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HIGHLIGHTS

® A genome-scale CHO model was employed to analyze the metabolism of CHO cells.

® Flux analysis results from genome-scale model were compared with transcriptomics analysis.
® In silico simulations using genome-scale model were performed for feed optimization.

® This is the first study to apply genome-scale CHO model to improve the IgG production.

ARTICLE INFO ABSTRACT

Effective bioprocess development using Chinese hamster ovary (CHO) cells as hosts is hampered by the limited
understanding of cellular metabolism under process conditions in bioreactors. Systematic tools such as genome-
scale models have been developed, but their value has not been satisfactorily demonstrated and exploited for
process development. In this study, we proposed a method using a genome-scale model to analyze existing
process studies for bioprocess optimization. First, we used existing industrial CHO cell culture experiments to
systematically gain metabolic insights for bioprocess development. Two fed-batch cultures, using the same cell
line and process, resulted in different titers by supplementing two different types of feed media. A genome-scale
model was applied to calculate fluxomics (i.e., intracellular fluxes) from extracellular metabolomics and then the
metabolic differences were further analyzed through pathway analysis between these two cell culture conditions.
Transcriptomics data from RNA-Seq were employed at this point for comparison and found to be consistent in
pathway analysis with the flux analysis results. At the second stage, we developed a modeling-based approach
for media optimization to increase antibody production based on the understanding from the first stage. The new
design was tested in silico using a genome-scale model and then verified experimentally, confirming the ap-
plicability of this modeling-based approach for bioprocess optimization. The framework proposed in this study
can maximize the utilization of existing process studies and minimize the time consumed for empirical work in
developing new processes.
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1. Introduction

Chinese Hamster Ovary (CHO) cells continue to be the most widely
used mammalian host for the industrial production of biopharmaceu-
tical products such as monoclonal antibody (mAb) [1-3]. There has
been significant improvement in protein production through cell line
engineering [4-7] and media optimization [8-11] and remains a major
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bioprocess development activity in the biopharmaceutical industry.
Typically, once a highly productive clone has been generated and
evaluated, cell culture process development will move forward to in-
crease productivity and maintain product quality through optimization
of media and feed compositions, feeding strategy, and bioprocess con-
ditions [12,13]. Traditional approaches to optimize cell culture include
statistical design (e.g., design of experiments (DoE)) [14] and spent
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media analysis [15]. These methods are typically experimentally-based
and generally time-consuming [16]. Since antibody synthesis is a bio-
logical process that occurs within the cells, cell physiology needs to be
characterized to gain a fundamental understanding of the CHO cell
metabolism that is associated with high production, and thus such
knowledge can be used for optimizing bioprocesses.

High-throughput omics-based technologies have been actively used
in recent research to obtain a comprehensive understanding of CHO cell
physiology under industrially relevant conditions [8,17-20]. The col-
lection of omics data has found some successes in supporting a number
of bioprocess improvement efforts [19]. Each omics data type usually
provides a snapshot of a particular layer of complex cellular regula-
tions, such as transcriptome, proteome, and metabolome. It is then
important to integrate the information from those multi-omics data to
obtain a holistic view of the cell physiology and use the unveiled
knowledge to facilitate cell culture optimization strategy for industrial
bioprocesses.

Intracellular fluxes represent the metabolic activity within the cell
and reflect the complex dynamic interactions between genes, tran-
scripts, proteins, metabolites, enzymatic regulation, and the extra-
cellular environment. Therefore, the analysis of intracellular fluxes can
complement other omics studies. Isotope tracing analysis has been
widely used to determine intracellular fluxes but it only focuses on
specific metabolic networks (e.g., central carbon metabolism) [21-28])
and is not able to provide a systematic perspective of cellular meta-
bolism on a genome-scale network. Whereas, the recently constructed
CHO genome-scale metabolic network allows for an in-depth under-
standing of CHO cell physiology. Three cell line specific genome-scale
CHO models (i.e., CHO-K1, CHO-S, and CHO-DG44) have been devel-
oped so far and considered all of the currently known conversions of
substrates into metabolic products for CHO cells [29]. Genome-scale
CHO models have been applied to explore the impact of cellular
transfection on global cellular adaptation and protein production [30],
and to predict cell phenotypes and known auxotrophies in CHO cells
[29].

The idea of applying the genome-scale model for media optimiza-
tion has been proposed in previous review papers [16,31]. Several
studies have provided insights into cellular metabolism of culture
phenotype but have not yet used the insights to guide new culture
designs [30,32,33]. Motivated by that, we performed this study to de-
monstrate how the genome-scale model can be applied to process op-
timization for production improvement and validate the design by ex-
periments. In this work, we introduced a two-stage methodology to gain
in-depth process understanding. The first stage incorporates pathway
analysis and then the second stage optimizes the bioprocess through
model simulation. At each stage, a genome-scale metabolic model was
employed. The approach presented in this study shows a novel way to
help other researchers understand the cell culture process and effec-
tively accelerate the optimization process for achieving higher pro-
ductivity by the aid of a genome-scale model.

2. Materials and methods
2.1. Cell line, media and cell culture process

A CHO-K1 GS knockout cell line was used for expression of a pro-
prietary recombinant monoclonal antibody. Proprietary chemically
defined seed, basal and feed media were used in this study unless
otherwise specified. The feed A (low amino acids (AAs)) was the control
feed, while the feed B (high AAs) was the control feed with a higher
concentration of 4 amino acids, e.g., serine, lysine, threonine, and
tyrosine (Fig. 1). It is important to mention that these four amino acids
and the level of increase in the concentration were determined and
optimized by performing early screening experiments in an internal
high-throughput system. All CHO seed cultures were started from the
vial thaw of a frozen vial of master cell bank and passaged in a seed
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Fig. 1. Serine, lysine, threonine and tyrosine concentrations in production basal
medium, feed A (low AAs) and feed B (high AAs). In this study, the amino acid
measurements in basal and feed media were performed once, and the results
were consistent with the in-house formulation for the medium.

medium containing methionine sulfoximine (MSX). The seed cultures
were inoculated to 5 L production bioreactors at 1.5 x 10° cells/mL.
The fed-batch production cultures were controlled at 36.5°C. The
bioreactor pH was controlled within the range of 6.6-7.6 by the addi-
tion of CO, gas to decrease pH or addition of 1 M Na,CO3 base to in-
crease pH as needed. The DO was maintained at 40% of air saturation
by sparging with oxygen. Feeding at 3.5% (v/v) of the initial volume
was started on day 2 when appropriate viable cell density (VCD) was
achieved and fed daily thereafter. Concentrated glucose stock solution
(300 g/L) was supplemented daily as a bolus to bring glucose level back
to 5 g/L if its concentration falling below a proprietary level throughout
the production run. The added volume of glucose was calculated daily
as needed. All experiments were performed in duplicate cultures.

VCD and cell viability were quantified off-line using a Vi-CELL XR
automatic cell counter (Beckman Coulter). Glucose, glutamine, gluta-
mate, lactate, and ammonia were quantified with a CEDEX Bio HT
analyzer (Roche). A Protein A HPLC was used to measure the protein
titer [12]. The protein titer for the condition using feed B with high AAs
was set as 100 % to normalize titer within this study. Off-line pH, pCO,
and pO, were monitored daily using a Bioprofile pHOx analyzer (Nova
Biomedical). In this study, the fed-batch process was divided into two
main metabolic phases based on VCD profiles. The first phase is the
exponential growth phase in which the VCD increases exponentially
(days 0-6). The second phase is a stationary phase in which the VCD
remains approximately constant and the culture viability is always
higher than 80% (days 6-10).

2.2. Quantification of extracellular metabolites

Cell culture samples from days 0, 2, 4, 6, 8, 10 were centrifuged at
1000 X g for 10 min and the cell-free supernatant was stored at -80 °C
before analysis. Amino acid concentrations in the supernatant were
analyzed by UPLC. The supernatant samples were diluted in Milli-Q
water containing an internal standard (sample diluent). The derivati-
zation reagent (Waters AccQ-Tag Ultra Derivitization Kit,
Cat#186003836), 6-aminoquinolyl-N-hydroxysuccinimidyl carbamate,
was added into the diluted samples for reaction by vortexing at 55 °C
for 10 min. The samples were then separated by RP-UPLC (Waters
AccQ-Tag Ultra RP Column, Cat# 186003837); the derivatized amino
acids were detected at 260 nm as they eluted from the column.

TCA (citrate acid cycle) intermediates including citrate, a-ketoglu-
tarate, succinate, fumarate, malate, and isocitrate were determined in
supernatant samples by a method combining NMR and LC/MS at
Bristol-Myers Squibb. The detailed sample preparation and analytical
procedures are described in the Materials and Methods section in a
previous study [34]. The specific oxygen uptake rate (OUR) was also
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determined with the method as described in the previous studies
[35,36].

2.3. Transcriptome analysis

The cell samples for RNA-Seq analysis were collected at day 6 and
day 10, which corresponded to the exponential growth phase and sta-
tionary phase, respectively. Approximately 5 x 10° cells were sepa-
rated from culture broth by centrifugation at 1000 X g and 4 °C for 10
min. The cell pellets were then washed with 20 mL of ice-cold PBS. The
PBS was subsequently removed by centrifuging at 1000 X g and 4 °C for
10 min. Then the cell pellets were immediately frozen in dry ice and
stored at —80°C. The detailed information of RNA isolation and se-
quencing can refer to [20]. From the 26,520 genes identified from the
global RNA-Seq data, we focused on the metabolic genes associated
with the global CHO genome-scale model. As a result, 1728 genes can
be mapped to the global CHO genome-scale model developed by re-
searchers in 2016 [29]. For the statistical analysis of the gene expres-
sion, ANOVA (Analysis of variance) method was used to calculate the p-
value between conditions. A gene was considered to be differentially
expressed across conditions if the calculated p-value was less than 0.05.

2.4. Metabolic data processing for flux constraints

The uptake and secretion rates of metabolites (i.e., amino acids,
glucose, lactate, ammonium) were calculated from time-series extra-
cellular metabolite concentrations using the following equations (Egs.
(1) and (2)).

_1dx
=X ey
vy xc/ ©2
2 _on_ SN
C; C; T %/, Xdt @

where X is the VCD; C{? and C{* are the concentrations of the ith me-
tabolite at time points t2 and t1, respectively; V; is the total volume of
feed added; V is the working volume of bioreactor; C[f is the con-
centration of the ith metabolite in the feed. The u, g; represent the
specific cell growth rate, secretion (if calculated g; is positive) or uptake
(if calculated g; is negative) rate of the ith extracellular metabolite,
respectively. The average specific rates were obtained from a plot of the
total amount of production/consumption against the total integral vi-
able cell number using linear regression [33].

2.5. Flux balance analysis using genome-scale models

A genome-scale CHO-K1 model was employed to analyze the me-
tabolism of CHO cells in fed-batch culture experiments supplemented
with either low AAs or high AAs feeds. This model contains 1298 genes,
4723 reactions, and 2773 metabolites (available from http://bigg.ucsd.
edu/). The model accounts for multiple subcellular compartments, in-
cluding extracellular compartment, cytosol, mitochondria, mitochon-
drial intermembrane, nucleus, endoplasmic reticulum, lysosome, per-
oxisome, and the Golgi complex [29]. Flux balance analysis (FBA) was
used to calculate the intracellular metabolic fluxes by the optimization
of a defined biological objective function using linear programming.
The genome-scale model can be represented by a stoichiometric matrix
(S) of size mx n (where m is the number of metabolites and n is the
number of reactions) and a vector of reaction fluxes (v) [37]. Under the
assumption of quasi-steady state, the mass balance equations are given
by Sx V=0 [38,39]. To obtain the solution, the model was further
constrained by the boundaries of each flux. The upper bound was set to
1000 for all reactions. While the lower bound was set to -1000 or 0 for
reversible reactions and irreversible reactions, respectively [29].

The specific metabolic rates from Section 2.4 were used as experi-
mental metabolic constraints. These metabolites include 22 amino
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acids, glucose, lactate, and ammonium, and are exchanged between
intracellular and extracellular environment. The upper and lower
bounds of these exchange reactions were set to the measured rates.
During the exponential growth phase, the calculated specific IgG pro-
ductivity was also used as a constraint, and the flux distribution was
obtained by maximizing the flux through the biomass reaction. During
the stationary phase, where the cell growth was close to zero, flux so-
lutions were obtained by maximizing the reaction rate of IgG bio-
synthesis [40]. In this study, we utilized the default values from [29] for
the boundaries of other fluxes including oxygen consumption [29].

The Constraint-Based Reconstruction and Analysis (COBRA) toolbox
was used for FBA analysis in this study [41,42]. Gurobi solver (https://
www.gurobi.com/) was applied to solve LP optimization problems.
MATLAB (Matlab 2016a; Mathworks, Natick, MA, USA) was used for
ANOVA and running COBRA toolbox.

2.6. Pathway analysis

Gene expression levels (of differentially expressed genes identified
in Section 2.3) or flux values were considered significantly different
when their fold-change in the high AAs cultures compared to the low
AAs cultures was at least 1.3. It is important to note that the threshold is
user-defined. In previous studies, different fold-changes from 1.2 to 1.5
or higher have been used [43-45]. A web server KOBAS 3.0 was used to
evaluate the pathway enrichment analysis [46]. In KOBAS, the input is
a set of identified genes that are mapped to known metabolic pathways.
The output is a list of significantly enriched pathways using a hy-
pergeometric test. The resulting p-values in enrichment analysis are
adjusted for multiple testing using the Benjamini-Hochberg method
[47]. The Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
database of Cricetulus griseus (Chinese hamster) was employed during
the analysis. In this study, the pathways with p-value < 0.05 were
considered as significantly enriched.

3. Results and discussion

The workflow proposed in this study is shown in Fig. 2. A flux
balance analysis was conducted to determine how metabolism varied
under the two different feed media conditions. The extracellular me-
tabolic consumption or production rates were first calculated from the
time-series metabolite concentrations in culture supernatant and the
intracellular fluxes were subsequently calculated based on the extra-
cellular metabolic rates and a genome-scale model. By analyzing the
flux values, we evaluated the impact of feed media and determined the
affected metabolic pathways. The pathway analysis results were also
compared with those from RNA-Seq data. In the genome-scale model,
transport reactions were used to connect metabolites between extra-
cellular and intracellular compartments. Thus, the impact of changes in
extracellular metabolites on cell growth or antibody production can be
simulated. Specifically, changes in the extracellular concentration of
metabolites (e.g., in cell culture media or feed) can modulate the uptake
flux of these metabolites, which in turn impact the relevant transport
reactions [48]. The results presented here represent an industrial case
study of bioprocess development in CHO cell cultures. Notably, the
approach presented in this study including genome-scale modeling and
pathway analysis is generic and can be applied to other cell culture
conditions.

3.1. Antibody production and extracellular metabolic profiles

In this study, a CHO-K1 cell line was cultured in 5 L fed-batch
bioreactors with two different types of feeds. The feed design was de-
scribed in the Materials and Methods section and the cultures will be
respectively called low AAs cultures (with feed A) and high AAs cul-
tures (with feed B). Feed medium was added daily throughout the
culture starting on day 2. Fig. 3 shows the profiles of VCD, cell viability,


http://bigg.ucsd.edu/
http://bigg.ucsd.edu/
https://www.gurobi.com/
https://www.gurobi.com/

Z. Huang, et al.

Process

1. Genome-scale Modeling &
Understanding

Pathway Analysis

[

J

S

2. Hypothesis Generation

17

3. Hypothesis Validation by
Simulation

U

4. Experimental Validation

Process
development

Biochemical Engineering Journal 160 (2020) 107638

Cell culture experiments

(=
= o8
82 e =F %,
- 25 ® T B ® 0
8T 2
SEIORS =5 >
Time 2 Time
Specific rates calculation
Consumption: Production:
1dN _ & dpP
W="xar ®= Xa
CHO-K1 model

4773 Reactions
2773 Metabolites
1298 Genes

i

« SXV=0
« Objective function:
max biomass or productivity

Flux calculation

Fig. 2. Workflow for the combined systems biology and genome-scale modeling approach. X, P, and N stand for the VCD, product, and nutrient concentration,

respectively.

IgG production, glucose, glutamine, lactate, and osmolality for all fed-
batch cultures (in view of the fed-batch process in this study, the total
amount based profiles were also provided and can be seen in Fig. S1).
As shown in Fig. 3A, the VCD reached its peak around day 6, and after
that the cultures transitioned from exponential growth to the stationary
phase. Interestingly, the low AAs and high AAs cultures had very si-
milar VCD profiles at both the exponential phases (before day 6) and
the stationary phases (from day 6 to day 10). This indicates that the
different feeds, low AAs and high AAs, did not significantly affect cell
growth (before day 10). The two cultures showed similar IgG produc-
tion titer during the exponential phase, but during the stationary phase,
production was higher in the high AAs cultures (Fig. 3C). In contrast,
the two cultures diverged significantly after day 10. The low AAs cul-
tures exhibited a rapid decline in VCD (Fig. 3A) and viability (Fig. 3B),
lactate continued to accumulate to high levels and IgG titer (Fig. 3C)
leveled off compared to the high AAs cultures.

CHO cells take up glucose as a major carbon source and release
byproducts such as lactate through glycolytic metabolism [21,49].
According to the profiles of VCD (Fig. 3A) and glucose (Fig. 3D), it was
found that low AAs and high AAs cultures had similar glucose uptake
patterns during the exponential growth phase, but it substantially

differed during the stationary phase. These results were also verified by
a statistical analysis of the glucose specific uptake rates, respectively, at
the exponential and stationary phases from the two feed conditions (as
seen in Fig. S2). Glutamine is a major energy source, nitrogen donator
for many anabolic pathways [50]. In this work, glutamine was not
supplemented in the culture medium and was intracellularly synthe-
sized using the enzyme glutamine synthetase to meet the cell growth
and productivity requirements. According to Fig. 3E, there was minimal
difference in the glutamine profile between the two conditions before
day 10. During the exponential phase, lactate accumulation was similar
for the two cultures. However, near the end of the exponential phase,
the lactate profiles were distinct as lactate shifted from production to
consumption in the high AAs cultures, while this shift did not occur in
the low AAs cultures (Fig. 3F). There has not been an explicit under-
standing of the mechanisms behind the lactate switch, however, a
number of studies have pointed to a productivity increase in cultures
that undergo metabolic shift with lactate [51]. Indeed, our study also
indicated the positive relationship between lactate shift with IgG pro-
ductivity.

It is important to focus the study on cellular metabolism during the
stationary phase (day 6-10) where different productivities were first
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Fig. 3. Cell culture experimental data used for the genome-scale model at 5 L bioreactor scale (n = 2). (A) Time-series viable cell density. (B) Cell viability. (C) Time-
series mAb production. (D) Time-series glucose concentration. (E) Time-series glutamine concentration. (F) Time-series lactate concentration. (G) Osmolality.
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AAs (Feed B) cultures. The fold change was calculated by the value in high AAs cultures divided by the value in low AAs cultures.

observed and understand how the feeds affect the metabolic pathways.
Such an understanding will enable the design of new feeds to engineer
culture processes. The impact from stationary phase would prolong
after day 10, however, additional negative impacts on cell viability and
productivity were imposed on low AAs cultures including the high ac-
cumulation of lactate and rise of osmolarity as widely known in lit-
erature (as seen in Fig. 3F and G) [51,52].

3.2. Specific consumption and production rates of metabolites

The specific rates of amino acid consumption and production are
shown in Fig. 4. One could expect that enriched nutrient feed would
result in higher specific uptake rates. However, during the exponential
phase, the uptake rates for serine, threonine, tyrosine, and lysine re-
mained similar in the two cultures regardless of the concentration of
these amino acids in the feeds (Fig. 4A). Whereas, during the stationary

phase the uptake and production rates showed major rearrangements in
amino acid metabolism from the two different feed conditions (Fig. 4B).
Interestingly, not only the four amino acids but also the rates for nearly
all amino acids were increased. This global adaptation of amino acid
metabolism triggered by the four amino acids indicates the inter--
regulation among amino acids [53]. These effects are facilitated via a
series of mechanisms. For example, individual amino acid transporters
can facilitate the import of multiple amino acids, while for a given
amino acid, multiple transporters might be involved in its transport
[48]. A recent study also found that the transport rates of selected
amino acids are highly correlated with the relative concentration of
competing amino acids in CHO cell culture [48].

3.3. Flux calculation based on genome-scale CHO models

Next, we calculated steady-state metabolic fluxes using the genome-
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scale model that was previously developed for a CHO-K1 cell line [29].
The metabolic model was constrained using experimentally determined
specific uptake and production rates. In the model, the maximization of
biomass (during exponential phase) and IgG productivity (during sta-
tionary phase) were used as objective functions to obtain the optimal
flux solution [29]. Fig. 5 shows the cell growth and productivity pre-
dicted by the model and measured by experiments for the exponential
phase (Fig. 5A) and stationary phase (Fig. 5B), respectively. As shown
in Fig. 5A, the two cultures had very similar predicted cell growth rates
during the exponential phase; this result was consistent with the ex-
perimental measurements. In addition, we saw an increase of predicted
IgG productivity (46%) under enriched high AAs compared to low AAs
(left bars, Fig. 5B). This magnitude was comparable with the experi-
mental results that showed an increase of 33% (right bars, Fig. 5B). This
consistency between model simulation and experimental observation
has notable importance for the following in silico simulation for feed
design because genome-scale modeling has been demonstrated to be
able to predict phenotypes [29].

3.4. Pathway analysis from genome-scale model and RNA-Seq data

Pathway analysis was carried out to determine how the enriched
four amino acids added in the feed affected the metabolism to promote
IgG production. Only the reactions with non-zero flux values in at least
one sample were considered. Since there was no distinction for the flux
distribution during the exponential phase between the two cultures
(which was consistent with the metabolic profiles as shown in Fig. 3
before day 6), the detailed analysis of fluxes was only focused on the
stationary phase in this study. Significant changes in many reactions
were observed under the stationary phase, for example, glycolysis/
gluconeogenesis, oxidative phosphorylation, and the TCA cycle. Given
the complexity of comprehensive analysis in each reaction, we per-
formed pathway enrichment analysis. In the analysis, the differed fluxes
were identified in the high-producing (high AAs) cultures against the
low-producing (low AAs) cultures with a 1.3-fold change cutoff. This
analysis identified several significantly enriched pathways with a p-
value < 0.05. As seen in Fig. 6A, the most active pathways were N-
glycan biosynthesis, glycolysis/gluconeogenesis, valine, leucine and
isoleucine degradation, TCA cycle, alanine metabolism, and amino
sugar and nucleotide sugar metabolism. Our results thus suggest that N-
glycan biosynthesis was highly active in the enriched amino acid feed
condition which is consistent with our experimental observation that
IgG productivity increased in high AAs cultures. Additionally, the
pathways of valine, leucine and isoleucine degradation and TCA cycle
were found to be enriched significantly in the high-producing cultures,
as shown in Fig. 6A. This links to the understanding that branched
chain amino acids (BCAAs, i.e., leucine, valine, isoleucine) can serve as
alternative energy sources by producing energy-rich intermediates for
the TCA cycle [54-57]. A metabolic connection between four amino
acids, BCAAs and TCA cycle can be seen in Fig. 7.

To confirm the pathway analysis results from flux values, the same
approach of pathway enrichment analysis was applied to the gene ex-
pression data obtained by RNA-Seq. Transcriptomic analysis was car-
ried out with samples collected at day 6 and day 10. The multi-
dimensional scaling (MDS) plots in Fig. S3 indicated similar gene
expression was observed at the end of the exponential growth phase
(day 6). Accordingly, there are only a few genes identified as differ-
entially changed genes (with the method in Section 2.6) and negligible
pathways enriched between low AAs and high AAs cultures (data not
shown). These results are consistent with the metabolic profiles of day 6
as seen in Fig. 3. At day 10, the gene expression varied significantly
between high AAs and low AAs cultures, as shown in the MDS plot (Fig.
S3), where the transcriptomes of these two cultures could be dis-
tinguished along with the first principal component. Several pathways
were enriched in high AAs cultures (Fig. 6B) and most of them were
overlapping with the pathways found in Fig. 6A (these pathways are
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marked by asterisk). Among these pathways, the pathway of BCAAs
(valine, leucine, and isoleucine) degradation was most closely corre-
lated with the four amino acids (Fig. 7A). In summary, the pathway
analysis in Fig. 6 indicates that TCA metabolism was enriched in high
AAs cultures compared to low AAs cultures as a result of the high
amount of four amino acids supplemented in the feed.

We further analyzed the TCA activity by measuring the concentra-
tion of citrate, a-ketoglutarate, succinate, fumarate, malate, and iso-
citrate, which are the TCA intermediates present in the extracellular
environment. As shown in Fig. 8, the relative concentration of these
TCA intermediates is similar between the two cultures up to day 6. As
the cultures continued and passed day 6, high AAs cultures demon-
strated a substantial increase in citrate, a-ketoglutarate, succinate, fu-
marate, and malate. The fact that the concentration of these metabolites
was increased to different extents in high AAs cultures is likely due to
the higher supplementation of four amino acids, which supports the
results of pathway analysis. Only the metabolite of isocitrate had si-
milar concentration profiles between the two cultures. One explanation
is that citrate (which is the precursor of isocitrate) was substantially
consumed in high AAs cultures. Our pathway analysis coincidently
shows that fatty acid metabolism was enriched in high AAs cultures,
indicating that a high amount of citrate might have been used for fatty
acid synthesis. In addition, OUR was observed to be significantly ele-
vated in the high AAs cultures (Fig. 9), which further confirms a high
activity of energy metabolism in the high AAs cultures.

3.5. Identification of bioprocess targets for productivity improvement

In this section, we used the genome-scale model to perform process
optimization by simulating amino acid supplementation. To start with,
a proof-of concept study was made using the genome-scale model to
simulate a scenario of the improvement achieved in the high AAs cul-
tures from the low AAs cultures by modulating the uptake rates of the
four amino acids (i.e., serine, threonine, tyrosine, and lysine).
Specifically, we constrained the genome-scale model with measured
extracellular consumption/uptake rates from low AAs cultures, then
assigned a higher uptake value for these four amino acids while keeping
the values for other constraints unchanged. In this study, the uptake
rates were increased by 50% and this percentage value was generated
by comparing the measured rates between high AAs and low AAs cul-
tures. As shown in Fig. 10, the simulated specific IgG productivity from
the optimized culture (the middle bar) increased from that in the low
AAs cultures (shown as the left-most bar in Fig. 10). It was previously
shown that the high AAs cultures with high amount of four amino acids
in the feed achieve a higher mAb production compared to the low AAs
cultures (Fig. 3B). Therefore, our in-silico result was consistent with the
experimental observations.

Based on the first success in the above tests, we now aimed to
identify new targets (which were not tested in the previous simulation)
to further improve the IgG production. According to the pathway
analysis in Section 3.4, the pathway of valine, leucine and isoleucine
degradation was enriched in the high AAs cultures due to the high
concentration of the four amino acids in the feed (Fig. 7A). It has been
reported that the degradation of valine, leucine, and isoleucine con-
tributes to intermediates of the TCA cycle to produce energy [58,59].
Coincidentally, the pathway analysis also revealed that the TCA cycle
was enriched in high AAs cultures as shown in Fig. 6. Therefore, we
asked whether increased valine, leucine and isoleucine uptake rates
could also contribute to the degradation for energy production as the
new feed design seen in Fig. 7B.

Then, we tested the above hypothesis in silico using model simula-
tion. We predicted IgG productivity during the stationary phase by
increasing the uptake rate by 50% for leucine, isoleucine, and valine in
the new simulation. Because isoleucine intake was already large in high
AAs cultures (Fig. 4B) and can be additionally converted from threonine
that was added daily from day 2 (Fig. 1), isoleucine is no longer
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(B) * N-Glycan biosynthesis
* Propanoate metabolism

Glycosphingolipid biosynthesis - globo series

* Fatty acid metabolism

Glycosaminoglycan degradation

* Valine, leucine and isoleucine degradation

* beta-Alanine metabolism

* Citrate cycle (TCA cycle)

Fatty acid elongation

* Amino sugar and nucleotide sugar metabolism
* Pyruvate metabolism
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Fig. 6. Pathway analysis with the data from flux balance analysis (A) and measured RNA-Seq data (B) according to the minus log transformation of the p-value. All
the reactions shown in the figure have achieved a significance value of non-log scale p-value < 0.05 (equivalent to a score greater than 1.3 on x-axis). The asterisk

indicates the pathway is enriched both in figure A and B.

considered in our new design to be supplemented to avoid over-dosage.
Only leucine and valine are designed to be added in simulation. The
simulation showed that leucine and valine addition in the feed (third
bar in Fig. 10) can further improve the productivity by appropriately

19% apart from the known four amino acids (middle bar in Fig. 10). We
also found that the simulation results were similar under the conditions
of increasing leucine, isoleucine and valine (data not shown). Taken
together, leucine and valine were identified as the new targets in feed
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Fig. 7. Schematics of high AAs (Feed B) cultures design and new feed design.
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Fig. 9. The comparison of oxygen uptake rates (OUR) between high AAs (Feed
A) and low AAs (Feed B) cultures during the stationary phase.

14
12
Z
2
2
6 _ 1
2%
oN
52
© g 08
25
o Z
gz
S 06
Q.
n
0.4
0.2

Feed A Feed B Feed B + Leu & Val
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Thr, Tyr) (Feed B), and increased concentration of six amino acids (Ser, Lys,
Thr, Tyr, Leu, Val) (Feed B + Leu &Val).

design to further increase productivity.

3.6. Experimental validation with new feed design

The final step of the workflow was to operate bioreactors runs with
the same process setting used as the previous low and high AAs cul-
tures. A new feed design (higher amount of leucine and valine added to
feed B) as shown in Table 1 was implemented. The cell culture with
high AAs (Feed B) was used as the control. All experiments were per-
formed in duplicate cultures. A statistically significant difference in titer
was observed between control and validation cultures (p-value < 0.05,
one-way ANOVA). The validation experiments showed that new amino
acids supplementation in the feed resulted in an average titer increase
of 11.8% compared to the high AAs cultures, in agreement with the
stated hypothesis of the feed design from in silico simulation (Table 1).
The other cell culture performance, including VCD, viability, lactate,
and other metabolic profiles were found similar between the control
and validation experiments (data not shown).

It has been known that genome-scale models have limitations that
these models cannot predict metabolite concentration and do not ac-
count for regulatory effects [60]. The main hurdle here is how to pre-
cisely decide the concentration of amino acids in the feed that can in-
crease the uptake rate for these specific amino acids by a targeted
percent. To demonstrate that, it was shown in the data from the high
AAs cultures that the higher concentration for the four amino acids did
not only affect the uptake of these four amino acids but also regulated
the metabolism of other amino acids (Fig. 4B). Future exploration to
computationally decipher the quantitative relationship between each
amino acid in the metabolism may help tackle this challenge. Fur-
thermore, it has recently been shown that the catabolism of some amino
acids can lead to the formation of toxic intermediates [49,61,62].

Table 1
Cell culture design for validation experiments at 5 L bioreactor scale.

Conditions Feed medium Normalized titer
Control (n = 2) Feed B (serine, threonine, tyrosine, 1
lysine)

Validation (n = 2) Feed B (serine, threonine, tyrosine,

lysine) +increased Leu & Val

1.12
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Beyond that, it is important to consider the interactions between amino
acids and other components in media, particularly metal ions [63].
Thus, once identifying the optimization targets from in silico simulation,
as a natural next step, the amino acid combinations can be optimized by
using DoE methods to determine the most effective concentration to
enhance the mAb production in future experimental work.

As genome-scale CHO modeling has been applied to analyze nu-
trient catabolism [32], we demonstrated herethat the genome-scale
model can also be used as a qualitative tool to identify targets for media
optimization. Although this study represents an important step for
genome-scale model application for CHO cells, researchers should keep
in mind that a discrepancy between the value predicted in silico and the
experiment should be expected. In the future, more detailed and
quantitative biochemical information of cellular metabolism may be-
come available. For example, the biomass composition for different
CHO cell lines may be measured and applied to formulate more accu-
rate biomass objective functions [64]. With improvements in genome-
scale models from various aspects, we will expect an application of
genome-scale models more quantitatively and effectively for process
optimization.

4. Conclusion

Cell culture media and feed optimization is a standard activity
during upstream process development. However, how the optimized
media affects the metabolism and which pathways contribute to im-
prove mAb production remains difficult to be understood. Here we
demonstrated an application of a genome-scale model to answer this
question as shown using two different cell culture conditions. New feed
design resulted in an improvement in productivity. Our results de-
monstrate that genome-scale modeling is a promising approach for
aiding process understanding and identification of new bioprocess
targets for cell culture optimization.

We believe the study presented here is important for bioprocess
development. First, it advances the fundamental understanding of
amino acid metabolism by demonstrating a link between amino acid
changes and IgG production. The important metabolic insights were
illustrated by the genome-scale model and validated by transcriptomics
analysis. Second, our comprehensive genome-scale model approach can
serve as a reference computational tool both for basic process under-
standing and for in silico simulation for cell culture conditions. More
importantly, our study included both metabolism analysis and in silico
model simulation and exemplifies how a systems-level approach can
add value to industry for effective bioprocess development.
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