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Abstract: The cell concentration measurement on a culture assay using bioimpedance is a very
useful tool, but it is complex to translate impedance to cell concentration values. The purpose of this
work is to find a method to obtain in real time the cell concentration values for a given cell-culture
assay using an oscillator as the measurement circuit. From a basic cell-electrode model, enhanced
models of the cell culture immersed in a saline solution (culture medium) can be derived. These
models can be used in a fitting routine to real time estimation of the cell concentration in a cell
culture, using the oscillation frequency and amplitude delivered by measurement circuits proposed
by the authors. Based on real experimental data (frequency and amplitude of oscillations) obtained
by connecting the cell culture to an oscillator as a load, the fitting routine is simulated, and real time
data of cell concentration is achieved. These results are compared with concentration data found by
traditional optical methods for counting. In addition, the error obtained is divided and analyzed in
two parts: in the first part of the experiment (when the few cells are adapting to the culture medium)
and the second part of the experiment (when the cells grow exponentially until they completely
cover the well). Low error values are obtained in the growth phase of the cell culture (the relevant
phase), therefore the results obtained are considered to be promising, proving that the fitting routine
is valid, and that the cell concentration can be measured in real time using an oscillator.

Keywords: bioimpedance; cell culture; Computer Aided Design (CAD); electric model; Fractional
Order (FO); microelectrode; Oscillation Based Test (OBT)

1. Introduction

In recent years, a lot of research has been focused on growth monitoring of a cell-culture (CC)
assay for the development of a non-invasive, cheap and robust technique [1-5]. Biomedical setups
focused to toxicology assays [6], cancer characterization experiments [7,8], biochemical [9], immune-
assays [10], stem cells differentiation protocols [11], etc., seek to quantify the number of cells for
characterizing a diversity of research objectives and techniques [12,13]. The modeling of a biological
sample (BS) allows to know its electrical behavior and several useful parameters. In many cases these
models are not useful by themselves to obtain the required result. For this reason, the main purposes
of this work are to improve the existing models and to develop an automatic procedure to obtain in
real time (RT) the concentration of a CC.

ECIS (electrical cell-substrate impedance sensing) technique senses the electrical response
generated on a BS ([14,15]), the CC, when it is excited with an alternating current or voltage electrical
source at several frequencies, as consequence of its conductivity properties. The current-voltage
relationship, or Ohm'’s law, returns an impedance value with a real part and an imaginary part, the
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so-called Bioimpedance (BI). Since the current applied to the BI must be very low, the ECIS technique
requires precise and robust electronics [16]. The CC is immersed in an ionic solution, the culture
medium, and the cells of the CC settle on the substrate of the culture well, where the electrodes are
placed. The ideal use of this technique would be to inject a signal whose amplitude and frequency
are set at their optimum values, i.e., the values most sensitive to a change in BI. In this way, the value
of the BI is obtained, but to understand its value, a model of the electrical behavior of an electrode
immersed in an ionic solution must be used. There are some works focused on modeling BI by solve
electrical system equations [1,5] or performing finite elements simulations [17,18] of the whole
system, which comprises CC and electrodes.

Reference [5] models the electrochemical behavior of an electrode immersed in an ionic solution.
The electrical behavior of an electrode immersed in an ionic solution is modeled as a resistance (Rct)
in parallel with a capacitor (Ca), whose total impedance is Z. (Figure 1a). Spreading resistance (Rs) is
the opposition to current flow through saline solution in contact with electrode. When CC growths,
it covers the electrode as a cell layer. The cell layer, act as an impedance whose effects is added to the
effect of the electrode. In that way, the real electrical behavior of the cell-electrode (CE) system has
been reported in [19]. Figure 1b shows the layout of the electrical model components in a real CC.
The electrical model presents the division of Re: and Ca in two parallel branches, modeling the
electrode area (A¢) covered by cells (Ac) and not covered by cells (Axc).
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Figure 1. a) Model of electrode immersed on an ionic solution. b) Basic cell-electrode model.

Since cell growth is the main parameter to measure, the electrical model must include a
parameter that acts as an indicator of cell growth. This parameter is the fill-factor (ff), which is the
percentage of electrode area covered by cells in %1, i.e., if Ac = A. the value of ffis 1, but if Ac=0 the
value of ffis 0. In that way Ret1, Cai, Rerz and Carz (electrode model parameters covered and not covered
by cells) are defined by the next expressions:

Rt
Rm = l_cﬁp Cdll = Cdl (=1 o
R't
R,=—= Car=Cy- I

A

The TF which models the CE impedance is obtained by solving the circuit of Figure 1b. Equation
(2) shows the BI TF, Zck (s), which has been parameterized.
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This is the basic model, the Single-Electrode Well (SEW) model, considers that electrodes under
the cell is a unique big electrode. On this work, two more models (improvements of the SEW model)
are proposed, which consider the real electrode composed by 10 microelectrodes and 1 large reference
electrode: Real-Electrode Well (REW) model and Fractional-Order Well (FEW) model.

This work is based on the measurements obtained for the author works [19]. In these, the
measuring circuit is an oscillator. From the frequency and amplitude of oscillation, which varies with
ff, it is desired to obtain the cell concentration in real time (RT), by using the Barkhausen stability
criterion (BSC), which is the mathematical condition that the closed-loop feedback system must fulfill
to obtain sustained oscillations.

The objective of the presented work is to evaluate the impact of proposed electric models for cell
cultures and electrodes, on the description of assays time evolution, in such a way that it will be
possible to predict the cell number and density from initial time of the experiment, until its confluence
phase. The work presented in the next will describe the electric models employed by us, and the
computer algorithms developed to make real-time predictions for cell-culture status.

2. Material and Methods

On this work, the combination of model fitting, the use of the Oscillation-Based Test (OBT) as
a sensor and the minimization of a cost function (CF) have the main target of predict ff values, and
cell concentration in real-time (RT), i.e., during a real growth experiment of a CC assay. First, a routine
will be designed (based on the previous work [20]) in which a real experiment is simulated and the
value of ff is predicted at each moment, as well as the cell concentration. This routine will be tested
using the REW and FO REW electrical models on data obtained from experiment with three cell lines.

The first cell line is formed by Chinese hamster ovarian fibroblasts: This cell line is identified as
AA8 (American Type Culture Collection). This sample is immersed in McCoy’s medium
supplemented with 10 % (v/v) foetal calf serum; 2 mM L-glutamine, 50 pg/ml streptomycin and 50
U/ml penicillin.

The second and third biological samples under test are two Mouse neuroblastoma cell lines. The
N2a cell line and its cell line stably expressing wildtype human amyloid precursor protein, N2a-APP.
Cells were cultured in medium consisting of 50% DMEM High glucose (Biowest) and 50% Opti-MEM
(Gibco) supplemented with 10% (v/v) foetal bovine serum (FBS) (Gibco), 2 mM L-glutamine, 50 pig/ml
streptomycin and 50 U/ml penicillin (Sigma-Aldrich). N2a-APP was also supplemented with 0.4%
Geneticin (Gibco).

Reference
1

Reference Flectrodes
Electrode

= W N
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Figure 2. SWI0E PET Applied BioPhysics electrodes. Eight separated wells with ten circular
biocompatible gold microelectrodes of 250 um diameter, and a large reference electrode with an area
approximately 400 larger than each circular microelectrode.

All cell lines were maintained at 37° C in a humidified atmosphere with 5% CO2 and they were
routinely subcultured. Different initial number of cells (Niu) was seeded for our experiments: 2500,
5000 and 10000 cells. The AAS8 experiments start with a Nini of 2500 cells in wells 1 and 3, 5000 cells in
wells 4 and 5, and 10000 cells in wells 7 and 8. On the other hand, the N2a and N2aAPP experiments
start with a Nixi of 2500 cells in wells 2 and 6, 5000 cells in wells 3 and 7, and 10000 cells in wells 4 and
8. The employed culture-wells are commercial from Applied Biophysics (model SW10E PET) [21]. It
contains eight separated wells with ten circular biocompatible gold microelectrodes of 250 pm
diameter each.

2.1. Bioimpedance Modelling
2.1.1. Real-Electrode Well Model (11 Electrodes)

REW model considers the real electrode structure, 10 microelectrodes and one big reference
electrode. Figure 3 shows the block diagram of the REW model, between voltage Vce and ground.
There are 10 microelectrodes, e: to e, and the reference electrode, er. Each electrode is composed by
the model of the electrode of Figure 1. The only difference is the value of the reference electrode
parameters, since depend on the area of the electrode. To reduce the complexity of the model, it can
be used the relationship between the parameters of the microelectrode model and the reference
electrode model (it is considered that Rgp takes the same value for microelectrodes and reference
electrode). The relationship between Ret and R (reference electrode R« parameter), Ca and Car
(reference electrode Ca parameter), and Rs and R« (reference electrode Rs parameter) can be derived
from [5] as,

@ —"a’t 5R,=R Q
RCt Are R(.’t v “ Are [ ]
C C,-A )
= Aer =€y =C, Ijr [F] 3)
Cdl Cdl T e e
. 4../4
ST p \/; e —)R =R Ae [Q]

e
el Ri Rs
Z.ck(s) ITH ”
VCE e2 er R2
o—-| Z.ck(s)
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Figure 3. Real-electrode well (REW) model of the well. It has ten microelectrodes (e: to ew) and one
big reference electrode (er).
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where A is reference electrode area, and p is the electrolyte resistivity of the saline solution. Since
the Ae/ Ar factor is repeated, can be defined ke as ke = Ae/ Ar.. Therefore, the parameters of the electric
model of the reference electrode are:

C
Rctr = Rct ’ ke Cd[r = k_dl Rsr = RS ’ \/E (4)

e

Using the relationships between parameters of the microelectrodes model and reference
electrodes model, Zuer (s) can be defined as TF of the REW model. It is composed by a gain, one pole
and one zero. The TF is very complex, but can be simplified for the case of ff—0 (electrode empty of
cells) and ff—1 (electrode full of cells, or confluence phase), and obtain the pole, zero and gain
expressions for both cases:

, -1 R,-(1+10-k,)+ R, -(1+10- Jk,)

>0 A~ Zhpso =~

e R, T C,R,R, -(1+10-Jk,)

, -1 R,-(1+10-k)+R -(1+10-Jk,)+11-R
BN Zp =~

m=eouR, T CuR, (R -(1+10-Jk,)+11-R,,)

)
1 1
KUY =R | —+k, |[+R -| —+./k
well ct [10 ej s (10 ej
K720 = R .[iJrk)JrR (iJr n j+11.&
well ct 10 e s 10 e 10

Working with the equations of poles and zeros, the values of R« and Ca for ff—0 and ff—1 are
derived:

RI— CR10-Jk) Py =2 0)
Py (1+10-k,)
=% -(1+1o-\1/z_1)(?'(1; —z, )
s e J=0 =0
e R A+10-JK)+11R ) (Pyoso = Z00)
“ Dy (1+10-k,)
Fol 1+10-k,
LRI KU R) (P~ 2 )
To improve the fitting, it is considered that Rs parameter changes with ff, as described in work

[19]. Then Rs is splited on two terms Rsi and ARs, and R;(k) = Rs; + ff™(k) - AR;. The expression
means that when ff—0, Rs takes a value of R, and the value of ff on each moment k increments the

(6)

value of Rs.

2.1.2. Fractional Order Model

Fractional Order (FO) models are based on the premise that the order of a differential operator
can be non-integer. It can be defined the FO Constant Phase element (CPE), which is used to is used
to perform the characterization of electrodes for bioimpedance measurement of animal tissue. In
combination with the reference [22], CPE can substitute the Ca term on the REW model to obtain a
FO model. Capacitors of the CE model are replaced by CPE described with FO operators,

1 1

Can a, Cara a, ( )
s Cyy s%Cy,

where ai and v are the FO order of the reactances X, and Xc,,. Then, as in previous section, the
TF for the cases ff—0 and ff—1 can be obtained:
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where A =5 0<g, <2

Note that, when ff—0, a2 has no influence in the system behavior, and, when ff—1, a: has any
influence in the system behavior. Since changes on a: and a: modified the slope of magnitude and
phase of frequency response ARs ([19]) becomes redundant and can be removed from the FO model.
Due to the high complexity of the model (cross products of a: and az), the model is implemented in
a different way than the previous section. REW model has been implemented completely to obtain
its parameters, while FO models are, in this case, implemented in a transitional mode. This means
that, considering that the pole is constant for any value of ff, a transition from zs_, to zgr_, and
from k‘f/’;l_l)o to kX771 s implemented using ff to change from Z 77202.) to Z/7°%(1,). Then, the

well well well
implemented model is:

pA+z
Zwell (2'1,12) = kwell ;m (9)

where p = psr0 = Prro1 and,
z=(l—ﬁ’)-zﬁp_>0+ﬁf-zﬁp_>1
Foen = (U= )kl + A -l (10)
A=1=1)-A+ 14

2.3. Cost Function

During the RT estimation, the models previously described receive the values of oscillation
frequency and amplitude (f;z and acg) and return the value of ff and cell concentration. On the next
section, the process to use the model to predict ff on real time is explained, but this task need a way
to obtain some parameter (including ff) from the BSC. The BSC is the mathematical condition that the
closed-loop feedback system must fulfill to obtain sustained oscillations. An oscillator must meet
some conditions to get self-sustained oscillation, being one that should include a linear part, G(s = jw)
in Laplace domain, and a non-linear part, N(aos, fosc), where G is the transfer function of the linear part
of the circuit, s is the Laplace operator, j is imaginary unit and wos is the oscillation frequency on rad/s
being its value wosc = 27tfos, and N is the linearized model of the non-linear part of the circuit (an
electronic comparator on the present work). Note that fosc and aosc are not the same variables as f;¢
and acg, but foc and o can be easily estimated using some internal gains of the oscillator circuit. As
the objective of this work is not to explain in detail the oscillator circuit, the calculation of the
oscillating variables will not be explained in detail, since their computation is trivial. Then, according
to the BSC, the condition the circuit must meet is:

f(aosc’fasc) = 1 + G(S = ja)osc)' N(aasc7fosc) = O (11)
where f(aosc, fosc) is a complex function that depends on fosc and aose. This function can be rewritten as:
f(aosc > fa:c) = hl (aosc > fo:c) + ] : h2 (aosc > f‘osc) (12)

where h1 and h2 are the real and imaginary parts of f(aos, fosc). The main goal of using BSC is obtaining
the oscillation parameters. Then, since oscillation condition function must be equal to 0, in phasorial
form, the condition is:


https://doi.org/10.20944/preprints202305.0552.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 9 May 2023 d0i:10.20944/preprints202305.0552.v1

7
f(ansc’fosc) = hl(ﬁ = 0400
e TR =0 N

h
=tan'| 2 |=0°
’ (hlj

where h and ¢ are, respectively, the module and angle of f(dos, fosc) and must be equal to 0 and 0° to
meet this condition. There are now the equations of the real part and the imaginary part of the BSC,
which must be satisfied in order to have self-sustained oscillations. Using these equations two
parameters of the system could be obtained if all others were known, but in this case, for the ff
estimation process, this is not possible. Therefore, a cost function will be minimized to ensure that
the BSC is satisfied, so that the values of more than two model parameters can be obtained on each
moment in combination with the fitting routine (next section). The best way found to meet the
condition is to use the module of the complex number h(aos, fosc). Then, the CF can be defined as:

h(aosc > f;sc) = \/hl (aosc > ﬂsc )2 + h2 (aosc > f;sc )2 (14)

The fact of hi(aosc, fosc) and hz2(dosc, fosc) are squared assures they cannot compensate each other.

2.3. Fitting Routine

The key problem of knowing ff at each time of a real experiment is that the values of oscillation
frequency and amplitude (f;z and acg) when well is totally covered by cells (ff — 1) are not
available. That is, you can estimate the parameters of the models at the beginning of the experiment,
where there is any cell in the well (ff — 0) , but there are certain parameters that have no influence
on the behavior of the system at this point. These parameters are Rgw, Zsf_1, ARs (for the REW model),
and also a: (for the FO REW model). The designed routine is as follows:

1. Estimate initial values of fce and ace: Figure 4 shows the block diagram of the step 1, where the
initial routine is presented in graphic form. During the first hours or days of the experiment, the
mean of the last 5 values of f;z and acy measured is calculated (fzz and @cz). As the sampling
time (time between measurements) is 1 h, the average of the last 4 hours is taken together with
the values just obtained. After each measurement, after calculating the mean, a check is
performed to verify whether the values obtained are greater than the mean of the new
measurement plus a margin (k» = 1.005). If this condition is met, showed in (15), the lowest f¢g
and agg are stored as minimum values. Figure 4 also defines the initial value of Rgyp and the
value of the constant k». Note that the index j is the time index, and goes from 1 to jm. During
the calculation of fyz and @c jis incremented from 1 until (15) is satisfied. jme is the maximum
value of j, and its value is defined by the number of measurements taken during the real
experiment.

(fer () > fee G =Dk, ) & (ace () > ace (G =Dk, ) (15)
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R,, =600 Q
k, =1.005
Jj=1

j=j+1

—————— /0. (G~ ) = mean(f,(max(l, = 4): )
E(j —1) = mean(a . (max(1, j—4): j)

(fer (D> fer G =Dk,
&
(ace (/) > ac, (=1 -k,

Step 2

Figure 4. Step 1: Block diagram of step 1 of RT simulation, whose target is to find the mean around
the fer and acp minimums.

2. Computation of the initial parameters of the electrical models: Using the minimum f; and
acp estimated in the previous step, the initial parameters of the electrical models are fitted. The
prediction is performed using the method of CF minimization. For the REW model the
parameters p—1 (which met that pg—o = pg—1), Rsi and z¢—0) are calculated, and the values of
Re™9 and Ca#™9 can be derived from these using the two top equations of (6). For the FO REW
model the parameters p—1) (which met that pg—o = pg—1), Rs, z¢—0 and az are calculated, and the
values of R#% and Calf% can be derived from these using also (6). The initial parameters
calculated are the same for all #(j), and therefore they are not re-estimated during the simulation.
The whole process of estimating the initial parameters is illustrated in the Figure 6 block
diagram, which starts from the results of Step 1 and ends at the beginning of the third and last
step.

3. Real-time estimation of ff: The last step and the goal is to predict in RT the parameter ff. The
computation of ff, once the initial parameters of the models are obtained (previous step), is
performed for all the previous measurements and for all the measurements that will be
performed until the end of the experiment. Figure 5 describes the whole prediction process.
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Figure 5. Step 3: Block diagram of step 3 of RT simulation. Describe, after obtaining the initial
parameters, the simulation process from j =1 to j = jmax.

Step 1

REW model
or
FO REW model

REW model FO REW model
CF minimization of REW model CF minimization of FO REW model
min(h(@,f_@)) = PRz min(h(@,f_@)) = Py RisZy 0.0

'

Step 3

Figure 6. Step 2: Block diagram of step 2 of RT simulation, whose target is to find the initial parameters
(ff = 0) using the values of fz and @gz.

First, the time index j is initialized to start the estimation of ff from j =1 to j = jmw. The
minimization attempts to obtain the values for each j-measure of the parameters: ff, Rew, z¢—1) and
AR:s (for the REW model), : ff, Rew, z—1) and a2 (for the FO REW model) using f-£(j) and acg(j). For
this purpose, a loop is used to increment the index j from 1 to jma. Inside the loop, for each value of j,
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the CF minimization function is used to obtain the candidate values of the parameters to be calculated
that obtain a lower fua value (minimum value of h(aos;, fosc)). These candidate values are indexed by the
indices m (from 1 to mme) and n (from 1 to nmw). m and n index are internal to the CF minimization
function, so the parameters computed inside the function (ff, Rgs, etc.) indexed with m and n are not
the same as the parameters outside the function. When the parameters with the best fu are obtained,
among all, the ones with the lowest fon are chosen and assigned as the values taken by the parameters
for time j. Inside CF minimization function, the first step is to define the bounds of these parameters,
which are shown in (3.2). ff bounds changes for each j-estimations, but the bounds of the others
parameters remain constant for all j-estimations depending on the experience collected in the
previous sections of this work.

ey =[fG-D=-02 ff(j-1+0.2]
R =[0.1 o] Zyw=[10° 10°] (16)
ARSboundx — I:_Rsff—)() 4. RS[7—>0:| a;’m‘"ds = [09 al]

e s . . . o ey . ini
CF minimization is performed using as initial values those shown in (3.3). As can be seen, Rgap

ini

and zj ,, have four and two initial values, respectively. The index m moves along the vector R;”a;

ini

(from 1 to mmax = 4) and the index n moves along z;, (from 1 to rme = 2). This is due to the fact that

for each j-estimation several minimizations of the CF are performed, as many as possible
combinations of the initial values, i.e., eight minimizations. The main purpose of this approach is to
find the point that achieves the lowest fui, in a robust and computationally time efficient way. As a
result, a matrix of values is obtained at each time j for each of the estimated parameters. This process
is performed for each value of j, after which, when exiting the function and as already explained, the
values of the parameters for which fu is minimum are chosen (note that there is an for for each value
of the matrix mxn, and there is a matrix mxn for each value of j).

T =0G=D
Ry =[10 100 10° 10*]
4, =10 10']
AR™ =0 ol =1

(17)

The steps described above are applied for each value of j for each well of each cell line,
performing simulations that do not consider the future values of fcz and ac, using the REW and FO
REW models. The following section shows the results of this simulation procedure of the real CC
assay experiments, which predicts the cell concentration in RT.

3. Results

The RT simulation method is finally designed to be implemented in a prototype to report the ff
and cell concentration values after each measurement. As the required sampling time is 1 #, the time
to perform all the necessary mathematical operations is not a critical point. This means that the
computation time of the initial parameters, the ff, and other parameters for each measurement, is not
a critical problem.

The metric used to determine the level of accuracy of the method is the error in the calculation
of the cell concentration. From traditional optical counting methods, the cell concentration could be
obtained (defined as Ciai), getting one concentration value per day (time step of 24 h). Cina is
compared with the cell concentration obtained in RT (Csin). Csim is obtained using the following
expression,
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A4

c

~ A
(ff;lm (J)J (18)

Csim (]) = A

well

where ffim is the vector of ff values obtained from RT simulation, Csin is the cell concentration
calculated using ffsim, Ac is the cell area and Awen is the well area. It is also desired to compare Cia with
the ideal concentration (Ci), which would be obtained if there were any error on the ff RT estimation.
The error in the estimation of the ff will be measured with respect to the deviation from its ideal final
value. It is considered that for the maximum ff obtained in the simulation, the error is the difference
between the maximum value obtained and the maximum value that ff should reach, i.e., a value of
0.99. Thus, it is possible to calculate the real ff curve that should have been obtained for each well
using the following equation,

099 (19)

kff max(ﬁ‘sim)

where ffi is the vector of theoretically real values of ff and kg is the factor applied to ffin to obtain ffi.
Then, Ciis derived as follows,

. Awell
(ﬁ[" @ )Aj (20)

Ci(j)z 4 .

well

The metrics for measuring accuracy are the mean relative error on the cell concentration (er), in
percent (%), defined as follows,

erm..s‘im = z CSim (jtrad) _ .(jtrad (jtrad )|
Jrad Ctrad (J trad )
e"mj = Z |C1 (jtrad) B Cjtrad (jtrad )|
Jirad C wad ( -]tmd )

21)

where jira is the index of the cell concentration obtained by traditional optical method.

As example, Figure 7 shows the cell concentration estimated in the RT simulation for Niu of 2500,
5000 and 10000 cells using the experimental data obtained from AAS cell line. Lines blue and red
present the cell concentration obtained by using the FO REW model using ffim and ffi respectively.
Lines yellow and purple present the cell concentration obtained by using the REW model using ffeim
and ffi respectively. The last line, in green, present the cell concentration obtained using the traditional
optical counting method. As can be seen, the FO REW model performs a little worse than the REW
model on the final point (¢ = 120 k). In addition, the graph also shows that the higher the initial
concentration, the more accurate the cell concentration estimation method.
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Figure 7. AAS cell line cell concentration comparison between RT simulation using FO REW model
(obtained from ffsin in blue and ffi in red) and REW model (obtained from ffsin in yellow and ffi in

purple), and traditional counting method (g

reen ).

The main results (and conclusions) are obtained from the mean relative error data. Then, the RT
simulation results of the three cell lines used on the present work (AA8, N2a and N2aAPP) must be
compared. The data will be analyzed and compared, as well as divided into sections of the
experiment. There are two main sections (time windows) of interest: the initial section, where the
cells adapt to the culture medium and adhere to the bottom of the well (ff—0), and the section from
the beginning of growth (exponential phase) to the saturation phase of the well (ff—1).

Table 1 shows the em of the cell concentration for the three cell lines of the whole experiment.
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Table 1. Cell concentration mean relative error, in %.
Nini 2500 5000 10000
Line AAS8 N2a Na2APP AAS8 N2a Na2APP AAS8 N2a Na2APP

e®™" %]  59.37 37252 39643 3756 15433  219.13 4640 8380 2551

rm.sim

e %] 68.47 43092 44378 46.70 173.84 27115 49.79 9149 2231

rm.i

el o] 3334 20513 23865 3679 100.82 10222 4070 56.00  45.56

rm.sim

e"OR%]  41.04 27554 27667 3161 12935 13565 31.19 5511  30.58

rm.i

Table 2 shows the em of the cell concentration for the three cell lines. The error shown is the em
of the cell concentration curves during the first hours and/or days of the experiment, i.e., from the
time the CC assay is seeded until the moment when it starts to grow significantly (beginning of the
exponential phase). On the first simulation period, em are larger than the total em (Table 1).
Specifically, the REW model returns much larger errors than the FO REW, since it does not obtain
good results for low ff.

Table 2. Cell concentration mean relative error, in %, before to start the CC assay growth (t < 40 h).

Nini 2500 5000 10000
Line AAS8 N2a  Na2APP AA8 N2a Na2APP AA8 N2a Na2APP

e 1%] 120.6 10829  946.0 888 3904 5159  111.1 2002 31.4

rm.sim

e %] 1289 12524  1056.6 101.1 4725 6167 1186 230.6 25.6

rm.i

OV 525 5186 535.4 385 1764 2292 69.7 789 62.2

rm.sim

OV %] 683 7714 629.5 552 3279 2959 641 1174 52.5

rm.i

The opposite case is the e for the second part of the simulation, which are detailed in the Table
3. The em in the second half of the simulation is much lower than in the first half. The most notable
difference is found in the simulations using the REW model, since there is a large difference in error
between the first and second frame, with the second one providing much better results (at the
accuracy level of FO REW model). Another point to note is that, in general, better results are obtained
at higher Ni:i. Finally, it should be pointed out that the first section of the simulation is not as
important in terms of predicting ff and cell concentration. Therefore, these data are quite acceptable,
and provide a useful starting point for an improvement in the models and the method of simulation
and parameter computation.

Separate analysis of the two zones of the experiment has provided interesting results. The cell
concentration of a CC assay can be estimated in RT by connecting the CC assay as a load to an OBT.
The errors are still large, but with some improvements of the algorithm, and of the OBT measurement
prototype, the error should be greatly reduced. Also, must be notice that the e obtained, in terms of
cell concentration, depends on the cell line, because the lines with a lower Ac (N2a and N2aAPP) reach
much larger error values than the cell line with a higher A: (AAS).

Table 3. Cell concentration mean relative error, in %, after to start the CC assay growth (¢ > 40 h).

Line AA8 N2a Na2APP AA8 N2a Na2APP AA8 N2a Na2APP
e’ %] 28.7 173 30.0 119 363 21.3 140 256 21.6
e %] 383 202 35.2 195 245 40.8 154 219 20.1

et MW og] 238 484 40.8 359  63.0 17.6 262 445 345

rm.sim

i V7| 274 276 41.4 19.8  30.1 28.8 148 239 15.9

rm.i

d0i:10.20944/preprints202305.0552.v1
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3. Conclusions

The method of minimization of a CF has been used to obtain the optimal values of the model
parameters that meet the BSC for each value of fce and ace. Due to the complexity of the used models
(REW and FO REW) it is not easy to achieve good enough fitting results, since there is a considerable
number of parameters to calculate at each moment, and small variations in one of them can make the
value of the parameter ff differs from its real value. In addition, the fce and ace data for some cell lines
are worse than the data for others, due to small voltage signals for amplitudes, as the prototype
measurement is still in the experimental phase. Even with these difficulties, it has been possible to
successfully estimate the RT cell concentration present in a CC assay, although with a certain margin
of error. Considering the variability of cell concentration, and the studies performed up to now, it can
be considered that the results are promising and good, being a useful method, but should be
improved in future works.

It has been proved that the cell concentration can be obtained in real-time during the
performance of a cell growth experiment employing the methodology described in this work. The
errors found, while significant, can be reduced by improving the measurement circuit and the
algorithm for calculating the cell concentration.
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