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ABSTRACT

This work presents a hybrid-modeling approach to monoclonal antibody (mAb) production pro-
cesses design using automated bioreactor equipment. Experimental data covering a reasonable
yet broad range of cultivation conditions was collected by the equipment. Using the data, a model
applicable to a wide range of cultivation conditions was developed. In the modeling, a data-driven
model was applied to describe complicated/unknown phenomena that could not be captured by
previously proposed mechanistic models. In the hybrid model, while maintaining the mass balance
of the mechanistic model, coefficients of the equations were estimated with random forest re-
gression. Overall, the model could describe the dynamic concentration profiles of product mAb
and quality-relevant impurities depending on the media/glucose feeding conditions. The model
was then applied to determine an optimal condition that maximized product mAb concentration
and satisfied the impurity constraints. The work can further support model-based design of cell

cultivation processes with considering multi-input & multi-output nature.

Keywords: Process Design, Dynamic Modelling, Biosystems

INTRODUCTION

Monoclonal antibody (mAb) drugs offer advantages
such as higher affinity and specificity as compared to
conventional drugs for the treatment of critical diseases.
Such advantages have led to a rapid growth of the mAb
market, along which new technologies have been devel-
oped including host cel lines such as a high-yield CHO-
MK cell line [1]. In the cultivation step, not only the final
product, mAb, but also impurities such as host cell pro-
teins (HCP), DNA, and charge variants are produced.
These impurities have a significant impact on quality in
the time- and resource-intensive cultivation step, making
this step a major factor influencing the overall cost, time,
and quality [2]. Since these impurities and mAb are af-
fected by many cultivation conditions, such as agitation
speed, dissolved oxygen (DO), feed rate, and cultivation
time [3], it is essential to select conditions appropriately.
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Therefore, mathematical models that describe the target
process based on cultivation conditions and can reduce
experimental burdens are useful in the design of this crit-
ical cultivation step [4].

In modeling the cultivation step involving many
complex biological phenomena, it is challenging to de-
scribe all the phenomena with a mechanistic model, mak-
ing hybrid models useful. Various hybrid models for the
cultivation step have been developed using different
methods and for different purposes. A hybrid model of a
CHO-K1 perfusion process was developed to optimize
media exchange rates [5]. Hybrid models using different
machine learning algorithms were compared and utilized
to predict viable cells and titer [6]. A hybrid model was
developed to predict critical quality attributes such as
mAb and glycan profiles [7]. A hybrid model for fed-batch
process with Adaptive Moment Estimation Method was
developed [8]. Different hybrid models were compared
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by introducing the concept of the degree of hybridization
[9]. A hybrid modeling approach was proposed incorpo-
rating a data-driven model to improve the predictions of
lactate which is important for predicting impurities [2].
However, hybrid models in previous studies were devel-
oped for limited cultivation conditions (for example, agi-
tation rate and DO were constant in a previous study [8]).
This limitation made it challenging to describe the rela-
tionships between various conditions and impurities as
well as mAb, posing a significant obstacle to comprehen-
sive multi-input, multi-output process design.

This work presents a hybrid-modeling approach to
CHO cell cultivation process design. Experimental data
covering a reasonable yet broad range of cultivation con-
ditions was collected by the equipment. Using this data,
a hybrid model applicable to a wide range of cultivation
conditions was developed. The hybrid model combines
mass balance equations (mechanistic component) with
coefficients of the equations being estimated with ran-
dom forest regression (data-driven component). Overall,
the developed model could describe the concentrations
of product mAb and quality-relevant impurities such as
charge variants, HCP and DNA depending on the me-
dia/glucose feeding conditions. The model was then ap-
plied to determine an optimal condition that maximized
product mAb concentration and met the impurity con-
straints considering 3,840 alternatives.

EXPERIMENTAL METHODS

Figure 1 represents an overview of the experimental
methods. In the experiments, a newly developed CHO-
MK cell line [1], known for exhibiting extremely complex
metabolic phenomena, was used. Cells were extracted
from a frozen stock, thawed, and cultured in flasks for
one week to increase cell density. Subsequently, cultiva-
tion was carried out with automated bioreactor equip-
ment (Ambr® 250) which contained twelve bioreactors,
each with a 250 mL volume. Initial solution volume V, was
set to 170 mL in all experiments. Three cycles of fed-
batch cultivation were performed by varying agitation
speed agitation, DO DO, normal feed (referred to as feed
hereinafter) rate Fj,, glucose feed rate Fj, 4, feed start
timing t;,, and glucose feed start timing tj . Table 1

shows the minimum and maximum values of each culti-
vation condition. Experiments were conducted once un-
der 20 different conditions, and each condition was de-
termined to cover areasonable yet broad range to extend
the interpolation range of the model. During the experi-
ments, feed and glucose feed were supplied at a con-
stant rate. Items such as DO and agitation speed were
measured online every few seconds. In addition, multiple
items including viable cells, cell viability, mAb, metabo-
lites, and impurities were measured offline as time series
data once or twice per day.

Table 1: Minimum and maximum values of each cultiva-
tion condition.

Process parameters Minimum Maximum
tin [N] 24 42
tingc [D] 42 42
Fiy [Vo day™] 0.08 0.1
Fingic [g L7 day™] 4.8 18.8
agitation [rpm] 700 1400
DO [%] 20 50

MODEL DEVELOPMENT

Mechanistic model equations

First, mechanistic model equations were formulated
based on model equations proposed in previous studies
[10,11]. To develop a model applicable to a wide range of
cultivation conditions, the equations were simplified as
much as possible. The components included den-
sity/concentrations of viable cell, dead cell, glucose, lac-
tate, mAb, main/acidic charge variant, HCP, and DNA as
shown in Egs. (1)-(9) in Table 2. In the equations, V [L],
X, [cells L] , X4 [cells L™, [GLC] [mmol L™, [LAC] [mmol
L7, P [g L7, [Main] [g L7, [Acid] [g L7, [HCP] [g L7,
[DNA] [g L] are the solution volume, density/concentra-
tions of the viable/dead cells, glucose, lactate, mAb,
main/acidic charge variant, HCP, and DNA. F;/Fjp gic [L h~
Tand cip_gic/Cingic [Mmol L] are normal/glucose feed flow
rate and glucose concentration of feed/glucose feed, re-
spectively. u [h™"] and p4 [h™] are specific cell growth and
death rates, respectively. @, [g cell h™'] and @}, [mmol

Frozen stock

Cultivation
Thawing  for a week

Figure 1: Overview of the cultivation experiments.
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Table 2: Mechanistic model equations.

dWVXx,) _

= W= paVX,

@ = Qp,a iy | [GLCI2[GLClthreshold
at QppV Xy

M

[GLCI<[GLClthreshold

AR = HaV Xy~ hgiysisVXa (2) LMD _ 2UD) _ (hyiq + Kpase)V[Main] (6)
d(V[thLCD == (YI;;:L + mgIC> VXy + FinCin gic + FingicCingle  (3) w = kaciaV [Main] 7)
d(VE;tACD = QuacV Xy (4) @ = Yana/xqKxglysisVXa — KanajysisV [DNA] ~ (8)
HE = Yacp/x VEy + Yaep gk lysisV Xa = Knepaysis(VIHCP])" (9)

cell”"h™"] are specific production rates of mAb and lactate,
respectively, with @, being classified based on whether
glucose is depleted or not. Yy, /g [cells mmol™] and mg
[mmol cell” h™] are specific glucose consumption for cell
growth and cell maintenance, respectively. k; s is the
rate constant of the dead cell lyses and the impurity dis-
solution, where i includes dead cell, HCP, and DNA. k,.iq
and kpase are the rate constants for changes of main
charge variants into acidic and basic charge variants.
Yi/x,x, (Mg cell] is the mass of impurity i released from
a viable cell and a lysed dead cell, where i includes HCP
and DNA.

Parameter estimation of the mechanistic
model

Time series data from 20 experiments across three
cycles were used for parameter estimation, and a part of
the results are shown in Figure 2. The experimental data
indicated that lactate repeated cycles of production and
consumption, and viable cell density saturated in the later
stages. However, due to the constant Q,. previously ad-
dressed for improvement [2], and the exponential form of
the viable cell density equation, the mechanistic model

could not capture the behavior of lactate and viable cell
density.

Hybrid modeling

To address the issues mentioned above, a hybrid
model was developed. Utilizing a hybrid model can con-
tribute to overcoming the challenge of fully elucidating
the biological phenomena causing lactate shifts and cell
growth saturation, and to avoid increasing the number of
estimated parameters. The hybrid model, whose over-
view is shown in Figure 3, maintained the mass balance
of the mechanistic model while estimating the coeffi-
cients u — uq and Q5 with a data-driven model as shown
in Eg. (10).

Coef = f(t,V, tin, tingle Fin» Fingic, agitation, Do) (10)

where Coef represents u — ugq and Q... Since the values
of Qiac and p — ug change dynamically, the model inputs
included not only constant experimental conditions (agi-
tation speed, DO, feed/glucose feed rate, and feed/glu-
cose feed start timing), but also dynamically changing

e Experimental data —— Fitting results
— 34 < 80 1o
4 Lactate - Viable cells
g Pohg 3 ik
£ 171 . F 4 i S 4.0 - !
5 >
— 0.0 T >~ 0.0
0.0 75 150 0.0 75 150
Cultivation time [h]
Figure 2: A part of the modeling results based on the mechanistic model.
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Inputs
Feed start timing Glucose feed start timing
tin tin,glc
Feed rate Glucose feed rate -
F Fin,glc
Agitation rate Dissolved oxygen

\ agitation DO /

!

Data-driven part
Qlac (t: V, tinn tin,glc: Fin' Fin,glc» agitation: DO)
H= ﬂd(t: V, tin, tin,glo Fin, Fin,glc' agitation, DO)

—— Mechanistic part — /— Outputs —\
Glucose Product mAb
[GLC] [mAb]
Viable cells Lactate | — | Acidic charge variant
Xy [LAC] [Acid]
l HCP  DNA
Dead cells [HCP] [DNA]
Xq
\ Green: ImpuritU

Figure 3: Overview of the developed hybrid model.

cultivation time and solution volume. Random forest re-
gression was selected as a method for the data-driven
model due to its high accuracy. In model development,
experimental data were interpolated to compensate for
the limited amount of data, and the values of u — u4q and
Qiac Were calculated based on the interpolated values

using Egs. (1) and (4), respectively. To avoid overfitting,
a portion of the calculated values was extracted, and the
model was developed based on the values. Time series
data from 20 experiments across three cycles were used
for parameter estimation, and a part of the results are
shown in Figure 4. Table 3 presents the average values

e Experimental data — Fitting results
T34 T80 —
— Lactate P Viable cells
= 17 A S 4.0 A
— = °
< 0.0 ~ 0.0
- I S . T
= >
12 — 4.6 —
mAb 3 A1 Acidic
< - variant
: =)
3, 6.0 - = 2.3 -
=) p =) [
A P g
0.0 - T — 0.0 T
0.0 75 150 0.0 75 150
Cultivation time [h]
Figure 4: A part of the modeling results based on the hybrid model.
Table 3: Average values of R?2 and NRMSE for each component.
X, Xq [GLC] [LAC] P [Main] [Acid] [HCP] [DNA]
R2 0.99 0.70 0.85 0.86 0.95 0.92 0.92 0.68 0.69
NRMSE 0.035 0.16 0.10 0.10 0.078 0.099 0.091 0.19 0.18
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of R? and NRMSE for all training datasets used in the es-
timation for each component. The results indicated that
high R? values and low NRMSE values were obtained for
all components, showing that the model could capture
not only the behavior of mAb but also impurities across a
wide range of cultivation conditions.

MODEL APPLICATION

A model-based assessment of cultivation conditions
was conducted by using the developed hybrid model. In
the assessment, a design problem was formulated to
maximize mAb while keeping impurity levels low as
shown in the following equation:

max [mAb] (t, tin, tingic: Fins Finglc, agitation, DO) (11)

where t [h] represents cultivation time. In the design
problem, impurity values in the constraint were set ac-
cording to expert opinions. Based on the design problem,
3,840 cultivation conditions were explored, with results
evaluated at each one-hour interval of cultivation time.
Table 4 shows the top three conditions with the highest
mADb values satisfying the constraints, along with the cor-
responding cultivation time.

Figure 5 shows the simulation results for the top
three conditions. In the simulations, glucose levels re-
mained low but non-depleted until the later stages of the
cultivation and only became depleted at the end of the
cultivation. Glucose is widely recognized as a critical fac-
tor for both cell growth and mAb production; however,
glucose levels are proportional to osmolarity, and high
osmolarity is known to have a negative impact on cell

subject to growth [12]. Therefore, it was found that setting condi-
tions to maintain appropriate glucose levels was im-
¢ [h] < 145 portant. Furthermore, the simulation results revealed that
B both mAb and impurities increased over time, indicating
[HCP] [gL7'] < 2.2 that setting an appropriate cultivation duration was cru-
[DNA] [g L] < 0.42 cial to obtaining more mAb while keeping impurity levels
low.
[Acid]/P [%)] < 40
tin [h] € {42, 48} Table 4: Top three conditions with the highest mAb val-
tingic [1] c (42, 48} ues satisfying the constraints.
Fin [Vo day_l] € {0.08, 0.1} Rank ti, tinge K Fingle Agitation DO t
F [-1 day-1 1 48 42 041 15 700 40 135
ingle [8L7 day™] € (5.6,..,17,18,18.8} 2 48 42 01 15 1000 50 135
Agitation [rpm] € {700,800, .., 1300, 1400} 3 42 48 01 14 700 40 136
DO [%] € {20, 30, 40, 50}
— Rank 1 Rank2 —— Rank 3
<70 24
— Glucose -
° -
£ i 2 -
= 35 \/~ = 1.2
— A
=) T
= 0.0 —= £ 00
13 — 6.0 PP
. mAb v Acidic
i o variant
6.5 - — 3.0 -
2 S
s g
0.0 T — 0.0 T
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Cultivation time [h]

Figure 5: Simulation results for the top three conditions.
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CONCLUSIONS AND OUTLOOK

This work presented a hybrid-modeling approach to
mADb production process design. Using automated biore-
actor equipment enabled the acquisition of experimental
data that covers a reasonable yet broad range. Using this
data, a model applicable to a wide range of cultivation
conditions was developed. In the hybrid model, the coef-
ficients of the mechanistic model were estimated with a
data-driven model, while maintaining the mass balance
of the systems components. In the case study, the model
enabled determination of a cultivation condition that
maximized the product mAb concentration with meeting
the impurity constraints out of 3,840 candidates. This
work supports model-based design of cell cultivation
processes with considering the multi-input & multi-out-
put nature of the process. The future work includes ex-
pansion to dynamic optimization, operation support, and
integration with purification processes.
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