw spectra (400-1050 nm) of one cell line which is
DU145 cultured in MEM medium with and without phenol red dye. The spectra were labelled as
DU145 PR1-10/DU145 XPR1-10 which means the DU145 was cultured in the medium
with/without phenol red (PR/XPR) with the number of cells ranging from 50,000 to 275,000. The
arrow in Figure 1 denotes the direction of the spectra with increasing the number of cells. Each
spectrum is the average of nine measurements of spectra from three wells of the 6-well cell culture
plate. The measurement of the spectrum from each well was repeated three times in different
locations to ensure the repeatability of the measurement and eliminate the uncertainties due to
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sampling. It is imperative to mention that the produced absorbance in Figure 1 resulted from both
absorbance and scattering processes of the light and it depends on the physical and chemical
properties of the samples [42]. Therefore, the observed absorbance can occur when light is
scattered by a specific number of cells. As can be seen from Figure 1, there are two peaks in the
visible and NIR regions. The predominant peak in the visible region (558 nm) denotes the basic
form of phenol red [43, 44]. Given that the culture medium is composed of water, a distinctive
absorbance peak is observed at NIR wavelength (= 965-985 nm) is referred to as the second
overtone of the water absorbance peak [45]. It is evident that the absorbance of the samples in the

NIR region is less affected or predisposed to the color of the medium.

0.40 —— DU145 PR1
| 275,000 —— DU145 PR2
—— DU145 PR3
0.35 - —— DU145 PR4
—— DU145 PR5
0.30 - —— DU145 PR6
—— DU145 PR7
—— DU145 PR8
o 025+ —— DU145 PR9
o A —— DU145 PR10
3 1 1 —— DU145 XPR1
2 0.20 4 \ —— DU145 XPR2
) 1 “ P —— DU145 XPR3
3 ’ A \\\ o | — DUL45 XPR4
EERLR et/ IR N ————— —— DU145 XPR5
==7// W\ . —— DU145 XPR6
‘-ll.\'\\ o~ — — DU145 XPR7
01 T T ~ ] —— DU145 XPR8
= —\YKt —~ A/ — S| — DU145 XPR9
0.05 - i ——— : | — DU145 XPR10
50,000
ooo L] L] L] L] L] L]
400 500 600 700 800 900 1000

Wavelength (nm)

Figure 1. Vis-NIR absorbance spectra at region 400-1050 nm for DU145 cell line cultured in
medium with phenol red (red color) and without phenol red (blue color) at the number of cells
from 50,000 to 275,000.
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NIR spectroscopy has the benefit of ease and expediency when applied to agueous samples
[46]. The use of NIR spectroscopy for cell cultivation has been recognized for the prediction of
total or viable cell density and concentration of main metabolites. The peak absorbance values of
the spectra at region 700-1050 nm for the three cell lines (L929, DU145, and HelLa) for 50,000 to
275,000 cells are presented in Supplementary Figure S1. In this figure, the bars represented the
standard error of the mean (SE) of the peak intensity in the NIR region for each cell line at each
number of cells. Each data point (mean + SE) was calculated from nine recorded spectra that were
obtained from three wells. Generally, it can be inferred that the peak absorbance values are
consistent for the three cell lines. Nonetheless, there is a variation between the absorbance peak of
the HeLa cell line grown in the presence and absence of phenol red in the culture medium at a high
number of cells (250,000 and 275,000). This can be attributed to the relatively higher light
scattering of HeLa cells compared to L929 and DU145 cells [25] and possibly due to a reduction
in the emitted light at the detector. Light scattering minimizes the signal-to-noise ratio, thus
intensifying the root mean square noise [47]. This may decrease the measurement precision of the
absorbance spectra of the HeLa cell line. Furthermore, the variation in the peak absorbance in
some number of cells may be because of errors by a person inexperienced with cell counting using
the hemocytometer technique.

As reported in our previous work [33], the results showed that culturing different types of
cells in medium with phenol red resulted in diminished interclass distance, and decreased the
potential for discrimination between the three cell types (in PCA analysis). 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 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
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cells in the NIR region. The NIR absorbance spectra of the cells are less affected or predisposed
to the color of the medium due to phenol red. Furthermore, it was showed that both water content
and molecular structure of the cell culture (media and cells) are affected by staining.

In general, the pre-processing of the spectra is extensively used to eliminate/minimize the
unwanted artefacts from the spectra. For PLSR/MLR models, various pre-processing methods and
their combinations are frequently examined to find the optimum performance in terms of the
minimum prediction error. In some cases, the scattering data might offer further merit associated
with the physical composition of materials which could augment the behavior of the model [48].
As proved from the MLR and PLSR models in this study using NIR spectra at region 700-1050
nm of the three cell lines, the scattering may comprise vital details related to the feature of interest.
Therefore, pre-processing techniques that diminish the scattering data (such as MSC and SNV) or
their combination may result in badly processing models.

This study is aimed to build an algorithm model for quantification of the number of cells of
L929, DU145, and HeLa cell lines. The MLR is appropriate for systems with a few variables [49]
and is preferred on account of its non-complexity and easy operation [50]. The analysis was
performed by applying MLR using the absorbance datasets of L929, DU145, and HeLa cell lines.
The spectral data used was restricted to the 700-1050 nm wavelength range as the relative
absorbance measurements outside this range were related to the color of the medium due to the
presence of phenol red or too noisy. Before building the MLR models, the selected wavelengths
(SWs) were obtained by the regression coefficients of PLSR models, and loadings plots of the
PCA analysis. These wavelengths are considered to provide more contribution to the calibration

of the MLR model [51].
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In the case of including phenol red in the culture medium, the wavelengths that were
selected for quantifying the number of the cells in the NIR region were 775, 841, 955 nm for L929
and for both DU145 and HelLa were 700, 801, and 976 nm. Individual (or local) MLR models were
constructed using these wavelengths for the three cell lines. Besides, the local MLR models in the
case of growing the cells in the media without phenol red were developed. The SWs were 736,
941, and 1015 nm for L929; 736, 775, 805, and 906 nm for DU145; 810, 861, 960, and 986 nm
for the HeLa cell line. Table 1 summarizes the local MLR models and the statistics of the full cross
validation (sometimes called Leave-One-Out “LOO” cross validation) [52] in the presence and
absence of the phenol red. In addition, the predicted versus the actual number of cells using the
calibration and cross-validation methods obtained from the local MLR models are shown in Figure
2(a)-(f) for L929, DU145, and HeLa cell lines. In this figure, the R? and standard errors of
calibration and cross-validation (R2, R2,, SEC, and SEE) for each model are included.

Table 1. MLR local models and cross-validation statistics for each L929, DU145, and HeLa cell
line to predict the number of cells in case of presence/absence of phenol red in culture media.

With phenol red

1929 DU145 Hela

SWs .,  SEE SWs .,  SEE SWs .,  SEE

(hm)y  Voo(cellsy % (m) v o(cellsy % (m) ¢V (Cells)

775, 099 5995 222E- 700, 099 7,498 7.01E- 700, 0.98 10,657 b5.86E-
841, 08 801, 08 801, 07
955 976 976

Without phenol red

L929 DU145 HeLa
SWs ,  SEE SWs .,  SEE SWs .,  SEE
(m) “voocellsy * (m) "V (Cellsy *  (m) "V (Cellsy ¢
736, 1 4771 129E- 736, 1 3,363 2.33E- 810, 095 17,442 9.44E-
941, 08 775, 08 861, 05
1015 805, 960,

906 986
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Figure 2. Predicted versus measured values of calibration (red) and cross-validation (blue)
results of local MLR models for quantification the cells: (a) and (b) for L929, (c) and (d) for
DU145, and (e) and (f) for HelLa cell line in case of presence/absence phenol red in culture
media, respectively.
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Predicted number (Cells)

A general (or global) MLR model for estimating the number of cells of the three cell lines

together (L929, DU145, and HeL a) in the presence (using SWs: 736, 775, and 805 nm) and absence

(using SWs: 745, 810, 861, 900, 960, 986, and 1010 nm) of the phenol red in the culture media

was constructed. The samples were designated as “PR” and “XPR” which means the presence and

absence of phenol red, respectively. Table 2 shows the global MLR models and the

Table 2. MLR global models and cross-validation statistics for L929, DU145, and HeLa cell
lines to predict the number of cells in case of presence/absence of phenol red in culture media.

With phenol red

SWSs (nm) R%, SEE (Cells) a
736, 775, 805 0.96 14,661 3.47E-20
Without phenol red

SWSs (nm) R%, SEE (Cells) a
745, 810, 861, 900, 960, 986, 1010 0.93 19,138 1.22E-14
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Figure 3. Predicted versus measured values of calibration (red) and cross-validation (blue)
results of global MLR models for quantification of the L929, DU145, and HeLa cells grown in
the medium: (a) with phenol red and (b) without phenol red.
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statistics of the cross-validation method in the presence and absence of the phenol red. Figure 3
displays the global MLR models for predicting the number of cells. The obtained values of RZ,
and SEE of the MLR models suggested its good predictive capacity and the appropriateness of the
selected wavelengths in the spectral region 700-1050 nm without any spectral pre-treatments.
The PLSR modelling was performed in two ways: firstly, a local PLSR model was created
for each cell line separately (L929, DU145, and HelLa) that is best adapted for a specific cell line.
Secondly, a global PLSR model was developed for quantification of the number of cells
irrespective of the cell line type. In both cases, models were built separately for the cells grown in
media with and without phenol red to discern the effects of phenol red on cell culture and
quantification. Quantitative modelling was first performed using PLSR analysis on datasets of
spectra for each cell line separately in order to build local models assuming that the accuracy of
prediction would be the highest and allow assessment of effects of phenol red treatment. Table 3
presented the PLSR model and validation statistics of testing different pre-processing techniques
for local PLSR models in both cases with and without the presence of phenol red treatments. From
Table 3, it can be observed that the removal of additive and multiplicative effects (scatter
correction techniques: SNV, MSC, and 1%/2" derivatives) led to poorer model performance. This
means that the baseline variations contain significant information for the quantification of cells,
which is in agreement with previous research reports about the quantifications of fat (globules),
protein (micelles), and somatic cells [53, 54]. Based on the quality measures for respective PLSR
models, it can be established that the best accuracy was obtained with the OSC pre-processing
method using one component, irrespective of phenol red treatment and cell line type as shown in
Table 3. The validation results showed R? higher than 0.99 using the OSC pre-processed spectra.
The treatment of phenol red improved the accuracy of cells number prediction in the case of the
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cancer cells (DU145: SECV = 250 cells and HeLa: SECV = 271 cells). However, for L929 normal
cells, the accuracy of the PLSR models was enhanced in the case of not including the phenol red
in the culture medium (SECV = 24 cells). In addition, the accuracy of quantification was poorest
for HeL a cells, and the best in the case of L929 cells. Figure 4 shows the results of calibration and
leave-one-out cross-validation methods of the local PLSR models developed using the pre-
processing by OSC (one component) for mean-centered spectra. This figure shows a good
agreement between the measured and predicted number of cells by PLSR model. Figure 5

Table 3. Local PLSR models and cross-validation statistics for each L929, DU145, and HelLa
cell line to predict the number of cells in case of presence/absence phenol red in culture media.

Case Pre-processing method  L929 DU145 HelLa
LVs R2, SECV LVs R2, SECV LVs RZ, SECV
(Cells) (Cells) (Cells)
None 5 099 12059 3 099 11685 4 099 8,064
> Smoothing (11 points) 2 099 12517 4 099 9348 3 099 11,275
b
S SNV 4 089 34022 6 086 37,709 5 0.79 44,570
g_ MSC 5 058 7383 2 083 41045 5 0.8 43929
= 1% Derivative (15 points) 7 069 55121 6 093 27,399 6 0.89 34,213
= 2" Derivative (15 points) 3 076 46,852 3 096 21256 2 0.78 45231
oscC 2 1 137 1 1 250 1 1 271
Case Pre-processing method  L929 DU145 HelLa
LVs RZ, SECV LVs R%, SECV LVs RZ, SECV
(Cells) (Cells) (Cells)
None 2 099 5570 5 096 23077 2 096 21,032
@ Smoothing (21 points) 2 099 5625 4 097 19351 2 0.96 20,993
g SNV 2 078 45562 3 096 18939 1 0.78 46,253
s MSC 2 078 45525 3 096 19,008 1 0.76 47,500
E 1%t Derivative (15 points) 2 062 60557 3 097 18,751 1 0.78 44,847
'g 2" Derivative (15points) 1 068 54,716 1 092 27577 3 0.74 48,440
0OSsC 3 1 24 1 1 1,364 1 099 7444
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Figure 4. Predicted versus measured values of calibration (red) and cross-validation (blue)
results of local PLSR models for quantification of cells: (a) and (b) for L929, (c) and (d) for
DU145, and (e) and (f) for HeLa cell line in case of presence/absence phenol red in culture
media, respectively.
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Figure 5. Regression vector coefficients of local PLSR models obtained from the best accuracy
of prediction of the number of cells of L929, DU145, and HeLa cell lines in case of
presence/absence of phenol red in culture media.
shows the regression vector coefficients of the PLSR models developed from Figure 4 for each
cell line. The lack of any marked peaks validates the fact that the scatter plays the important role
in the PLSR modelling instead of the absorbance [52]. It can be observed from Figure 5 that the
cells’ quantification is related to the variations of the baseline, in other words, the quantification
of the cells is based on the effects of light scattering by the cells. In addition, from Figure 5, in the
case of both DU145 and HeLa cell lines (cancer cells), the baseline effects are mostly additive
resulting in the shift of the baseline of the spectra. However, in the case of the L929 cell line
(normal cells), there are also multiplicative effects resulting in the change of the slope of the
baseline. Interestingly, the use of phenol red influences the scattering of light by cells which is
attested by the shifting in the regression vectors, but the shape is quite preserved. It can be deduced

that the building of the local PLSR models for each cell line resulted in high accuracy of the
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quantification of the cells. The quantification of the cells was better when L929 cells were grown
in the medium without phenol red, while on the opposite, the quantification accuracy for DU145
and HeLa extremely improved when the phenol red was included in the culture media. These
findings demonstrate the influence of phenol red on light-scattering properties, which are different
and dependent on the cell type.

Two global PLSR models in the case of the presence and absence of phenol red were
developed that allowed quantification of cells irrespective of the cell type. Various pre-processing
techniques were also used in order to extract the information related to the number of cells and
enhance the performance of the global model. The results of the cross-validation method of the
developed global PLSR models using different pre-processing methods are summarized in

Table 4. Global PLSR models and cross-validation statistics for L929, DU145, and HeLa cell
lines to predict the number of cells in case of presence/absence of phenol red in culture media.

Case Pre-processing method LVs R%, SECV (Cells)
None 5 0.98 13,007
g Smoothing 7 0.98 13,694
= SNV 3 0.73 50,343
3 MsC 3 0.62 60,740
E 1% Derivative 5 0.88 34,176
2 2" Derivative 7 0.75 49,802
0sC 1 0.99 7,754

Case Pre-processing method LVs R%, SECV (Cells)
None 5 0.93 26,577
2 smoothing 5 0.94 25,447
2 snv 3 0.79 43,826
S MmscC 3 0.8 43,606
3 1 Derivative 5 0.88 34,380
S 2% Derivative 2 08 41,279
0sC 1 0.97 17,008
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Table 4. 1t is clear from Table 4 that also for both global models, OSC pre-processing using one
component produced the best accuracy of quantification and resulted in a simple model with only
one latent variable. Compared to the established local models for each cell line, the global models
showed a significant decrease in the accuracy of predicting the number of cells. This implies that
local modelling considers the specific characteristics of each cell line which is a better choice in
quantitative modelling. Furthermore, from Table 4, the phenol red in the cultured medium resulted
in improved accuracy of cells’ quantification. The relationship between the measured and
predicted number of cells using the global PLSR models developed using the pre-processed spectra
by the OSC method for both cases with and without phenol red treatments is shown in Figures 6(a)
and (b), respectively. It can be inferred that the phenol red has effects on the cells, in the terms of
diminishing the differences between the individual cell lines. This is in good agreement with the
findings of our preceding study, wherein in the case of discrimination between the three cell lines,
cells cultured in media including phenol red showed diminished class distances in discriminative
models [33]. As can be seen from Figure 6(a), it is evident that phenol red in the cell culture media
led to a diminishment of the error and decreased differences between the three cell lines. This
confirms the influence of the phenol red on the characteristics of the cells and their subsequent
interaction with near-infrared light. On the other hand, for the cells grown in the media without
phenol red as presented in Figure 6(b), there is a small error between the measured and predicted
number of cells at a small number of cells. Whereas, at a higher number of cells, the error increases
and the distinction between the cell lines is more pronounced. The regression vector coefficients
of the PLSR global models of the three cell lines (L929, DU145, and HeL a) are presented in Figure
7. Apparently, the regression vectors of the global PLSR model established for the case of cells
grown in media with phenol red (solid line) show a higher magnitude of coefficients. This can be
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Figure 6. Predicted versus measured values of calibration (red) and cross-validation (blue)
results of global PLSR models for quantification of the L929, DU145, and HeLa cells grown in
the medium: (a) with phenol red and (b) without phenol red.

18000

— With phenol red
1 - - - Without phenol red

©
o
- ©
o

L]
2
£ ~
& 17500 - \_/R/'
L
E
3
3 17000 -
ol (=3
2 2
(] b= v A
> 16500 o v
=
]
-]
]
% 16000 -
D V7
(1’4 v
15500 -
15000 r r r
650 850 900 950 1000 1050 1100

Wavelength (nm)

Figure 7. Regression vector coefficients s of global PLSR models for quantification of L929,
DU145, and HeLa cells grown in the media with and without phenol red.

attributed to the increased scattering of light by the cells. However, the shape of the regression

coefficients is very similar for both models. This revealed that both global models are based on
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variations of the spectral baseline in connection to the number of cells. Despite the dominant effect
of scattering, absorbance bands can be observed in the regression coefficients and almost
comparable absorbance bands characterize the regression coefficients of the two global models.

In the NIR spectral region, particularly at the region below 1000 nm, the scattering strongly
dominates over absorption. It was reported in various works that this region can be used as a source
for quantitative information on light-scattering of colloidal particles [52, 55-57] which can explain
the findings acquired in this work. The main factors affecting the scattering of a single particle or
a collection of particles are the refractive index difference between the particles and the matrix,
the size of the particle, and the wavelength of the incident light [58]. It is most likely that the
refractive index of the matrix (the medium in which the cells were grown, and the highest
component of the medium is water) is affected by the presence of phenol red.

For more investigation, we examined the difference in influential variables between the
created local PLSR models depending on the presence (PR) and absence (XPR) of phenol red in
the media where the cells were grown. For this purpose, the regression vector coefficients of the
corresponding models were detrended to eliminate the slope, and then the difference between the
regression vector coefficients of PR and XPR models was calculated. The plots of regression
vector coefficients after detrending and the result of their subtraction are presented in Figures 8-
10 for L929, DU145, and HeLa PLSR models, respectively. Interestingly, the highest differences
in regression coefficients in all models are located in the same region which is known as the 2"
overtone of water (approximately around 900-1000 nm). The largest differences in this region can
be observed at bands: 915 and 945 nm for L929 cells, 955 and 986 nm for DU145 cells, and 930,
945, 970, and 976 nm for HeLa cells. Obviously, there is a difference in these particular bands in
the terms of their importance as influential variables for building the PLSR model. This difference
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depends on whether the cells were grown in the absence or presence of phenol red and is specific

for each cell type. The assignments of the bands that are of importance (the highest bands) for the
accuracy of the PLSR models depending on the presence of phenol red in the culture media are
given in Table 5. Since the bands' positions were in the 2" overtone region of water, their
assignments were found based on the calculated position in the 1% overtone of water as presented
in Table 5. The bands shown in Table 5 are the 2" overtones of the well-known Water Matrix
Coordinates “WAMACs” in aquaphotomics (water absorbance bands attributable to vibrations of
the particular water molecular species) [59]. This confirms that the presence of phenol red has an
influence on the cells’ culture media by changing the water structure. Further, considering that
different bands are affected by the type of the cells, the water structure of the media is a result of
both influences of cell metabolites and phenol red. As a result, for the DU145 cells, the specific
bands 955 and 986 nm, i.e., water dimers and tetramers are affected; in the case of HeLa cells are
water trimers, solvation shells, free and quasi-free water molecules, while in the case of L929

Table 5. Assignments of the bands found to be of importance for cells quantification accuracy
using PLSR analysis, depending on the presence of phenol red in the cell media.

Band position in 2@ Calculated position in 15t overtone  Assignment / WAMACS [59-61]

overtone of water (nm) of water (1300 - 1600 nm)
915 13725 C3 — v +v3: Water symmetrical
stretching vibration and water
asymmetric stretching vibration
930 1395 C5 — Water molecules confined in
the local field of ions
945 1417.5 C5 — Free water molecules, So
955 1432.5 C6 — S1: Water molecules with 1
hydrogen bond
970 1455 C8 — Water solvation shell, OH-
(H20)45
976 1464 C9 — Water molecules with 2
hydrogen bonds, S,
986 1479 C10 — Water molecules with 3

hydrogen bonds, Ss
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cells, in particular free water molecules. It is important to point out that in the case of L929 cells,
there is a small difference between the regression vector coefficients at hydrogen-bonded water
wavelengths (> 945 nm), and this makes a stark difference when compared to DU145 and HelLa
cells where the largest differences were observed exactly in hydrogen-bonded water. Since in all
cases the phenol red caused changes in the molecular structure of water, the refractive index must
also change. This can be explained by the refractive index dependence on the molecular structure
[62] of the matrix, resulting in different scattering properties of each cell line media and different
quantification outcomes.

The results of this study should also bring more realization to the so-called “Observer
Effect”, an important and frequent experience in biomedical research, where the tools used to
facilitate observation may exert unrecognized and often undesired effects on the underlying
biology [63]. While the phenol red is routinely used in laboratory practice, its effects on the system
the researchers are working with are still unrecognized. This study showed the effective treatment
of the phenol red dye towards better quantification of the cultured cells. Furthermore, the molecular
structure of water is not yet recognized as an important experimental variable and parameter that
should be considered in research studies. It was shown here that the molecular structure of water
was altered by the presence of phenol red in the cells’ culture medium. The findings of this study,
therefore, enhance awareness of these issues and revealed the informative power of NIR
spectroscopy and aquaphotomics in this regard.

4. Conclusion

This work presented the application of NIR absorbance spectroscopy data to quantify the
number of cultured cells. Three cell lines including cancerous cells (DU145 and HeLa) and normal
cells (L929) were used. The number of cells for each cell line was ranging from 50,000 to 275,000
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with an interval of 25,000. The Vis-NIR absorbance spectra (400-1100 nm) were measured for
each number of cells cultured in media with and without phenol red. To quantify the number of
cells for the three cell lines, the local and global regression models using multiple linear regression
(MLR) and partial least squares regression (PLSR) were developed in the NIR region (680-1050
nm). It was revealed that the MLR and PLSR models for the quantification of the cells produced
high prediction accuracy with R? > 93%. It was noticed that the accuracy of the local and global
PLSR models, especially for cancer cells was higher in the case of cultured cells in media including
phenol red dye. This can be an important finding in this work which showed the implication of
phenol red in cell culture media towards the quantification of the number of cancerous cells. The
proposed method in this study can be considered a novel and rapid approach for quantifying the
number of cancerous cells.
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