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Abstract

A macrokinetic model is proposed to simulate the growth and metabolism of myeloma cell line in batch and fed-batch cultures. The model
describes glycolysis, glutaminolysis, the TCA cycle, respiratory chain, formation of metabolites, as well as cell growth and death. In particular,
metabolic shift in the glucose utilization is considered in response to the change of glycolysis rate during the cultivation. A closed loop regulator is
introduced to approximate the induction of enzyme pool during lag phase after inoculation. Based on the model, the specific consumption rate of
substrate, the specific growth rate, the specific acetyl CoA formation rate as well as the specific oxygen uptake rate are estimated. The specific
substrate consumption rate and the specific growth rate are then coupled into a bioreactor model, which delivers the key variables, i.e., cell density,
substrate and metabolite concentrations. Batch and fed-batch cultivations were used to validate the model.
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1. Introduction

The metabolic behavior of mammalian cells is mainly
affected by nutrient concentrations, pH, growth factors,
dissolved oxygen and cell density [1-6]. Kinetic modeling is
important for better understanding cell physiology and for
process control to further optimize animal cell cultures. A
number of unstructured models have been proposed to describe
the behavior of mammalian cell cultures [7]. Structured models
as well as cybernetic models attempted to explain the cell
physiology by taking the intracellular fluxes, the activity and
the expression of enzymes into account [§—12]. Models based
on metabolic pathways as well as energy and mass balances
have been used successfully to describe the growth and
metabolism of yeast [13—15]. For mammalian cell culture, the
metabolic pathways have been investigated by using stoichio-
metrically based reaction network and metabolic flux analysis
[3,16—19]. In mammalian cells, glycolysis is the main pathway
to utilize glucose and to yield ATP [1,2]. The specific uptake
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rate of glucose increases with the glucose concentration within
a specific range [1]. A metabolic shift may be resulted from
variation of the specific glucose uptake rate. Recently, the
molecular mechanism of metabolic shift has been studied [20].
Extensive experimental investigations on the metabolic shift for
hybridoma cell lines have demonstrated decreasing of lactate
formation [21-24].

In this paper, a simplified model for myeloma cell line is
proposed based on stoichiometric balance. Glutamine and
glucose are considered as the main energy sources and anabolic
precursors. The specific glycolysis rate is regarded as the key
variable to induce the metabolic shift. The model is composed
of two modes. First, a rapid-glycolysis mode describes the
rapid-glycolysis and glutaminolysis rates to produce lactate and
ammonia. Second, in the low-glycolysis mode, the specific
glucose consumption rate and the glycolysis rate are declined
and the formation of lactate is terminated. For some cell lines,
lactate is even taken as substrate in this mode [25]. Balances of
carbon source, lactate, alanine, ATP and NADH have been
taken into account in the modeling. The reaction rates in the
model include the glycolysis rate of glucose, glutaminolysis
rate of glutamine, the specific growth rate, the specific acetyl
CoA production rate as well as the specific oxygen uptake rate.
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After coupling the macrokinetic model with a bioreactor model,
the relationship between substrate feeding rates and the key
state variables, such as cell density, substrates and metabolites
concentrations, were estimated. Finally, the model was
validated by four sets of experimental data.

2. Materials and methods

2.1. Cell line and culture conditions

X63-Ag8.653 myeloma cell line (without recombinant protein expression)
was used. The base medium used in flask and spinner cultures was RPMI-1640
supplemented with 2 mM glutamine, 80 pg/mL gentamicin and 10% fetal calf
serum (FCS) (Invitrogen, UK). For batch culture, the initial concentrations of
glucose and glutamine were 10 and 2 mM, respectively. The feeding medium
FM1 was composed of 100 mM glucose and 20 mM glutamine with 10x RPMI
as base medium. FM2 contained 99.4 mM glucose and 22 mM glutamine with
1x RPMI as base medium.

Cells stored in liquid nitrogen were thawed and then grown in 25 and 75 cm?
T-flasks consecutively. Then, cells were transferred into 250 mL spinner flask
with the initial cell density of 1.0 x 10’ cells/mL for subsequent suspension
cultivation until the mid-exponential growth phase was reached. After that, the
preculture was transferred to four 300 mL spinners for further experiments.
These experiments had an initial cell density of 1.5 x 10° cells/mL. The culture
temperature was maintained at 37 °C. The agitation rate was set to 120 rpm,
while the concentration of CO, was controlled at 5%.

2.2. Analytical methods

Viable and dead cell densities were determined by the trypan blue exclusion
method using a haemocytometer. Glucose and lactate concentrations were
measured with a YSI2700 (Ohio, USA) glucose and L-lactate analyzer. Ammo-
nia concentration was determined using enzyme-based assay kits. Glutamine
and other amino acid concentrations were measured by HPLC (KONTRON,
Germany) and evaluated with the Software Kroma2000.

2.3. Experiment

Exp. 1: batch cultivation for 134 h with an initial volume of 150 mL.

Exp. 2: the duplicated experiment of Exp. 1. Sampling assay was carried out
only until 81 h.

Exp. 3: fed-batch experiment. Three times feeding were performed during
134 h cultivation with an initial volume of 120 mL. The first feeding was at
54.5 h by feeding 2.5 mL FCS and 8 mL FM2 until the glucose concentration
reached 11 mM. Second feeding was at 73 h by feeding 8 mL FCS. Finally,
10 mL FCS and 9.4 mL FM (4.7 FM1 + 4.7 FM2) were fed after 19.4 mL
supernatant was removed at 113 h. Then, the culture was continued for another
21 h.

Exp. 4: fed-batch cultivation with an initial volume of 120 mL. 2.5 mL FCS
and 3.5 mL FM2 were first fed at 54.5 h until the glucose concentration reached
5.6 mM. Eight-milliliter FCS and 4 mL FM2 were fed at 73 h as the second
feeding. At 113 h, 10 mL FCS and 1.3 mL FM1 were fed as the third feeding,
before that, 11.3 mL supernatant was removed. The total cultivation time was
134 h.

3. Simplified metabolic pathways and stoichiometry in
myeloma cell culture

3.1. The simplified metabolic pathways

The simplified metabolic pathways of myeloma cell line are
schematically shown in Fig. 1. Glucose and glutamine are
considered as the main energy sources. The contribution of
other amino acids to energy yield is ignored according to

literature [3,26]. Glucose is phosphorylated to glucose 6-
phosphate (G6P) by hexokinase at first. Then, G6P is oxidized to
3-phosphoglycerate (3P) by phosphoglucose isomerase, phos-
phofructo kinase, aldolase, glyceraldehydes 3-phosphate dehy-
drogenase and phosphoglycerase kinase [2]. Following that,
pyruvate is formed from 3P as the outcome of glycolysis via
bioreactions catalyzed by phosphoglyceromutase, enolase and
pyruvate kinase [2,27]. A part of G6P enters the pentose
phosphate pathway (PPP) to produce reducing power (NADPH)
and ribose-5-phosphate (R5P), the latter is an important
precursor of nucleic acids [28]. Pyruvate either enters the
tricarboxylic acid (TCA) cycle via acetyl CoA or is reduced to
lactate by consuming NADH [21]. The second major substrate,
glutamine, is either deamidated to enter the TCA cycle or directly
used for protein synthesis. Glutamate is mainly produced from
glutamine metabolism, while the rest is obtained from
transamination. a-Ketoglutarate (a-kg) from glutamine utiliza-
tion is transformed to malate. A part of malate generates
oxaloacetate, while the other part, in conjunction with
oxaloacetate derived from cytoplasmic acetyl CoA and cysteine
and serine, furnishes the cytoplasmic pyruvate pool [29]. In the
TCA cycle, citrate is not completely oxidized but mainly leaves
the mitochondrion for use in the lipid syntheses [28]. With this
supplement of pyruvate, the TCA cycle is balanced [29].

3.2. Stoichiometric balance equations

In the following metabolic pathway equations, the unit for
all substances is mole. The reactions represented by Eqs. (1)-
(23) are corresponded to the pathway number as indicated in
Fig. 1. The process of glycolysis is described as follows
(pathways 1-3) [2].

Tglc

glucose + ATP—G6P + ADP (D
G6P + ATP + 2NAD “®:23P + ADP + 2NADH 2)
3P + ADP—pyruvate + ATP 3)

where GOP and 3P stand for glucose 6-phosphate and 3-
phosphoglycerate, respectively. Simultaneously, a part of
GO6P is converted to RSP via PPP (pathway 4). RSP is assimi-
lated into cellular constituents (pathway 5) [29]. Where
I'pi = ,LLKBi, i= l, 2, 3, 4

G6P + 2NADP + H,0%52NADPH + CO, + R5P 4)
R5P 2L cell material (5)

A small part of the 3P is used to synthesize serine and glycine as
described by Egs. (6) and (7) (pathways 6-7) [18]. « is used to
describe the fraction of 3P which synthesizes serine.

3P 4+ NAD + NH,;*“¥serine + NADH (6)
serineﬁglycine @)

The metabolic pathways of glutamine metabolism are
described as follows (pathways 8-13) [3,18,27,29]. First, the
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Fig. 1. Simplified metabolic pathways of myeloma cell line (1-23 indicating the number of the pathways to be modeled).
deamidation of glutamine yields glutamate and ammonia, see ) el ol 1
Eq. (8), where r,, is the specific production rate of glutamate glutamate—=cell materia an
deaminated from glutamine. Besides glutamine, some other ,
. ala .
pathways may generate glutamate as well. The total specific pyruvate 4 glutamate—alanine + a-ketoglutarate (12)
production rate of glutamate is denoted by korgq (kg > 1). A part
1 - i 1 ka ala . .
of t.he glutamate is converted to a-kg as described in Eq. (9), glutamate aras | hino acids (13)
which enters the TCA cycle. Another part of glutamate,
together with glutamine, is used to prepare protein for biomass Pyruvate is reduced to lactate (pathway 14) [2]:
formation as indicated by Eqgs. (10) and (11). Simultaneously,
glutamate reacts with pyruvate to yield alanine and o-kg, see  pyruvate + NADH-lactate + NAD (14)

Eq. (12). Glutamate generates many other amino acids except
for alanine. The specific production rate of all these amino acids
including alanine is represented by k.7, (k, > 1), see Eq. (13),

glutamineﬁ glutamate + NHj (8)
glutamate + H,O + NAD g—g>ga -ketoglutarate + NHj

+ NADH )
glutamineﬂcell material (10)

In TCA cycle described below, malate is produced from a-
kg. A part of malate leaves mitochondrion and then supple-
ments the cytoplasmic pyruvate pool. The resulted specific
pyruvate production rate is denoted with ry,,,. Another part of
malate generates oxaloacetate. Some other amino acids in
cytoplasm, such as serine and cysteine, also generate pyr-
uvate through malate. k,7nm (ki > 1) is used to describe the
conversion to pyruvate from malate in cytoplasm (pathway
15) [29]:

malate + NADP™ ™ pyruvate + NADPH + CO, (15)
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The pyruvate is oxidized to acetyl CoA (pathway 16) [3]:
pyruvate + NADﬁacetyl CoA + NADH + CO;, (16)

The simplified TCA cycle and the assimilation of acetyl CoA
via citrate for cellular constituent formation are presented by
Eqgs. (17)-(21) (pathways 17-21) [16,29]:

oxaloacetate + acetyl CoA™Scitrate a7
citrate + NADga-ketoglutarate + NADH + CO, (18)

a-ketoglutarate + NAD + FAD + ADP—*:malate + NADH

+ FADH, + ATP + CO, (19)
malate + NADZSoxaloacetate + NADH (20)
citrate—cell material 201

Eqgs. (22) and (23) are used to describe the ATP generation in

o1
P 0 0 K
2(1 — ) Bl
0 1 0 15¢:%)
0 (1 — ‘L')kg —ka —KB3 0
1 kmtky  km —1 —kmKpa -1
142
T o, 2 ~3Kp 5
l—«a {
1 ‘[kg 1 _KBI — KB4 — 1
Yatp
1 0 0 0 0
(2) r3pp < F3pp,min> low-glycolysis mode:
[ ! 0 0 K 0
2(1 — ) Bl
0 1 0 Kp2
0 (1 — ‘L’)kg *ka 7KB3 0
1 kmtkg  km —1 —kmKpa -1
1+2
T o, 2 ~3Kps 5
l—«o 1
1 ‘Kkg 1 _KBI — KB4 — 1
L Yatp
the respiration chain (pathways 22-23) [28]:
1/20, + NADH + P/O ADPX3P/0O ATP (22)
1/20, + FADH, + P/O ADP@»P/O ATP (23)

ATP consumption is assumed to be mainly used for cell growth
and maintenance [30].

(24)
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4. Modeling
4.1. Model equations for bioreactions’ rate

To develop a practically applicable model, a basic
assumption is made: the intracellular reactions as given in
Egs. (1)-(24) are assumed to be always in quasi-steady state
within each simulation step [13]. This assumption, however,
does not mean that the intrinsic dynamic property of the
cultivation is overlooked. Instead, the reaction rates will follow
immediately the change of external conditions as mediated by
the substrate uptake rate or the output of the metabolic
regulation. Such assumption has also been applied successfully
for yeast and animal cells [31-33]. Then, the macrokinetic
model based on the metabolic balance of pathways of
intracellular substances and energy are constructed in matrix
form, see Egs. (25) and (26).

(1) r3pp < F3pp,min» rapid-glycolysis mode:

0
0 0 [ I3pp i [ Fglc |
0 0 Tog T'gln
—1 0 Tala 0
= 0 25
IR " 25)
I'Ac 0
0 2P /O Tac matp
| | 70, | L 7"3pp,min |
=0
B i
0
0 r:pp : g:c
2g gln
o ||| 0 26)
w | 0
-2 Fac 0
ro, maTp
2P/O

Two different physiological modes are included in the
model. Eq. (25) describes the rapid-glycolysis mode, which
consists of seven sub-balance models. The first row of Eq. (25)
describes the balance of glucose resulted from Egs. (1) to (5).
The second row of Eq. (25) obtained from Eqgs. (8) and (9) is the
balance for specific glutamine uptake rate. The row 3 stands for
the balance of glutamate, which is resulted from Egs. (8), (10)
and (11). Similarly, the row 4 of Eq. (25) stands for the balance
of pyruvate, which is resulted from Eqgs. (3), (12) and (14)—(16).

The row 5 in Eq. (25) shows the NADH and FADH, balance
obtained according to Egs. (2), (6), (9), (14) and (16)—(21).
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The derivation of the balance is explained as follow. From
Egs. (2) and (6), the specific production rate of NADH in
glycolysis is rnapu_c = ((1 + 2a) /(1 — a))r3pp. From Eq. (9),
the specific production rate of NADH in glutaminolysis is
TNADH_GIn = TkgTse, Where t is the fraction of glutamate
converted to a-ketoglutarate. From Egs. (16), (18)—(20), the
specific production rate of NADH in TCA cycle is
rrec + ek + Fan = 3r1CC — 2rB4+rkgrgg+rala, with rek =
rrcc — rga and  riy, = Fog + rkgrgg + Faas Where rrcoc = rac.
The specific production rate of FADH, is ry, in TCA cycle.
At the same time, pyruvate is converted to lactate accompanied
with the consumption of NADH. Finally, the specific turnover
rate of NADH and FADHj; in the respiratory chain, ryap and
EaD» Tespectively equals 2ro, as shown in Eq. (22) and (23).
Therefore, the balance equation for NADH and FADH,
becomes (1 +2a)/(1 — a))rspp + 2Tkgrey + Srac — 3rps —
Fac —27‘02 =0.

The row 6 in Eq. (25) is ATP balance obtained from Eqs. (1)—
(3) and (17)—(21). During glycolysis, the specific ATP
production rate is rsp, — g1, see Egs. (1)—=(3). In the TCA
cycle, the specific ATP production rate is 7y, = Frcc —
g4 + Tholge + Iyp. In the respiratory chain, the specific ATP
production rate is 2(P/O)rp,, where P/O is effectiveness
coefficient of oxidative phosphorylation. The difference of
estimated value of P/O between NADH and FADH, is
neglected in the paper for simplification. According to
Eq. (24), the specific ATP consumption rate for cell
growth and maintenance is w/Yarp + marp. Therefore, the
balance equation for ATP is tkgreg + rapp + Fala — 781 — 'B4—
(/Y atp) + rac +2(P/O)ro, = marp.

As described above, the production of lactate from pyruvate
is resulted from rapid-glycolysis and the lack of activity of
malate—aspartate shuttle to transport NADH into mitochon-
drion. Therefore, it is assumed that the ability of mitochondrial
membrane transporting NADH into mitochondrion has a
threshold. When the specific NADH production rate is larger
than the threshold, pyruvate is reduced to lactate. Otherwise,
the metabolism is shifted to low-glycolysis mode. This
hypothesis is described as the row 7 in Eq. (25). The threshold
is defined as r3ppmin. When rapy > r3pp min, the specific
production rate of lactate is 71, = B(r3pp — 3pp,min)> Where f
is the fraction of pyruvate oxidized to lactate.

Eq. (26) describes the low-glycolysis mode in the case of
T3pp < F3pp.min, Where the generation of lactate ceases. It is
obtained by removing the specific production rate of lactate
from Eq. (25).

4.2. Model for substrate uptake, the regulator and cell
death model

The specific glucose uptake rate is represented as an
extended Monod kinetics. The specific glucose uptake rate is
influenced by the concentrations of glucose and glutamine and
cell density [4,5,34-36].

Sglc Sgln kcglc
gle + Sglc Kgln gle + Sgln Xv + kcglc

27)

Fgle M = Fgle,max K

Fig. 2. Diagram of a regulator model for the specific glucose uptake rate.

However, it is found that the real glucose uptake rate is much
lower than 7y \ at the beginning of cultivation, even though the
glucose concentration is the highest. Such discrepancy exists
for most Monod type models because the Monod model does
not take the induction of the enzyme pool involved in glycolysis
into account. A regulator model [13,15] is therefore used to deal
with such inducting process. Fig. 2 illustrates the structure of
the regulator model which consists of basically two control
loops, one is the negative feedback loop, and the other is the
positive one. rgcmin Stands for the minimum constitutive
activity of the regulated pathway. ry. g represents the actual
activity of regulated pathway in analogy to enzyme levels of
biochemical structure models. At the beginning of cultivation,
if rg1er < Faie,m» then rgic = rgc g and the regulator becomes a
positive feedback loop, to imitate an accelerating establishment
of the enzyme pool for glycolysis. A negative feedback of u is
introduced in the regulator model because the enzyme pool may
be diluted by the cell growth [36]. If rgcr > Fgicm» then
Tgle = 'giem and the regulator will work in a servo mode to
follow up 7gic m. The low pass switch presented by K in Eq. (29)
determines whether the regulated pathway has to be induced or
not. Fig. 3 shows the transients of r. (O), the output of the
regulator (7gic r, —) and the output of the Monod model (7 m»
- - -) for experiments.

Mathematically, the regulator model is described by
Egs. (28) and (29).

drglc,R

dr = kl (rglc + rglc,min) + (*kZ - M)rglc,R (28)

0.060
0.055
0.050
0.0454
0.040 4
0.0354. N[
0.030 _
0.025%
0.020%

Talos TalosRs TglosM (mmol(108 cells h))

0 10 20 30 40
Culture Time (h)

Fig. 3. The specific glucose uptake rate obtained from the modified Monod
mode (- - -), the regulator model (—) and output to the macrokinetic model (O).
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Fig. 4. Combined macrokinetic and bioreactor model. Ki is the switch, which controls the shift of different modes.

Tgle = min{rglc.M> rglc.R} (29) Table 1
Identified model parameters in Exps. 1 and 2
The specific glutamine uptake rate is described with a - 0.010
. . . . gle,min .
modified Monod kinetic, see Eq. (30) where glutamine [34], Fete.max 0.0558
ammonia [37,38] and cell density [5,35] are taken into account. F3pp.min 0.0065
Kee 0.0002
, - Sgln kNHggln kcgln (30) kegle 10.21
InM — 7gln,max
£ £ Kgln + Sgln kNHggln + SNH3 X, + kcgln kq 1.796
ki 2.7922
The mechanisms that lead to cell death are very complex. 1.2007
Apoptosis and necrosis are two general ways of cell death. The gB' 8?2; ;
exhaustion of limited nutrients was considered as a main reason KBz 0.0154
. . B3 .
of cell death [7,39,40]. According to the literature [9,41], the Kpa 0.0251
specific death rate is modeled as P/O 25
kNHqg]n 0.8
) ;
kq Kgingle 0.4553
Hd = Hdmax Ltk GD 0.0303
d M 0.0001
where [4gmax 1S the maximum specific death rate and kq is a ng‘" 1(2)'32
model parameter. (;gl" 0.0050
B 0.9799
4.3. Bioreactor model T 0.0014
&, 0.6319
The bioreactor model is obtained by mass balance. ky 0.7983
Md,max 0.0151
dx, 1 — g — (Fi — R()Fy) ka 0.0081
i =X, v , Yarp 0.16
1 sampling (32) Units are referred to the Nomenclature.
with R(:) = .
() {O removing supernatant
dGlc GlcgF; GlcF,
i —R(- —— =T + — 35
dde = Xyp1q — Xg e 5( L (33  dr Ty 4 3
dGIn GlngF; GInF,
X = Xy + Xq G4 g T Xty (36)
Table 2
The relative change of SSE caused by parameter perturbation around its mean
Parameters
Tglnmax kNH3 gln ku kg km kl k2 kd Md,max
Relative change of SSE, (%)
+10% perturbation 24.8 6.1 —8.1 12.4 12.8 6.3 —6.8 0.3 1
—10% perturbation —17.2 -5.6 12.9 -9.6 —10.5 —8.5 6.3 —-0.3 -0.9
Relative change of SSE4 (%)
+10% perturbation —13 -5.1 3.1 —4.8 —4.7 —-1.3 3.0 -59 —4.2
74 3.8 —-49 4.2 43 3.9 —-1.3 6.1 5.1

Units are referred to the Nomenclature.
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Table 3
Batch-dependent parameters for Exps. 1-4
EXP- no. Fglnmax kNH3gln ka kg km kl k2 kd Hd,max
1 and 2 0.00302 0.8 1.796 1.201 2.792 0.632 0.798 0.008 0.015
3 0.0412 0.6 1.912 1.34 2.782 0.651 0.801 0.0078 0.016
4 0.0323 0.81 1.957 1.38 2.724 0.685 0.793 0.0082 0.012
Units are referred to the Nomenclature.
30
dAla Ala F; |— 4 A& Gle (a)
—— = rapXy — (37) ---- & o lac
dr Vv < 251
= Jimrmr = Ala
dLac Lac F; = i :
= FLacXv — ' (38) g 204 rapid-glycolysis mode iow-glycolys:s mpde
dr % 8 ]
o
dAmm Amm F; . <
e FAmmXy — — with 7amm = (1 + 7)7ge §
o |
(39) g
d (6]
\%4
—=F,—F 40
o i —Fo (40)
The coupling of the macrokinetic model and the bioreactor

model is depicted in Fig. 4.
5. Results and discussion

Batch and fed-batch culture experiments are used to validate
the model. In Egs. (25) and (26), the substrate uptake rates, rg,
and rg, are modeled with Eqgs. (27)—(30). ATP-turnover for
maintenance, marp, and the parameters in coefficient matrices
can be obtained by parameter identification. After that, the
unknown reaction rates, g, Fala, 3pps M F'acs 10, » a0d Fiyc, may be
solved.

In Egs. (25)—(28) and (30), (31), there are 27 parameters
in total. Parameter identification is firstly carried out by try and
error. The objective is to minimize the sum of square errors
between measured and simulated concentrations of glucose,
glutamine and lactate and viable and dead cell densities. The
identification results obtained from Exps. 1 and 2 are shown in
Table 1.

The sensitivity analysis of the model parameters is carried
out by using the method of Claes and Van Impe [42] and the
data of Exp. 1. The objective function is the sum of square error
presented as Eqs. (41) and (42), where the subscripts v and d
represent viable and dead cells, while the superscript S and M
denote simulated and measured values, respectively. Perturba-
tion of each parameter by £10% around the value listed in
Table 1 is applied and the relative change of SSE is calculated.
If the relative change of SSE caused by the perturbation exceeds
+5%, the corresponding parameter is regarded as sensitive one.
It is found that 9 out of 27 parameters are sensitive to the
perturbations, see Table 2. These nine parameters are further
identified with the Simplex method [43] for all experiments
while the other parameters take the value in Table 1. The
identification results are listed in Table 3.
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Fig. 5. Comparison between model simulation and measurements after adap-
tive model parameter identification of Exps. 1 and 2. Lines: model simulations;
solid symbols: measurements of Exp. 1; open symbols: measurements of Exp. 2.
(a) Concentrations of glucose (Glc), lactate (Lac) and alanine (Ala); (b)
concentrations of glutamine (Gln) and ammonia (Amm); (c) densities of viable
cell, dead cell and total cell.
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Fig. 6. Comparison between model simulation and measurements after adap-
tive model parameter identification of Exp. 3. Lines: model simulations; solid
symbols: measurements. (a) Concentrations of glucose (Glc), lactate (Lac) and
alanine (Ala); (b) concentrations of glutamine (Gln) and ammonia (Amm); (c)
densities of viable cell, dead cell and total cell.

After parameter identification, comparison between model
simulations and measurements are shown in Figs. 5-7.
Qualitatively, the profiles of glucose, lactate, glutamine,
alanine, ammonia, viable cell density, dead cell density and
total cell density are well simulated by the model. Metabolic
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Fig. 7. Comparison between model simulation and measurements after adap-
tive model parameter identification of Exp. 4. Lines; model simulations; solid
symbols; measurement. (a) Concentrations of glucose (Glc), lactate (Lac) and
alanine (Ala); (b) concentrations of glutamine (Gln) and ammonia (Amm); (c)
densities of viable cell, dead cell and total cell.
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shifts are found in Exps. 1, 3 and 4. In Exp. 1, metabolic shift
happens at 79 h (see Fig. 1(a)), where the model switches from
rapid-glycolysis mode to low-glycolysis mode, and lactate
production ceases. There are two times of metabolic shifts in
Exp. 3. The first one happens at 105 h (see Fig. 6(a)), where the
model switches from rapid-glycolysis mode to low-glycolysis
mode. The second one happens at 113 h, where the model
switches from low-glycolysis mode to rapid-glycolysis mode
again. In Exp. 4, three metabolic shifts happened at 90, 113 and
125 h, respectively, see Fig. 7(a).

Regulator model for specific glucose uptake rate works well
in these experiments. At the beginning of the experiments and
the period after feeding, regulator model for specific glucose
uptake rate operates. In Exps. 1 and 2, regulator model keeps on
working until 12.8 h, when the specific glucose uptake rate is
low, and the glucose concentration is high. After that, model
switches to Monod one. In Exp. 3, regulator model operates
twice. The first one works from the beginning of the experiment
to 9.9 h, and the second one operates from 113 to 114.7 h. In
Exp. 4, regulator model operates during the following periods,
0-11, 73.1-74.4 and 113-114.1 h, respectively.

Yarp and P/O are taken as fixed values in the paper. But in
growing microorganisms, Yarp depends markedly on the
growth rate and on environmental parameters such as the
different carbon sources, pH, temperature, and the ionic
strength of the medium. [44]. P/O changes depending on the
growth phases or flux rates of keynote metabolites [45,46].
Principally, a variation of P/O may be taken into account in the
modeling after the relationship between P/O and its influencing
factors becomes clear.

6. Conclusion

Based on the analysis of metabolic pathways of myeloma
cell line, a macrokinetic model is established. The model
delivers the simulation of key bioreaction rates, such as 74, 7aja,
T3pp> > TAcs 70, and 7. The macrokinetic model is further
combined with bioreactor model so that the state variables, such
as concentrations of glucose, glutamine, alanine and ammonia,
viable cell density, death cell density and total cell density, are
predicted. Simulation results demonstrate that the experimental
data of cell growth and cell death, uptake of glucose and
glutamine, and production of lactate in both batch and fed-
batch cultures can be described by the combined macrokinetic
and bioreactor model with reasonable accuracy. Relatively
small deviation of the identified sensitive parameters among
different experiments indicates the robustness of the model.
These results may lead to the conclusion that the simplified
structure of the metabolic network on which the model is based
covers the major features of the cell line concerned.

However, some limitations still exist in the model. For
example, the specific glucose uptake rate is well described by
the regulator model (combined with Monod kinetics), the
biological mechanism of regulator model needs to be
explained. In addition, the balance for oxygen consumption
and carbon dioxide production as well as the balance of
NADPH are not taken into account in the model due to the lack
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of data, which is also a shortage of the present work, and needs
further investigations.
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Appendix A. Nomenclature

Glc
Gln

ki, ko, k7, Kb,
kw kg7 km’ kdgln»
kcglc, kcglm kd’
kNH3glna Kgln’
Kglc’ KglngICs
Kg1, Kp2,

KB3, KB4»

Lac

Mmatp

M
P/O

'Ac

Fala

r'aTp

1, I'B2, I'B3, I'B4
Tek

Teg

Talc
rglc,M
Tglc,R

Toln

Toln,M

alanine concentration in medium (mM)
ammonia concentration in medium (mM)
input flow rate (L hh

output flow rate (L h™1)

glucose concentration in medium (mM)
glutamine concentration

in medium (mM)

model parameters

lactate concentration in medium (mM)
maintenance coefficient for ATP (mmol
(x108 cells h) ™)

metabolite concentration in medium (mM)
effectiveness coefficient of oxidative phos-
phorylation

specific acetyl CoA production rate (mmol
(x10% cells h) ")

specific alanine production rate (mmol
(x10% cells h) ™)

specific ATP uptake rate (mmol (x10®
cells h)™ 1)

specific bio-synthesis rate of biomass
(mmol (x 108 cells) ™)

specific a-kg production rate from a-kg in
TCA cycle (mmol (x 108 cells h) 1)
specific glutaminolysis rate (mmol (x10®
cells h) ™1

specific glucose uptake rate in the macro-
kinetic model (mmol (x10% cells h) 1)
specific glucose uptake rate obtained from
Monod model (mmol (x10® cells h)™!)
specific glucose uptake rate obtained from
regulator model (mmol (X 10® cells h)fl)
specific glutamine uptake rate in the
macrokinetic model (mmol (x 108 cells
W™

specific glutamine uptake rate obtained
from Monod model (mmol (x 10® cells

™"
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Tgln,R specific glutamine uptake rate obtained
from regulator model (mmol (X 10%
cellsh)™h

rGeP ;}))S(l:;ﬁc glycolysis rate (mmol (X 10® cells

Tkm specific malate production rate from citrate
in TCA cycle (mmol (x10% cells h)™")

FLac specific lactate production rate (mmol
(x108 cells h) ™1

F'om specific pyruvate production rate from
malate coming from mitochondrion (mmol
(x10% cellsh) ™)

'NADH specific NADH uptake rate in respiratory
chain (mmol (x10® cells h) 1)

ro, specific oxygen uptake rate (mmol (x 10
cellsh)™ 1

rrcc specific acetyl CoA uptake rate (mmol
(x10% cellsh) ™)

T3pp specific  3-phosphoglycerate production
rate (mmol (x10% cells h)™ 1)

T3pp,min threshold value of generating lactate
(mmol (x 108 cells h) 1)

|4 culture volume (L)

X4 dead cell density (x10° cells mL™")

X total cell density (X 10° cells mL™)

Xy viable cell density (x 10° cells mL ™)

Yarp yield coefficient of ATP (X 108 cells

(mmol ATP) ™)

Greek letters

o the fraction of 3P synthesizing serine

B the fraction of pyruvate oxidized to lactate

7 specific growth rate (h™")

Md.max the maximum specific death rate (h™h

T the fraction of glutamate converted to «-
ketoglutarate
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