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ABSTRACT 
This work presents the dynamic optimization of glucose feed in cell cultivation considering the 
balance between productivity and impurity generation. We first developed a mechanistic model 
considering cell growth promotion by glucose and cell growth inhibition by osmolarity for a newly 
developed, high-productivity CHO-MK cell line. For model development, fed-batch cultivation ex-
periments were conducted at a 250 mL scale under three different glucose feeding profiles. Re-
sults from a single-objective dynamic optimization, using the glucose feed profile as a design var-
iable, were compared to those from multi-objective problem settings with varying weights as-
signed to productivity and final impurity concentrations. Simulation results suggested different 
glucose feed profiles depending on the priority given to the mAb and impurities, where the main 
difference was in the generated viable cell density profiles. Productivity-focused profiles em-
ployed a low–high–intermediate feeding strategy, in which the total glucose feed over the cultiva-
tion period was set to a balanced level, with an initially low rate, followed by a gradual increase, 
and a later decrease. Profiles focusing on impurity reduction adopted a feeding strategy that main-
tained a high glucose feed throughout the cultivation period. This work demonstrated the power 
of mechanistic-model-based process design and is expected to encourage further model-based 
process design in biopharmaceutical manufacturing. 
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INTRODUCTION 
Monoclonal antibody (mAb) drugs are effective for 

the treatment of serious diseases, leading to rapid ex-
pansion of the mAb market and the development of new 
technologies, including host cell lines such as the newly 
developed high-productivity CHO-MK cell line [1]. In the 
cultivation step, cells grow and produce mAb while con-
suming nutrients such as glucose. Impurities such as host 
cell protein (HCP) are released from viable and dead 
cells, whereas impurities such as charge variants are 
acidic or basic modifications of the mAb. These impurities 
need to be removed during the succeeding purification 
step, which is costly, making it crucial to maximize mAb 
yield while minimizing impurity concentrations during 

cultivation. To achieve this objective, feed rate of glu-
cose, which serves as a primary nutrient for cells, has 
been reported to play an important role. Insufficient glu-
cose supply can lead to its depletion as cell density in-
creases, whereas excessive supply can result in high os-
molarity, both of which negatively affects cell growth [2]. 

Design of the cultivation step should carefully con-
sider dynamic changes and cell phases (such as station-
ary and exponential growth phases) by accordingly ad-
justing process parameters. Several studies have pro-
posed experimental approaches for controlling glucose 
feed rates, in which feeding strategies were adjusted in 
response to changes in measurable physical parameters 
(such as glucose concentrations [3] and oxygen uptake 
rates [4]). Although these experimental approaches can 
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be useful, they are often limited in exploration range due 
to the reliance on empirically determined setpoints. As an 
alternative, mathematical models offer a powerful means 
to efficiently explore combinations of process parame-
ters. In fed-batch cultivation, variables such as glucose 
feed rates [5], and in perfusion cultivation, bleed rates 
[6], have been employed as design variables to maximize 
the final mAb product concentration. While some studies 
considered the balance between productivity and impu-
rity concentrations such as aggregates through multi-ob-
jective optimization [7], generally the consideration of 
quality attributes in these works remain limited. 

This work presents dynamic optimization of glucose 
feed in cell cultivation considering the balance between 
mAb productivity and the generation of multiple impuri-
ties. We first developed a mechanistic model that consid-
ers cell growth promotion by glucose and cell growth in-
hibition by osmolarity for a newly developed, high-
productivity CHO-MK cell line. For model development, 
fed-batch cultivation experiments were conducted at a 
250 mL scale under three different glucose feeding pro-
files. The developed model was then applied to dynamic 
optimization with the glucose feed profile as a design 
variable. Single-objective optimization aimed at maximiz-
ing mAb productivity and multi-objective optimization 
considering impurities were compared. The results sug-
gested different glucose feed profiles depending on the 
relative priority of mAb and impurities, with the main dif-
ferences observed in the generated viable cell density 
profiles. 

METHODS 

Experimental methods 
Figure 1 represents an overview of the experimental 

methods. To obtain experimental data for modeling, cul-
tivation experiments were conducted using a newly de-
veloped CHO-MK cell line [1] was used. Cells were ex-
tracted from a frozen stock, thawed, and cultured in 
flasks for one week to increase cell density. Subse-
quently, cultivation was carried out with Ambr® 250 at a 
250 mL scale. Initial solution volume (𝑉𝑉0 [L]) was set to 
0.17 in all experiments. Three fed-batch cultivation 

experiments, each lasting one week, were conducted at 
a 250 mL scale using Ambr® 250 under different glucose 
feed rate conditions (𝐹𝐹in,glc  [𝑉𝑉0  g day–1]: 6, 11, and 15), 
hereafter referred to as Experiments (A), (B), and (C), re-
spectively. The values of 𝐹𝐹in,glc were set within the range 
of 6–15 𝑉𝑉0 g day–1 commonly used by cultivation experts. 
In the experiments, medium feed rate (𝐹𝐹in =  8, 10 % 𝑉𝑉0 
day–1), feed start time (𝑡𝑡in = 48 h), glucose feed start time 
(𝑡𝑡in,glc =  48 h), agitation rate (𝜔𝜔 =  1, 200 rpm), and dis-
solved oxygen (𝐷𝐷𝐷𝐷 = 20 %) were set as specified. In ad-
dition to viable cell density, the concentrations of multiple 
components (e.g., mAb, impurities, and metabolites) 
were measured offline once or twice per day Table 1 
shows the values of 𝐹𝐹in,glc in the three experiments. 

Table 1: Values of 𝐹𝐹in,glc in Experiments (A)–(C). 

Experiments (A) (B) (C) 

𝐹𝐹in,glc [𝑉𝑉0 g day–]    

Model development 

Mechanistic model equations 
A mechanistic model was developed as shown by 

Eqs. (1)–(6) in Table 2, where 𝑉𝑉  [L], 𝑋𝑋v [cells L–1], 𝑋𝑋d [cells 
L–1], [GLC]  [mmol L–1], [mAb]  [g L–1], [Main]  [g L–1], [Acid] 
[g L–1], [HCP]  [g L–1], 𝑂𝑂𝑂𝑂𝑂𝑂  [mOsm kg–1] are the solution 
volume, viable, and dead cell densities, glucose, mAb, 
main/acidic/basic charge variant, and HCP concentra-
tions, as well as osmolarity. 𝜇𝜇 [h–1] and 𝜇𝜇d [h–1] represent 
specific cell growth and death rates, respectively. 𝜇𝜇max 
[h–1] is the maximum value of 𝜇𝜇 described by the Monod 
type equations. 𝑞𝑞p,a [g–1 cell] and 𝑞𝑞p,b [g cell–1 h–1] are the 
growth-dependent and growth-independent constants 
for mAb production, respectively. 𝑘𝑘�,lysis  [h–1] is the rate 
constant of the dead cell lyses and the HCP dissolution, 
where 𝑖𝑖 includes dead cell and HCP. 𝑘𝑘acid [h–1] is the rate 
constant for acidic charge variant formation. 𝑌𝑌 hcp/�v,�d [g 
cell–1] is the mass of HCP released from a viable cell and 
a lysed dead cell. 𝑓𝑓osm [–] is the growth inhibition term due 
to osmolarity, taking a value in the range of 0–1. 𝐾𝐾osm 
[mOsm kg–1] represents the minimum osmolarity of the 

 
Figure 1. Overview of the cultivation experiments. 
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solution. 𝑂𝑂𝑂𝑂𝑂𝑂lim  [mOsm kg–1] is the osmolarity value 
which represents osmolarity levels with zero growth lev-
els. In this work, osmolarity was considered to depend on 
the number of dissolved particles per unit weight of so-
lution, based on a previous study [8]. It was expressed as 
a linear function of the viable and dead cell densities and 
the glucose concentration which are described in the 
model. 

Model fitting and validation 
Model fitting and cross-validation were performed 

using cultivation data from Experiments (A)–(C). Model 
parameters were estimated for two cases: one case in 
which Experiments (A) was used as the validation batch 
in Case 1, and one case in which all three experiments 
were used for training (Case 2). The system of ordinary 
differential equations was solved using the Python pack-
age solve_ivp with a time step of 0.001 h. Parameter es-
timation was performed using the Nelder-Mead optimi-
zation method to maximize the sum of coefficients of de-
termination (R2) between the calculated and measured 
values of all system components. Parameter uncertainty 
was analyzed by computing standard errors via inversion 
of the Hessian matrix, using the Python package lmfit. 

Multi-objective dynamic optimization 
By using the developed mechanistic model, a design 

problem was defined as shown in Eq. (7) in Table 3 for 
performing optimization by adjusting the glucose feed 
rate 𝐹𝐹in,glc every 24 h starting from the initiation of feed-
ing (48 h after the start of cultivation). In the optimization, 
both single-objective optimization to maximize mAb 
productivity and multi-objective optimization considering 
impurities were conducted. Glucose feed rates on days 
2–6 were determined. The values of 𝐹𝐹in,glc were set in the 
range of 6 to 15 𝑉𝑉0 g day–1 with an increment of 1 𝑉𝑉0 g day–

1 (a total of 10 values) to ensure that the exploration re-
mained within the applicable range of the model. As a re-
sult, a total of 105 (100, 000) profiles were explored, with 
the total glucose feed over the entire cultivation period 
ranging from 30 to 75 𝑉𝑉0 g. The simulation was performed 
from 𝑡𝑡 = 2 h, which corresponds to the starting time of 
data measurements in the cultivation experiments, until t 
= 168 h. The measured values 𝑡𝑡 = 2 h were used as initial 
conditions. The update frequency of 𝐹𝐹in,glc (i.e., every 24 
h) was determined based on expert recommendations. 
The feed start time (𝑡𝑡 = 48 h) was set to the same value 

Table 2: Mechanistic model equations. 

𝑑𝑑(𝑉𝑉𝑋𝑋v)
𝑑𝑑𝑑𝑑

= (𝜇𝜇 − 𝜇𝜇d)𝑉𝑉𝑋𝑋v  (1) 𝑑𝑑(𝑉𝑉[mAb])
𝑑𝑑𝑑𝑑

= �𝜇𝜇−𝜇𝜇d
𝑞𝑞p,a

+ 𝑞𝑞p,b�𝑉𝑉𝑋𝑋v  (4) 

𝑓𝑓osm = �
𝑂𝑂𝑂𝑂𝑂𝑂lim−𝑂𝑂𝑂𝑂𝑂𝑂
𝑂𝑂𝑂𝑂𝑂𝑂lim−𝐾𝐾osm

�
𝑂𝑂𝑂𝑂𝑂𝑂<𝑂𝑂𝑂𝑂𝑂𝑂lim

0|𝑂𝑂𝑂𝑂𝑂𝑂≥𝑂𝑂𝑂𝑂𝑂𝑂lim

  (2) 𝑑𝑑(𝑉𝑉[Acid])
𝑑𝑑𝑑𝑑

= 𝑘𝑘acid𝑉𝑉[Main]  (5) 

𝜇𝜇 = 𝜇𝜇max𝑓𝑓osm � [GLC]
𝐾𝐾glc+[GLC]�  (3) 𝑑𝑑(𝑉𝑉[HCP])

𝑑𝑑𝑑𝑑
= 𝑌𝑌hcp/𝑋𝑋v𝑉𝑉𝑉𝑉v + 𝑌𝑌hcp/𝑋𝑋d𝑘𝑘𝑋𝑋d ,lysis𝑉𝑉𝑉𝑉d − 𝑘𝑘hcp,lysis(𝑉𝑉[HCP])𝑛𝑛  (6) 

Table 3: Design problem for single-objective and multiobjective dynamic optimization. 

max 𝛼𝛼 [mAb](𝒙𝒙)−[mAb]min

[mAb]max−[mAb]min

+ 𝛽𝛽 [Acid]max−[Acid](𝒙𝒙)

[Acid]max−[Acid]min

+ 𝛾𝛾 [HCP]max−[HCP](𝒙𝒙)

[HCP]max−[HCP]min

  (7) 

subject to 

𝒙𝒙 = 
�𝐹𝐹in,glc||48≤�<72,𝐹𝐹in,glc||72≤�<96,𝐹𝐹in,glc||96≤�<120,𝐹𝐹in,glc||120≤�<144,𝐹𝐹in,glc||144≤��  
𝐹𝐹in,glc∈{6,7, … ,14,15}  

𝛼𝛼+ 𝛽𝛽 + 𝛾𝛾 = 1 𝑡𝑡 [h] ≤ 168 𝐹𝐹in [% 𝑉𝑉0 day−1] = 8 
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as that used in the model training experiments (Experi-
ments (A)–(C)). 
[mAb]max, [mAb]min, [Acid]max, [Acid]min, [HCP]max , and 
[HCP]min  represent the maximum and minimum calcu-
lated values of [mAb], [Acid], and [HCP], respectively, at 
the end of cultivation (𝑡𝑡 = 168 h) among the 100, 000 pro-
files considered. 𝛼𝛼, 𝛽𝛽, and 𝛾𝛾 are the weighting values for 
the normalized values of each component in the objective 
function, and the sum is always equal to 1. 𝛼𝛼,𝛽𝛽, and 𝛾𝛾 rep-
resent the priorities of mAb productivity and the burden 
of acidic variants and HCP in the purification process, re-
spectively. To assess the impact of the chosen three 
weighting factors, two scenarios where (𝛼𝛼, 𝛽𝛽, 𝛾𝛾) = (1, 0, 0) 
and (0.4, 0.3, 0.3) were investigated as Scenarios (i) and 
(ii), respectively. In Scenario (i), the weighting of 𝛼𝛼 was 
set to 1, aiming for single-objective optimization consid-
ering only mAb productivity. In contrast, in Scenario (ii), 
multi-objective optimization was performed.  

RESULTS AND DISCUSSION 

Modeling results 
Model fitting and validation were performed for the 

two cases (Cases 1 and 2), each using different experi-
mental data as training sets. Figure 2 shows the fitting 
and validation results of the mechanistic model for Ex-
periment (A) as an example of the obtained results. In 
each figure, the results for Cases 1 and 2 are represented 

in blue and gray, respectively. Calculated results for the 
training and validation data are shown as solid and 
dashed lines, respectively. The shaded prediction range 
represents the interval between the minimum and maxi-
mum predicted profiles, calculated using the estimated 
parameter values and their standard errors under the as-
sumption that the parameters follow a normal distribution. 
Table 4 summarizes the R² and normalized root mean 
square error (NRMSE) values averaged over all compo-
nents for the validation batch in Case 1 and for the three 
experimental datasets in Case 2. High predictive accu-
racy was confirmed in the cross-validation of Case 1, with 
an R² value of 0.84. The model parameters estimated in 
Cases 1 and 2 took similar values, demonstrating the ro-
bustness of the model. In the subsequent simulations, the 
parameter values estimated in Case 2 were used, where 
all three experimental datasets were used for training. 

Multi-objective dynamic optimization 
The mechanistic model was applied to find the so-

lution to the single-objective (Scenario (i)) and multi-ob-
jective (Scenarios (ii)) design problems (Eq. (7)) shown in 
Table 3. The glucose feed profiles that maximized the 
objective function in Scenario (i) and Scenario (ii) were 
(𝐹𝐹in,glc||48≤�<72,𝐹𝐹in,glc||72≤�<96,𝐹𝐹in,glc||96≤�<120,𝐹𝐹in,glc||120≤�<144, and 
𝐹𝐹in,glc||144≤�) = (6, 13, 15, 15, 11) and (15, 15, 15, 15, 15), re-
spectively. Figure 3 shows a part of the simulation results 
based on the optimized profile in each scenario, where 

 
Figure 2. A part of the fitting and validation results for Experiment (A). 

Table 4: Average values of R² and NRMSE across all modeled components for the validation batch in Case 1 and 
for all training batches in Case 2. 

Case (Validation batch) 1 (A) 2 (All data used for training) 

R² 0.84 0.95 

NRMSE 0.13 0.13 
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different glucose profiles and simulation outcomes were 
observed. In the two scenarios, based on the combina-
tion of weighting values, glucose feed profiles were ap-
propriately set to adjust viable cell density, which would 
directly affect mAb and impurity concentrations, for 
achieving a suitable balance between nutrient availability 
and osmolarity. The following points were considered as 
the factors that led to the selection of the optimized pro-
file in the two scenarios. 

<Scenario (i)> 
In the optimized profile, the total glucose feed over 

the entire cultivation period, which was explored within 
the range of 30–75 𝑉𝑉0 g, was found to take a value of 60 
𝑉𝑉0 g. This value is considered to reflect a balance aimed 
at avoiding both glucose depletion due to excessively low 
feeding and increased osmolarity due to excessively high 
feeding. The optimized profile exhibited a low-high-inter-
mediate feeding strategy: the feed rate was kept low (6 
𝑉𝑉0 g day–1) during the early stage of cultivation (𝑡𝑡 = 48–72 
h), then gradually increased (𝑡𝑡 = 72–96 h: 13 𝑉𝑉0 g day–1; 𝑡𝑡 
= 96–144 h: 15 𝑉𝑉0 g day–1), and subsequently reduced to-
ward the late stage of cultivation (𝑡𝑡 = 144–168 h) to 11 𝑉𝑉0 
g day–1. In this low–high–intermediate strategy, glucose 
feed rates were kept low during the early stage of culti-
vation to avoid an increase in osmolarity. Subsequently, 
during the mid-to-late stage when cells grow exponen-
tially, the feed rates were increased, implying that a suf-
ficient amount of glucose was supplied. 

<Scenario (ii)> 
In the optimized profile, the total glucose feed was 75 𝑉𝑉0 
g with glucose feed rates maintained at high levels 
throughout the cultivation period. This outcome can be 
explained as follows: high values of 𝐹𝐹in,glc lead to growth 
inhibition due to elevated osmolarity, resulting in a 
decrease in viable cell density as well as a concomitant 
decrease in dead cell density. Since mAb and HCP 
originate from viable and dead cells, and acidic variants 
originate from mAb, the reduction in viable cell density is 

considered to contribute to the decrease in impurity 
concentrations observed in the simulation results. 

CONCLUSIONS AND OUTLOOK 
This work presented dynamic optimization of glu-

cose feed in cell cultivation considering the balance be-
tween productivity and impurity concentrations. A mech-
anistic model was developed to describe concentration 
profiles of mAb as well as multiple impurities, considering 
cell growth promotion by glucose and cell growth inhibi-
tion due to osmolarity for a newly developed, high-
productivity CHO-MK cell line. The developed model en-
abled the optimization of glucose feed profiles to maxim-
ize mAb yield, as well as multi-objective optimization 
considering multiple impurities. The simulation results in-
dicated that distinct glucose feed profiles were obtained 
depending on whether priority was placed on mAb pro-
duction or impurity reduction, with the primary difference 
reflected in the resulting viable cell density profiles. In the 
productivity-focused profile, the total glucose feed over 
the entire cultivation period was set to a balanced level 
(60 𝑉𝑉0 g) within the explored range of 30–75 𝑉𝑉0 g, and a 
low–high–intermediate feeding strategy was adopted. In 
contrast, the impurity-focused profile employed a strat-
egy that maintained the maximum glucose feed within 
the explored range (15 𝑉𝑉0 g day–1) throughout the cultiva-
tion period. This work demonstrated the power of mech-
anistic-model-based process design in biopharmaceuti-
cal manufacturing. The future work includes experimental 
validation of the proposed low-high-intermediate feeding 
strategy. 

DIGITAL SUPPLEMENTARY MATERIAL 
The raw experimental data used for Figure 2 are 

available as Table S1 in LAPSE:2026.0040. 
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