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Abstract

Mammalian cell culture processes rely heavily on empirical knowledge in which

process control remains a challenge due to the limited characterization/under-

standing of cell metabolism and inability to predict the cell behaviors. This study

facilitates control of Chinese hamster ovary (CHO) processes through a forecast‐

based feeding approach that predicts multiple essential amino acids levels in the

culture from easily acquired viable cell density data. Multiple cell growth behavior

forecast extrapolation approaches are considered with logistic curve fitting found to

be the most effective. Next, the nutrient‐minimized CHO genome‐scale model is

combined with the growth forecast model to generate essential amino acid forecast

profiles of multiple CHO batch cultures. Comparison of the forecast with the

measurements suggests that this algorithm can accurately predict the concentration

of most essential amino acids from cell density measurement with error mitigated by

incorporating off‐line amino acids concentration measurements. Finally, the forecast

algorithm is applied to CHO fed‐batch cultures to support amino acid feeding control

to control the concentration of essential amino acids below 1–2mM for lysine,

leucine, and valine as a model over a 9‐day fed batch culture while maintaining

comparable growth behavior to an empirical‐based culture. In turn, glycine pro-

duction was elevated, alanine reduced and lactate production slightly lower in

control cultures due to metabolic shifts in branched‐chain amino acid degradation.

With the advantage of requiring minimal measurement inputs while providing va-

luable and in‐advance information of the system based on growth measurements,

this genome model‐based amino acid forecast algorithm represent a powerful and

cost‐effective tool to facilitate enhanced control over CHO and other mammalian

cell‐based bioprocesses.
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1 | INTRODUCTION

Modern bio‐pharmaceutical processes harness mammalian cells such

as the Chinese Hamster Ovary (CHO) cells to produce therapeutic

proteins of high commercial value (Kildegaard et al., 2013). In these

processes, large‐scale productions are usually achieved through fed‐

batch or perfusion operations (Bibila & Robinson, 1995; Hiller

et al., 2017; Huang et al., 2010; Konakovsky et al., 2017; Meuwly

et al., 2006). Successful optimization in fed‐batch and perfusion

strategies requires careful considerations of nutrient levels to supply

sufficient levels of amino acids and other substrates to maintain high

growth rate and productivity, while avoiding accumulation of in-

soluble or harmful and inhibitory by‐products caused by over‐feeding

(Konakovsky et al., 2017; Lu et al., 2013). Optimization of fed‐batch

or perfusion processes can be based on empirical approaches such as

the widely used Design of Experiments to find the optimal experi-

mental parameters for certain defined cell lines, instruments and

materials (Konakovsky et al., 2017), and dynamic feeding control

approaches that rely on analytical technologies or well‐designed al-

gorithms to address the real‐time nutrient demand of cells or to keep

process parameters within the optimal range (André et al., 2017;

Gagnon et al., 2011; Wlaschin & Hu, 2006). For example, the HIP-

DOG (HI‐end pH‐controlled Delivery Of Glucose) method reduces

the accumulation of lactate by feeding glucose according to the de-

tected rising of pH in culture (Gagnon et al., 2011; Hiller et al., 2017)

while another approach uses oxygen uptake rate measurements as an

effective input to control glutamine feed rates (Aehle et al., 2011). In

addition, technologies using a Raman spectroscopy probe or near

infrared can be applied to control nutrient concentrations to achieve

on‐line monitoring and control of glucose levels in CHO cell cultures

(Berry et al., 2016; Li et al., 2018). Currently, the precise monitoring

and control of amino acid levels in mammalian cell cultures have been

proven to be beneficial but is more challenging due to the typical

requirement of laborious and often time‐consuming daily off‐line

measurements (Mulukutla et al., 2017, 2019). The tediousness of

these approaches has encouraged users to develop alternative con-

trol approach that may be easy to implement to maintain amino acid

levels at desirable levels in animal cell culture.

While many current feeding and control strategies are based on

empirical or sophisticated analytical and measurement techniques,

alternative and complementary successful approaches have utilized

modeling tools to guide process control (Ben Yahia et al., 2015;

Craven et al., 2014; Teixeira et al., 2007). Mathematical models can

be an effective tool for guiding mammalian culture operations due to

their capability to describe the behavior of complex systems, making

it possible to predict future states or optimal process parameters

without conducting time‐consuming experiments (Ben Yahia

et al., 2015). Models designed for cell culture process control are

expected to be able to describe enough details about cell physiology

or behaviors to accurately monitor and predict the process state but

at the same time simple enough to allow fast and straightforward

process control (Sommeregger et al., 2017). Such models can include

mechanistic models such as substrate‐based Monod‐type kinetic

models or complex metabolic models based on genome scale re-

presentations, regression models such as polynomial models, as well

models based on data analytics approaches (Almquist et al., 2014;

André et al., 2017; Bayrak et al., 2015; Martínez et al., 2020). Monod‐

type growth models for mammalian cells can be highly effective in

describing cell growth but their development can be laborious due to

the requirement to obtain the kinetics parameters for numerous in-

puts in the media including glucose and many or all amino acids.

Simple Monod‐type equations taking into account only one or a few

key nutrients (e.g., glucose) are possible but they may lack the ro-

bustness needed for describing the impact of other inputs such as

amino acids (Goudar, 2012; López‐Meza et al., 2016).

Metabolic models, as another type of mechanistic models, are

typically useful for investigating metabolism and reaction fluxes

within an organism. Furthermore, genome‐scale metabolic models

can be used to predict the specific growth rate of CHO cells by

solving a linear program with more than 20 inputs of uptake and

secretion rates of metabolites, via the commonly used “biomass ob-

jective function” approach (Chen et al., 2019; Hefzi et al., 2016).

However, in cell culture operations, cell density is often much easier

to measure as compared to many other measurements used as model

inputs. As an alternative, our group has demonstrated that genome‐

scale metabolic models can be used to predict amino acid con-

centrations from cell growth or density data via an “essential nutrient

minimization” (ENM) approach that can be useful in mammalian

bioprocesses including CHO cells. This approach can identify and

generate more than 10 essential amino acid outputs from one easy‐

to‐measure cell density input for CHO cell culture (Chen et al., 2019).

Thus, instead of being used to predict growth rates, the genome‐

scale metabolic models can also potentially be applied to forecast the

nutrient concentration levels throughout the duration of batch and

fed batch cell culture processes. However, to apply the model for

predicting nutrient uptake rates in a predictive framework, cell

growth and cell densities must be estimated for at least one future

time intervals. For this additional parameter, regression models can

be applied due to their simplicity and capability to describe time‐ and

condition‐dependent system behaviors, in different biological and

other systems (Jaqaman & Danuser, 2006). For example, a regression

model‐based approach was used to predict metabolite uptake‐

secretion rates metabolic uptake and secretion rates from specific

growth rates of CHO cells (Ben Yahia et al., 2017). Growth dynamics

of cells can be readily described using empirical‐based regression

models including exponential and logistic approaches, whose model

construction can account both cell proliferation and environmental

limitations (Goudar et al., 2005; Goudar, 2012; Henry et al., 2008).

Due to their limited requirements and relative accuracy, exponential

and logistic models can be appropriate candidates for simple, effec-

tive growth estimators as part of a cell culture process character-

ization and control algorithms (Naderi et al., 2011).

It is believed that the development of biomanufacturing processes

will very likely involve the combination of real‐time analytical monitoring

systems and mathematical models known as virtual monitoring systems

(Park et al., 2021). In this study, we focus on applying modeling tools to
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guide mammalian cell culture process control by predicting key process

parameters including cell growth and amino acid concentrations. The

model‐based tool can be readily implemented; in other words, such a tool

will require a limited number of measurement inputs that are easily ac-

quirable and be able to predict and control a large number of process

parameters which are more challenging and time consuming to measure.

To accomplish this goal, we have integrated the genome‐scale metabolic

model‐based ENM uptake rate prediction algorithm developed previously

by our group with a robust regression model for predicting cell growth

into a control algorithm that forecasts and controls the future con-

centration of essential amino acids from viable cell density (VCD) mea-

surements. In contrast to the conventional control strategies, this

forecast‐control algorithm is designed to implement nutrient control by

predicting future nutrient needs of the cultures and offers the capability

to easily control species‐specific essential amino acids levels at a desired

optimum without the strict requirement of detailed analytical measure-

ments by utilizing rapidly acquired cell density estimates together with a

model of cell physiology. As a demonstration of the capability of this

approach, we evaluate the reliability of this algorithm in forecasting amino

acid levels in CHO batch cultures and demonstrate its applicability in

controlling amino acids in CHO fed‐batch cultures. First, cell growth and

essential amino acid level forecast accuracy of the developed algorithm is

evaluated using CHO batch culture datasets collected from two different

sources by inputting only the VCD data. Then, the forecast algorithm is

used to guide the feeding of three amino acids in CHO fed‐batch cultures

and controls their concentration at low levels before the death phase

using initial amino acid concentration and VCD as the only inputs. This

approach can be especially useful when particular amino acids are to be

maintained at low levels to optimize culture performance (Mulukutla

et al., 2017; Mulukutla et al., 2019). Overall, the forecast algorithm ex-

hibits reliable capabilities for predicting and controlling essential amino

acid levels in CHO cell batch and fed‐batch culture processes.

2 | RESULTS AND DISCUSSION

2.1 | Logistic function well describes the growth
behavior of CHO cell batch cultures

To achieve the goal of forecasting amino acid levels from VCD mea-

surements in CHO cell cultures, a growth prediction method is first re-

quired to estimate the effective growth rate and VCD at specific future

time points. Equation fitting using exponential and logistic growth func-

tions were considered as approaches to forecast the growth of CHO cells

and the feasibility of this method was tested with several batch growth

datasets for CHO cells from two different published studies. The first

study published previously by our group (Chen et al., 2019) includes

growth and concentration data of eight essential amino acids for an im-

munoglobulin G (IgG)‐producing CHO‐K1 cell line grown in 125ml shake

flasks and cultured in five different media sets (dataset A1–A5). The

second study (Martínez et al., 2015) reports growth and the concentra-

tion profiles for 22 metabolites including eleven essential amino acid from

four batch cultures of an IgG‐producing CHO‐K1‐derived cell line grown

in 1 L shake flasks at standard conditions (37°C) and also at reduced

temperatures (32°C) (dataset B1–B4).

Initially, experimentally measured growth profiles were com-

pared against exponential and logistic growth curves generated by a

least‐squares fitting to investigate if the two selected growth func-

tions can effectively describe CHO cell growth. An additional con-

straint which enforces the curve fitting to cross the initial data point

(“fixed initial”) was also evaluated for both equations. For cases

without the “fixed initial” constraint, curve fitting using the ex-

ponential equation produces R2 values between 92.6% and 99.6% for

datasets A1–A5, and between 87.4% and 92.8% for datasets B1–B4,

as shown in Figure 1 and Figures S1–S8. Alternatively, logistic curves

fitted without fixing the initial data points demonstrated R2 values

>99% for most of the datasets except A5 and B2, which still exhibited

>98% R2 values. This observation indicates that compared to the

exponential equation, the logistic equation appears to describe the

growth behavior of both CHO cell cultures more effectively for all of

the representative batch culture cases. As an example, based on the

fitting results for datasets B1 to B4 (Figure 1 and Figures S6–S8), the

exponential function does not account for the decrease in growth

rate occurring after the early growth periods observed for those

cases, however, this shift in growth rate is well captured by the lo-

gistic equation. On the other hand, for datasets A2–A5 in which the

growth profiles show exponential behavior, the logistic function fits

equally well since this function is also capable of describing ex-

ponential growth profiles.

For all cases the curves fitted with the “fixed initial” constraint result

in R2 values lower than that of the curves fitted without this constraint,

with a more significant impact on exponential curve fitting as compared

to logistic curve fitting. Specifically, for exponential fitting, R2 values for

datasets A1–A5 is lowered from a range between 81.7% and 99.1%

(compared to 92.6%–99.6%) and is reduced to between 62.1% and

73.6% for datasets B1–B4 (compared to 87.4%–92.8%; see Figure 1 and

Figures S1–S8). Alternatively, R2 values for logistic curve fitting drops only

marginally with the constraint, resulting in a decrease in R2 values of less

than 0.8% for all the different cases. This implies that despite its ad-

vantage of reducing the number of parameters needed to fit (N0 in

Equation (2), Section 4), forcing the curve to cross the initial data point

also exerts a negative impact on the flexibility of curve fitting for CHO cell

growth curves.

In addition to exponential and logistic equations, others such as

polynomial equations are also able to describe known growth beha-

vior and such equations fits may be used as an extrapolation ap-

proach to forecast the future state of cell growth (López‐Meza

et al., 2016). However, despite the capability to fit the growth profile

well, there are a few disadvantages which can make polynomial fits

challenging for mammalian cell growth forecasting. For example, it is

difficult to set or adjust the degree of the polynomial to avoid un-

derfitting and overfitting when a different number of data points are

available at different phases of the culture. Extrapolating via poly-

nomial curve fitting, especially for high‐order polynomial equations,

can be very sensitive to the last point of regression, and thus ex-

trapolation of future time points can be significantly biased if the last
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point is not measured accurately (Hawkins, 2004). As demonstrated

in previous studies (Goudar et al., 2005; Goudar, 2012), polynomial

fits are also likely to be affected by outliers and fail to characterize

the initial and final stage of the CHO cell culture which makes it

problematic to effectively estimate specific growth or metabolite

exchange rates at current and future time points. Thus, rather than

implementing fitting approaches that solely depict the trend of

change of measured data points, logistic and exponential equations

which characterize the cell behavior with biologically meaningful

parameters represent preferable options for the regression‐based

growth prediction approach in the current study.

2.2 | An algorithm combining growth prediction
and ENM approach forecasts VCD and essential
amino acid levels in batch cultures

After confirming the feasibility of using an equation fitting approach

to predict CHO cell growth, the next step is to implement this ap-

proach to develop a forecast algorithm that predicts future cell

density as well as amino acid levels from current cell density mea-

surements for CHO cell culture processes. Such an algorithm was

designed by combining growth prediction methods which estimate

the cell density changes, with the ENM and static optimization ap-

proach which utilize the genome‐scale metabolic model for CHO cells

to estimate essential amino acid consumption according to the in-

crease in cell density (see Section 4). In addition to the exponential

and logistic equation fitting, a “two‐point extrapolation” approach

was also considered and tested assuming the effective growth rate is

constant from the previous time point to the next time point. Unlike

the exponential fitting and logistic fitting approaches which require at

least three and four initial VCD measurements to generate a fitting

curve, the two‐point extrapolation method needs only two mea-

surements to predict the next time point. Shown in Figure 2 is a

comparison between measured and algorithm‐forecasted profiles of

VCD and amino acid levels for dataset B4 using the logistic curve

fitting approach, given only the amino acid concentrations at the

initial time point as input (see Figures S9–S34 for other datasets and

exponential and two‐point growth prediction approaches). Also, to

demonstrate and compare the prediction approaches in forecasting

F IGURE 1 Experimental growth data versus curves fitting using exponential and logistic functions for dataset B1. “Fixed initial” stands for
curved fitted with the constraint that the fitting curves have to cross the initial data point, and “fitting initial” stands for fitting without this
constraint. Results for other datasets are shown in Supporting Information Figures
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the culture behaviors, the mean absolute percentage error (MAPE) of

VCD and all amino acid levels forecasting results for every different

dataset and approach were calculated relative to measured values

and are listed inTables 1 and 2. For datasets A1–A5 in which most of

the cell density data points follow exponential behavior, the forecast

VCD and amino acid level profiles are all generally comparable to

measurements (shown in Figure 2, Tables 1 and 2), however, no clear

conclusion can be drawn as to which one of the three approaches

(exponential fitting, logistic fitting or two‐point extrapolation) gen-

erates the smallest MAPE. However, due to the fact that the number

of minimal data points required to initiate each algorithm are differ-

ent, the number of available data points for comparison are limited

and vary between the three methods, and thus the MAPE values for

these datasets in group A may not well represent the accuracy of the

forecasting results. For datasets B1–B4 which describe longer culture

processes and contain more frequent measurements, differences

between the three approaches are more evident. Table 2 illustrates

that the exponential fitting approach leads to significantly higher

MAPE values than the other two approaches for all four B group

datasets, due to the inability of the exponential function to predict

the sigmoidal shape of the actual growth curves, as demonstrated by

Figure 1, Figures S24, S27, S30, and S33. The logistic fitting approach

results in the lowest MAPE values for datasets B1 and B4, and the

MAPE values with the two‐point approach providing slightly lower

values than that of the logistic fitting approach for datasets B2 and

B3. Indeed, the logistic fitting method predicts the growth trend and

the corresponding amino acid levels of B group datasets well, as

demonstrated in Figure 2, Figures S25, S28, and S31. Thus, the amino

acid forecasting algorithm with all the three growth prediction ap-

proaches is able to predict essential amino acid levels at future time

points for all the nine cases of batch cultures albeit with different

levels of prediction effectiveness. Among the three growth prediction

approaches, the logistic curve fitting method generates the fore-

casted profiles that best describe the actual culture behaviors for all

considered cases; the two‐point extrapolation method also shows

F IGURE 2 Forecast versus measurements of viable cell density and amino acid profiles for batch datasets B4, via logistic curve fitting growth
prediction approach without forcing the fitted curves to cross initial data points. Each mark represents the forecast result for the time point with
cell density measurements from all the past time points as inputs. Forecast results were generated assuming no amino acid concentration
measurement is available as algorithm inputs

TABLE 1 Mean absolute percentage error (MAPE) of VCD
forecasting results for the nine datasets

Dataset

MAPE of forecasted viable cell density
Two‐point
extrapolation

Exponential
equation fitting

Logistic
equation fitting

A1 24.67% 36.28% 29.62%

A2 39.93% 22.16% 22.47%

A3 29.68% 27.81% 31.75%

A4 60.48% 35.23% 32.11%

A5 37.10% 23.77% 30.00%

B1 13.45% 14.73% 5.76%

B2 18.85% 16.28% 9.29%

B3 9.40% 18.93% 6.38%

B4 11.26% 20.43% 4.35%

Abbreviation: VCD, viable cell density.
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good forecast capability while the exponential fitting method does

not perform as well as the other two approaches especially when

cells exhibit lag or stationary phase transitions.

Although both are considered to be effective growth prediction

approaches, the logistic curve fitting and two‐point extrapolation

methods have different advantages when applied to the actual cell

culture processes. The sigmoidal shape of logistic function makes it

possible to estimate when the culture may enter stationary phase,

which provides guidance to the altering feeding strategies as the cells

emerge slowly from the exponential growth phase. It can be ob-

served that cell growth profiles from most of the published CHO

batch, fed batch as well as perfusion mode culture data demonstrate

shapes that can be well fitted by logistic equations before cultures

reaching the death phase (Bielser et al., 2018; Chen et al., 2014;

Farges et al., 2008; Goudar, 2012; Gutierrez et al., 2020; Hiller

et al., 2017; Huang et al., 2010; Kotidis & Kontoravdi, 2019; López‐

Meza et al., 2016; Meuwly et al., 2006; Pan, Streefland, et al., 2017;

Robitaille et al., 2015; Wiegmann et al., 2019; Xing et al., 2010;

Yongky et al., 2019). On the other hand, the two‐point extrapolation

approach exhibits the greatest flexibility to handle various kinds of

growth behaviors because, unlike the equation fitting methods, its

predictions are not predicated on the cells exhibiting any kind of

defined growth patterns. Indeed, the two‐point extrapolation

forecast approach has been implemented successfully with nu-

trient minimization models by our group to control nitrate level for

Chlorella vulgaris cultures (Li et al., 2019). Such approaches based

on two consecutive points are often used to estimate specific rates

due to their simplicity, but such methods can be overly sensitive to

measurement error and may lead to high variability when used to

predict CHO cell culture (Goudar et al., 2005; Goudar, 2012). In

actual culture processes, the choice between the two forecast

approaches may depend on how frequently cell density data input

is acquired. In particular, logistic curve fitting is preferred when a

long‐term forecast is to be performed or if VCD measurements are

taken relatively infrequently, because logistic curve fitting can

depict the long‐term fate of cell growth from even a few sporadic

data points. The two‐point extrapolation approach may be favored

when cell density measurement data is frequently obtained and

short‐term culture conditions are to be estimated, since this ap-

proach can best capture the dynamic changes occurring for cell

growth during the elapsed time between each iteration thanks to

its high sensitivity.

Furthermore, an examination of the comparison between mea-

surements and predictions in Figure 2 indicates that the forecast

results for certain amino acids fit the experimental data more ef-

fectively than others, such as lysine in the B group datasets. Certain

amino‐acid specific deviations negatively impact the MAPE values

and may be due to amino acid composition discrepancies between

the biomass function in the genome‐scale model and the specific cell

line applied (Széliová et al., 2020), additional contributions arising

from highly secreted products such as IgG not accounted for or with

different amino acid compositions, or bias or inaccuracies in the ex-

perimental measurements of specific amino acid levels. Thus, to im-

prove prediction accuracy and reliability, it is important to ensure key

model parameters, assumptions, and measurements are realistic, ac-

curate and representative, including the amino acid composition of

biomass and recombinant protein, protein productivity, cell dry

weight for specific cell lines and amino acid determinations in the

culture.

2.3 | Forecast reliability can be improved by
in‐process amino acid concentration measurements

In the above section, we evaluated the applicability of the amino acid

forecast algorithm in CHO batch cultures assuming only cell count

measurements are available with time and amino acid levels known

only at the beginning of the experiment. It has been shown that such

continuous predictive model simulations without any correction from

reliable in‐process experimental data and measurements may lead to

accumulations of error due to imperfect model predictions or mea-

surement bias, especially in extended culture processes (Chen

et al., 2019). Therefore, we next wanted to investigate how perfor-

mance of this algorithm may be improved in situations where mea-

surements of amino acid levels are acquired and available throughout

the culture process and these can be used as additional algorithm

inputs. These amino acid concentration measurements can, along

with the VCD data, potentially serve as valuable corrective inputs for

the predictive algorithm. However, most amino acid concentration

measurements are taken off‐line and such data may not be available

immediately after the culture samples are taken. However, in-

corporation of these values can be beneficial to the accuracy of the

model predictions even if the measurements become available later

in the culture process. Thus, to investigate if the algorithm can be

utilized in an industrial CHO culture setting, the forecast simulations

for datasets A and B groups were conducted again, assuming that at a

given time point, the amino acid concentration measurements from

TABLE 2 Mean absolute percentage error (MAPE) of amino acid
level forecasting results for the nine datasets without concentration
measurement data as inputs

Dataset

MAPE of forecasted amino acid level results
Two‐point
extrapolation

Exponential
equation fitting

Logistic
equation fitting

A1 6.31% 13.31% 9.60%

A2 19.45% 32.19% 40.55%

A3 10.66% 11.40% 16.35%

A4 12.81% 22.76% 17.41%

A5 20.16% 32.13% 28.55%

B1 22.31% 33.29% 12.25%

B2 24.52% 57.18% 26.81%

B3 51.92% 104.69% 56.98%

B4 42.57% 117.46% 21.96%
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the previous time point are available as inputs to the algorithm (in

Section 4, Figure 6, “new available measurement at tn‐1”) along with

the current cell density measurement to forecast future time points.

Shown in Figure 3 are the forecast profiles of datasets B4 using the

logistic fitting approach with amino acid data correction, and Table 3

lists the corresponding MAPE values for all approaches and datasets.

Besides the better forecast profile with measurement data correction

(Figure 3 vs. Figure 2), the resulting MAPE values listed in Table 3 for

almost every approach and dataset are improved compared to the

values in Table 2, meaning that incorporating the amino acid con-

centration measurements as additional inputs, even if delayed by one

measurement time point, can have a significant positive effect on the

reliability of this forecast algorithm. For most cases, the improvement

in forecast accuracy is most evident later in the culture periods when

errors begin to accumulate. As an example, significant improvement

in lysine forecast results in group B datasets can be achieved, ex-

hibiting much closer alignment to the measured profiles compared to

the uncorrected predictions.

Thus, being able to access delayed or less frequent measurement

data of amino acids can still benefit the reliability of the forecast

approach significantly, since even one accurate measurement at a

particular time point can eliminate the error build‐up from all the

previous forecast results. In this way, incorporating at‐line or off‐line

amino acid concentration measurements can represent an effective

strategy to complement our model‐based forecast algorithm and its

applications.

2.4 | Forecast‐guided feeding successfully controls
amino acid level throughout the CHO fed‐batch
culture process

After demonstrating that the amino acid forecast approach can be

used to predict concentration levels of multiple amino acids in batch

F IGURE 3 Forecast versus measurements of viable cell density and amino acid profiles for batch datasets B4, via logistic curve fitting growth
prediction approach without forcing the fitted curves to cross initial data points. Each mark represents the forecast result for the time point with
cell density measurements from all the past time points as inputs. Forecast results were generated also assuming amino acid concentration
measurements are available as algorithm inputs one time point after the cell density is measured

TABLE 3 Mean absolute percentage error (MAPE) of amino acid
level forecasting results for the nine datasets with concentration
measurement data as inputs

MAPE of forecasted amino acid level results (with
concentration measurement input)

Dataset

Two‐point
extrapolation

Exponential
equation fitting

Logistic
equation fitting

A1 6.82% 6.86% 10.06%

A2 13.49% 22.54% 28.86%

A3 13.37% 13.88% 22.99%

A4 11.76% 16.19% 19.17%

A5 17.92% 21.48% 28.14%

B1 11.86% 7.03% 6.36%

B2 21.52% 8.62% 10.81%

B3 33.90% 31.71% 15.69%

B4 34.69% 17.19% 7.05%
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cultures, we next investigated if our forecasting algorithm could be

applied to dictate amino acid feeding levels during fed‐batch CHO

cultures. A proof‐of‐concept experiment was designed and con-

ducted to control the level of three amino acids—leucine, lysine and

valine at 0.6 mM throughout the fed‐batch culture—as shown in

Figure 4a. Leucine and valine were selected to be controlled at

0.6 mM to examine the potential of applying the forecast algorithm to

control the level of those two branched‐chain amino acids (BCAAs)

between 0.5 and 1mM as suggested in previous studies as a means

to reduce the accumulation of growth‐inhibiting byproducts

(Mulukutla et al., 2017; Mulukutla et al., 2019). Lysine was selected

as another representative essential amino acid to control in CHO

culture. Initially, an empirical‐based fed‐batch shaker flask culture

strategy was designed (see Section 4 and Figure 4a) for an IgG‐

producing CHO glutamine synthetase (GS) cell line with chemically

defined media and defined, preset daily feed volumes. Then, a cor-

responding forecast‐guided fed‐batch culture approach was designed

to control the concentration of leucine, lysine and valine at 0.6 mM at

each sampling time, using customized basal and feed media without

the three amino acids. VCD measurements were taken every 12 h

and the total cell number was used as input to the forecast algorithm

to take volume change into account. The concentrations of leucine,

(a)

(b)

F IGURE 4 Design of the proof‐of‐concept algorithm‐guided amino acid feeding control experiment and measurement results.
(a) Visualization of fed‐batch CHO cell culture experiment design. CHO cultures were divided in two different groups using empirical and
forecast‐based approaches to feed leucine, lysine and valine. (b) Comparison of cell number, metabolite concentration and IgG titer in empirical
and forecast‐guided CHO cell fed‐batch cultures. For forecast‐guided cultures, concentration of leucine, lysine and valine were designed to
be controlled at 0.6 mM at every sampling time. Error bars represent standard deviation of the triplicate samples. CHO, Chinese hamster ovary;
IgG, immunoglobulin G
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lysine and valine at the following sampling time were forecasted by

the algorithm based solely on the measured cell number and initial

amino acid levels, and the amount of the three amino acids was

calculated and added to the flasks as needed to supply the cells while

also maintaining a 0.6 mM concentration at the start of each feeding

point. Amino acid concentration at all time points was forecasted

using the logistic equation fitting approach, except for the third and

fourth time points which were forecasted via two‐point extrapolation

and the exponential equation fitting approach, respectively. To en-

sure that the fitting approach does not introduce bias, a check of the

R2 value was performed at each time point after every logistic curve

fitting. The two‐point extrapolation approach is used instead if R2 is

less than 95% for the logistic curve fit, however, such a case was not

encountered throughout the experiment. To test the forecast‐guided

feeding algorithm and to investigate the effect of controlling the

three amino acids at low levels, CHO cells were seeded into empirical

culture triplicate and forecast‐guided culture triplicate for compar-

ison. Customized basal and feed media without leucine, lysine and

valine was used in both culture groups, and the three amino acids

were supplemented. For the forecast‐guided group, the amounts of

amino acids were added based on model prediction and maintenance

of a 0.6 mM initial cycle level every 12 h after cell density measure-

ments. For the empirical cultures, defined volumes of amino acid

stock solution were added daily based on the original feed compo-

sition and predetermined feeding scheme as is common in fed batch

processes. Differing volumes of phosphate buffered saline (PBS)

were supplied to the two groups to balance the volume change

caused by amino acid feeding. The fed‐batch culture was stopped

when viable cell number started to drop. The amino acid composition

of the IgG molecule was considered in the forecast algorithm by

generating a corresponding IgG production reaction in the CHO

genome‐scale model. According to historical data, productivity of IgG

for this cell line ranges from about 1 × 10−5pg/gDW/h to

3.5 × 10−5 pg/gDW/h in various fed‐batch conditions, thus the IgG

production reaction flux constraint in the model was estimated to be

1.5 × 10−5 pg/gDW/h from Days 0 to 4 and 3 × 10−5 pg/gDW/h after

Day 4. Averaged dry weight of the CHO cells was measured to be

430.1 pg/cell for cells cultured in similar conditions as the empirical

and forecast‐guided culture conditions for Days 3–7 (Figure S61),

with no significant change over time or difference between the two

culture conditions. Shown in Figure 4b is the comparison of viable cell

number, viability, glucose, lactate, leucine, lysine, valine and IgG titer

measured for the empirical and forecast‐guided fed‐batch culture

samples. For the empirical cultures, leucine, lysine and valine levels

are higher than 3mM at the beginning and decrease over time.

Meanwhile, measurements for forecast‐guided culture shows that

concentrations of leucine and valine were successfully maintained

below 1mM till the end of Day 9 of the culture while the con-

centration of lysine gradually increases from Days 5 to 9, indicating

overfeeding after Day 5. Leucine concentration decreases after Day

8 indicating higher consumption than expected.

Both empirical and forecast‐guided fed‐batch cultures exhibit a

logistic growth curve, with very similar shapes and peak cell number

on Day 9 to indicate comparable growth behaviors. However, some

minor differences are evident between the two culture groups in-

cluding lower lactate production rates (before Day 3), slightly higher

lactate consumption rates (after Day 3), and slightly elevated glucose

levels for the forecast‐guided group. The concentration profiles of

most of the other metabolites are comparable between the empirical

and forecast‐guided cultures except for alanine and glycine

(Figure S62), in which peak alanine concentration is higher for the

empirical culture and glycine levels are higher for the forecast‐guided

culture. This observation is in agreement with the results of previous

whole animal studies in which BCAA restriction or inhibition of BCAA

metabolism results in elevation of glycine levels and decreases in

alanine levels in Zucker rat metabolism (White et al., 2016, 2020).

These studies report that glycine has an inverse relationship to ala-

nine and BCAA in the skeletal muscle of Zucker rats, which can be

explained by the consumption of glycine to generate alanine in the

pyruvate‐alanine cycle in presence of elevated BCAA levels (White

et al., 2016, 2020). Specifically, in the pathway shown in Figure 5a,

elevated level of BCAAs results in the catabolism of BCAAs together

with the generation of glutamate, which induces the conversion from

pyruvate to alanine in a partner transamination reaction. The strong

relationship between alanine and BCAA oxidation is also reported in

rat skeletal muscle studies (O'Connell, 2013). These BCAA degrada-

tion products will subsequently be further degraded and feed me-

tabolites into the tricarboxylic acid (TCA) cycle. Glycine is believed to

be a source of pyruvate via the serine dehydratase reaction which

also generates NH4 to be used in the GS reaction (White et al., 2016;

White et al., 2020). The reduction in glycine levels in the empirical

case may be the result of an enhanced demand for pyruvate for

regeneration of α‐ketoglutarate needed in BCAA together with ala-

nine by‐products (Figure 5a). Thus, in our study, the elevated alanine

levels and reduced glycine levels observed in empirical cultures

compared to the forecast‐guided cultures can be similarly explained

by this pathway given the enhanced levels of two BCAAs (leucine and

valine) available in these cultures compared to controls.

Surprisingly, the IgG titers are also slightly reduced in the

forecast‐control group. This may be led by the downregulation of

the mechanistic target of rapamycin (mTOR) pathway due to low

leucine concentrations maintained in the forecast‐guided culture,

since the activity of mTOR pathway is known to be strongly related to

protein productivity and leucine is a particularly important amino acid

regulating mTOR signaling (Dreesen & Fussenegger, 2011; Edros

et al., 2014; Kim et al., 2017; Son et al., 2019; Wang et al., 2008).

Despite the improved peak cell density and overall higher titer re-

sulting from controlling eight amino acids (including leucine) at low

levels, cell specific protein productivity is lower relative to the non-

controlled condition as previously noted by (Mulukutla et al., 2017). It

is reasonable to hypothesize that simultaneously controlling multiple

amino acids at low levels may benefit growth by reducing inhibitory

byproducts but may also reduce protein productivity due to low

availability of certain amino acids such as leucine. Thus, an optimal

level of amino acids should be chosen to limit feeding of amino acids

while maintaining IgG and other recombinant protein productivities.
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(a)

(b)

F IGURE 5 (See caption on next page)
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We next examined the possible causes of the deviation in ob-

served amino acid concentrations from model predictions. First of all,

as with any control algorithm, the predictability depends on the

model input used for dictating proper addition of nutrients. Titer

measurements following the experiments indicated that, IgG pro-

ductivity after Day 4 was approximately 1.6 × 10−5 pg/gDW/h and

1.3 × 10−5 pg/gDW/h on average for the empirical and forecast‐

guided group, respectively, which is about 50% of the assumed

productivity used in the initial forecast algorithm. Thus, the increase

of lysine concentration in the forecast‐guided culture after Day 4

may be due, at least in part, to overfeeding caused by an over-

estimation of IgG productivity. Second, as mentioned previously,

minor error build‐up from model predictions without amino acid

concentration measurements as correction may also lead to devia-

tions observed in the late stage of the cultures. To examine the im-

pact of these deviations, the actual quantity of amino acids consumed

every 12 h estimated from the measurements and feeding history

was calculated (“observed consumption”) and compared with the

amount that was experimentally supplied (“supplied”), as well as the

amount that would have been supplied if the measured IgG pro-

ductivity was instead used as input (“corrected supplement”). In ad-

dition, the calculated quantity of amino acids the cultures would

consume via implementing the ENM uptake rate approach based on

the genome‐scale model using measured VCD and IgG productivity

as inputs was also determined (“model‐calculated”). All four of the

aforementioned observed and simulated amino acid quantity profiles

for forecast‐guided cultures are plotted and presented in Figure 5b.

First of all, for all the three amino acids, the actual consumption level

matches well with both the experimentally supplied amount and the

ENM model‐calculated amount before Day 5, suggesting that the

forecast‐guided feeding approach can effectively predict and control

the level of all three amino acids during the first half of the fed‐batch

culture. After Day 5 when overestimated IgG productivity was used

as model input, the experimentally fed amount is higher than the

theoretical minimum amount and the “corrected supplement” feeding

amount, demonstrating the impact of using inaccurate IgG pro-

ductivity as input. For all three amino acids, the “corrected supple-

ment” amount is comparable to the ENM “model‐calculated” cell

consumption amount, indicating that the logistic‐based forecast al-

gorithm can accurately predict the supplement quantity for the next

time increment.

The leucine and valine profiles exhibit similar consumption/

supplement profiles, in which the estimated consumption values

for a number of time points after Day 6 are higher than the model‐

calculated amounts. This observation may be due to the enhanced

catabolic reactions of BCAAs during the late stage of the cultures.

Indeed, metabolic byproducts of L‐leucine and L‐valine are de-

tected in the Day 8.5 spent media samples (data not shown).

Furthermore, it has been reported that catabolic byproducts of

leucine and valine can accumulate to high concentration in culture

media on Day 7 of fed‐batch cultures, suggesting high activity of

BCAA breakdown happening at late stages of fed‐batch cultures

(Mulukutla et al., 2017, 2019).

Interestingly, the amount of observed lysine consumption from

Days 5 to 7 is even lower than the “model‐calculated” amount which

represents the minimal consumption amount required to sustain the

observed growth rate and protein productivity. This overestimation

of lysine consumption may be related to the depletion of asparagine

that occurs beginning on Day 5. Indeed a previous study on the

asparagine starvation response in CHO cell cultures indicates that

asparagine depletion has a significant impact on intracellular lysine

metabolism and reduces the intracellular lysine pool (Seewöster &

Lehmann, 1995). Thus, limitation in asparagine after Day 5 in the

forecast‐guided cultures may also lead to the decrease in the in-

tracellular lysine pool in CHO cells and may potentially reduce the

overall apparent lysine uptake rate as observed in the forecast‐

guided fed‐batch experiment.

As a result, this proof‐of‐concept amino acid level control ex-

periment demonstrates the potential of a forecast‐based control

strategy to effectively limit specific amino acids at desired levels in

CHO cell cultures while maintaining cell growth performance. With

viable cell number as the sole input measurement, this forecast‐

guided feeding strategy represents a straight‐forward, efficient and

cost‐effective model predictive control system suitable for fed‐

batch and potentially perfusion mammalian cell culture processes.

All that is required to implement this feeding approach is the initial

F IGURE 5 Visualization of relevant amino acid pathways and analysis of amino acid consumption. (a) Metabolic pathway illustrating the
catabolism of BCAA and its relationship with glycine consumption and alanine generation in the empirical cultures compared to forecast‐guided
cultures. Presumably, BCAA degradation via BCAT induces the generation of glutamate and the following formation of alanine in the
transamination reaction catalyzed by ALT. Glycine is assumed to be the source of pyruvate to generate alanine. BCAT, branched‐chain amino
acid aminotransferase; ALT, alanine aminotransferase; SHMT, serine hydroxymethyltransferase; SDH: serine dehydratase; GS, glutamine
synthetase; α‐KIC, α‐ketoisocaproic acid; α‐KIV, α‐ketoisovaleric acid; α‐KMV, α‐keto‐β‐methylvalerate; Me‐THF,
5,10‐Methylenetetrahydrofolate; THF, tetrahydrofolate. (b) Quantity of consumed/supplied L‐leucine, L‐lysine, and L‐valine by/to the CHO
forecast‐guided culture estimated by measurement average, feeding history and simulation. “Observed consumption” stands for the observed
amount consumed by the cultures. “Supplied” stands for the experimentally added amount. “Corrected supplement” stands for the amount that
would have been supplied if the measured IgG productivity was used as model input. “Model‐calculated” stands for the quantity of amino acid
which the CHO cultures are expected to consume, calculated by the ENM approach using CHO genome‐scale model given measured viable cell
density and recombinant protein productivity. For consumption, each point represents the amount of amino acid consumed in the following
12 h. For supplement, each point represents the amount supplied at that time point. CHO, Chinese hamster ovary; ENM, essential nutrient
minimization; IgG, immunoglobulin G
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concentration of amino acids, biomass composition, cell size, and

IgG productivity and composition. According to a study comparing

the biomass and amino acid composition of multiple CHO cell lines

and the CHO genome‐scale model, no significant difference was

observed between various CHO cells (Széliová et al., 2020). In

contrast to biomass composition, size and dry weight of mammalian

cells including CHO cells is known to vary between cell lines and

may also increase during fed‐batch processes (Alhuthali et al., 2021;

Edros et al., 2014; Pan et al., 2019; Pan, Dalm, et al., 2017; Pan,

Streefland, et al., 2017; Széliová et al., 2020). The relevance of

knowing IgG productivity is evident in the limitations of the algo-

rithm in accurately forecasting the concentration of all the three

amino acid depletion rates after Day 5, when recombinant protein

production becomes a key contributor (Figure S63). Alternatively,

extrapolating late‐stage culture parameters at the beginning of

culture can also be challenging especially for the transition from

exponential to stationary phase. As presented in Figures S64, S65,

and S66, fitting of an accurate and stable maximal growth capacity

parameter (K) at early culture time points is difficult while estimating

the other two logistic parameters (N0 and μmax, see Methods) is

straightforward, suggesting that users should increase sampling and

algorithm iteration frequency and avoid long forecast time horizons

if possible to minimize feeding control error. In the future, the

availability to take more rapid at‐line or off‐line measurements will

be beneficial since those measurements can significantly improve

the forecasting capacity of this predictive control approach. Indeed,

amino acid concentration measurements can help correct model

prediction error accumulated over time or help to account for

catabolic activity of certain amino acids in different cell lines or

culture conditions while measurements of titer can help estimating

the cell‐specific protein productivity at different phases of the

culture so that the forecast model can be adjusted accordingly to

generate more accurate predictions.

This forecast algorithm could be expanded to a broader range of

applications ina future version. For example, forecast of the final stage

of fed‐batch culture in which viable cell number and viability decrease

is not included. To account for culture behavior during late fed‐batch

stage, future expansion of the current forecast control algorithm can

incorporate additional models or parameters which effectively de-

scribe death behavior of the cells. The most straightforward approach

is to introduce a death rate parameter that turns regular logistic

equation to a four‐parameter logistic equation, which is demonstrated

to be effective in modeling CHO cell batch and fed‐batch cultures

(Goudar et al., 2005). Second, the currently used ENM‐based uptake

rate prediction approach may only accurately predict the consumption

of about ten amino acids specifically essential for CHO cells, leaving

the other ten non‐essential nutrients not modelled. The consumption

of most non‐essential nutrients cannot be accurately predicted based

on the same assumption as the ENM approach because their con-

sumption serves many purposes, and they can be interconverted. Such

metabolic characteristics may also be dependent on specific cell lines

as well as culture conditions, making the forecast of multiple

non‐essential nutrients in culture challenging and requiring additional

analytical technologies or kinetic and data‐driven model configurations

(Hagrot et al., 2019; Park et al., 2021; Schinn et al., 2021). Indeed

future forecast algorithm can combine a number of additional tools

and methods to describe cell growth and nutrient consumption be-

havior throughout the entire culture period.

3 | CONCLUSIONS

Model predictive control approaches require a dynamic process

model with the capability to effectively describe process perfor-

mance. In this study, an algorithm is developed to forecast future

essential amino acid levels in CHO cell cultures from VCD measure-

ments, by combining a growth regression model and a genome‐scale‐

model‐based nutrient minimization approach. Logistic equation fitting

is selected as an effective regression model due to its advantages in

depicting the profiles of VCD observed across various culture data-

sets. The logistic‐based forecast algorithm is able to predict the levels

of most essential amino acids with VCD as the sole measured input,

while off‐line amino acid concentration measurements can serve as

secondary inputs to correct error build‐up. Finally, when used in CHO

fed‐batch cultures, the forecast algorithm is able to guide the feeding

of amino acids and successfully controls the concentration of three

selected essential amino acids at low levels throughout the culture

period with conserved growth performance. This algorithm promises

to transform our ability to control input costs in mammalian cell

cultures and as a result lower cultivation costs surrounding key nu-

trients and limit the accumulation of undesirable metabolic by‐

products that can result from overfeeding of amino acids. Unlike

control approaches based on analytical technologies, this model‐

based approach facilitates CHO bioprocesses by providing in‐

advance estimation or reference information to guide the operation

and design of better process control strategies such as feeding

schemes or media composition. The forecast algorithm can be further

expanded in the future through incorporation of additional model

elements as more datasets and information regarding cellular phy-

siology and metabolism becomes available that enables us to effec-

tively model and control the performance of mammalian cell

cultivation systems.

4 | METHODS

4.1 | Growth prediction methods by equation
fitting and two‐point extrapolation

Growth kinetics of CHO cells is characterized by exponential equa-

tion and logistic equation in this study. Exponential equation de-

scribes cell growth as:

N N exp u t t= × ( × ( − ))x x max,0 0 (1)
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And three‐parameter logistic equation can be expressed as:

N
K

K N N exp u t t
=
1 + ( − )/ × ( × ( − ))

x
x x max,0 ,0 0

(2)

Here Nx,0 is the number of cells (counted in million cells, or total dry

weight in grams) at initial culture time t0(h), Nx is the number of cells

at a later culture time t . umax is the maximal specific growth rate (1/h)

and K is the maximal growth capacity (million cells or gram) which

represents the upper limit of sigmoidal growth curve. Equation

parameters are determined by fitting the VCD data over different

time, via least squares method. Exponential equation requires at least

three data points and logistic equation requires at least four to es-

timate all the parameters.

Two‐point extrapolation approach predicts VCD at the future

time point from the two latest time points (one current time point and

its previous time point) by exponential growth function, assuming the

effective growth rate is constant across three time points. Based on

Equation (1), effective growth rate ueff during the previous and cur-

rent time point t1and t2can be determined by:

u ln N N t t= ( − )/( − )eff x x,2 ,1 2 1 (3)

Here Nx,1 and Nx,2 are the VCD at t1 and t2. Then the VCD Nx,3 at a

future time point t3 can be estimated by:

N N exp u t t= × ( × ( − ))x x eff,3 ,2 3 2 (4)

4.2 | Amino acid consumption rate and
concentration change predictions

Essential amino acid consumption rates are predicted from specific

growth rates using the ENM approach as described in (Chen

et al., 2019). Specifically, estimated specific growth rate is set as a

constraint in the CHO‐K1 genome‐scale model (Hefzi et al., 2016), and

each nutrient uptake rate is individually minimized while uptake rates

of all the other nutrients are set to be unlimited. Specific growth rates

used as the input of ENM can be estimated for the time period of

forecast (from current time point to forecast time point) using ex-

ponential or logistic equation. If two‐point extrapolation or exponential

fitting approach was used to predict growth, effective growth rate

estimated using Equation (3) or fitted maximal growth rate can be used

as ENM input, respectively. If logistic equation fitting approach was

used, average effective growth rate at the “current” and “future” time

point should be used as ENM input, where the effective growth rate at

a particular time point can be calculated by:



 


u

dN

dt N
u

N

K
= ×

1
= × 1 −eff

x

x
max

x
(5)

Changes in concentration of amino acid i can be calculated with

the ENM‐solved uptake rates ri(millimole per million cells per hour, or

millimole per gram dry weight per hour) by:

∫C C r N dt= − ( )i i
t

t

i x,2 ,1
1

2

(6)

For two‐point extrapolation or exponential equation fitting,

Equation (6) becomes:

C C r N
exp ut exp ut

u exp ut
= − ×

( ) − ( )

× ( )
i i i x,2 ,1 ,0

2 1

0
(7)

u u for two point extrapolation= eff

u u for exponential fitting= max

For logistic equation fitting:










C C
r K

u

u t N u t

u t N u t

= −

× ln
(K − N ) × exp( ) + × exp( )

(K − N ) × exp( ) + × exp( )

i i
i

max

max max

max max

,2 ,1

0 0 0 2

0 0 0 1

(8)

Here Ci,1 and Ci,2 is the concentration of amino acid (mmol/L) i at time

t1 and t2 This approach uses the steady‐state rate solution ri at the

beginning of each time interval to solve for concentration changes

during the interval by integration, which is known as the static opti-

mization approach. Conversion between unit of million cells per hour

and gram dry weight per hour is performed assuming cell dry weight

equals to 216.1 (Hefzi et al., 2016) and 430.1 pg per cell for analysis

with datasets group A1–B4 and forecast‐guided control experiment.

4.3 | Essential amino acid level forecasting
algorithm

The complete amino acid level forecasting algorithm shown in

Figure 6 was designed by combining growth prediction and amino

acid uptake prediction methods mentioned in above sections. First of

all, the algorithm begins with at least two, three, or four time points

with corresponding VCD data for two‐point extrapolation, ex-

ponential equation fitting and logistic equation fitting method to

forecast the VCD at the next time point. Then, the VCD at the future

time point and effective growth rate of the corresponding time

period are estimated by Equations (1), (2), (3), (4), and (5). With the

genome‐scale model and the ENM approach, uptake rates of es-

sential amino acids can be predicted from the effective growth rate

and the future amino acid level predicted by static optimization ap-

proach with Equations (7) or (8) and values of initial amino acid levels.

When applying this algorithm to continuous cell culture processes,

the above procedures run in an iterative manner and the next

iteration begins when a new VCD measurement becomes available.

Starting from the second iteration, cell growth prediction for future

time point is performed with the updated growth profile which in-

cludes the latest VCD measurement. Amino acid concentration levels

at each iteration are estimated again with the newest VCD mea-

surement using static optimization approach, and the future amino

acid concentrations are then forecasted based on the re‐estimated

current amino acid concentrations.
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4.4 | Cell culture and analytics

An IgG‐producing CHOZN® GS cell line and customized chemically

defined basal and feed media without L‐glutamine, L‐leucine, L‐lysine,

and L‐valine were acquired from MilliporeSigma and were used to

perform the algorithm‐guided amino acid feeding control experiment.

CHO cells were seeded at 0.3 × 106 cells/ml in 30ml basal media and

cultured in 125ml shaker flasks (Thermo Fisher Scientific) in incubators

operating at 37°C, 125 RPM and 5% CO2 level. Every 12 h, flasks were

supplied with certain volume of 60 mM L‐leucine, L‐lysine, and L‐valine

stock solution in PBS to reach desired concentrations, and different

volume of PBS was added to the flasks to ensure total volume added to

each flask is constant. A total of 1.5ml of feed media A and B were

added to the flasks every day starting from Day 3 and same amount of

glucose was supplied to all flasks on Days 2.5 and 7. About 300–500μl

of culture samples were collected every 12 h. VCD, averaged cell size

and viability were determined using Cellometer Auto T4 automated cell

counter (Nexcelom) with trypan blue staining approach. Glucose and

lactate concentrations were measured using a YSI 2950D biochemical

analyzer (Yellow Spring Instrument). For empirical‐based feeding flasks,

the amount of amino acid supplied is determined to resemble the ori-

ginal media formulation. For algorithm‐guided feeding control flasks, the

amount of amino acid supplied every 12 h was calculated according to

the forecast algorithm using measured VCD profile as input, aiming to

control the concentrations at 0.6mM after 12 h. Another batch of CHO

cells were cultured in the same conditions as empirical‐based and

algorithm‐guided feeding flask groups, and averaged cell dry weight was

estimated by weighing the freeze‐dried 50 million of cells collected on

Days 3–7 of these flasks.

Metabolite profiling of spent media samples was done using GC‐MS

(Agilent 7890A GC with 5977B MSD) based analytical methods (Long &

Antoniewicz, 2019). Specifically, spent media samples were dried under

nitrogen at 37°C and incubated at 37°C in 2wt% methoxyamine dis-

solved in pyridine for 90min. Samples were derivatized using

MTBSTFA+1% tBDMS and incubated at 60°C for 30min. Finally, sam-

ples were centrifuged at 14,000 rpm for 5min and 50μl of sample was

transferred to a GC injection vial for GC‐MS analysis. Concentration of

amino acids and a few other metabolites were measured after the end of

culture runs using Rebel bioprocess analyzer (908 Devices) following the

corresponding protocol. IgG titer was measured via an affinity chroma-

tography approach using POROS A protein A column (Thermo Fisher

Scientific) and an HPLC system (Agilent). Solution of 50mM of sodium

phosphate with 150mM sodium chloride at pH=7.2 was prepared as

binding buffer. Due to the high concentration of dextran sulfate pre-

sented in culture, 0.7M of L‐arginine solution at pH 3.0 (adjusted with

hydrochloric acid) was used as elution buffer as suggested in (Kim &

Park, 2015). The running flowrate is constant at 2.0ml/min with a

stepwise elution gradient.

4.5 | Data acquisition and algorithm
implementation

The original non‐normalized cell density and amino acid concentration

data from (Chen et al., 2019) was used as datasets A1–A5 in this study.

Cell density and amino acid concentration profiles in datasets B1–B4

were estimated from figures in (Martínez et al., 2015). Genome‐scale

metabolic models of CHO cells were acquired from (Hefzi et al., 2016).

The entire algorithm was coded and implemented all using MATLAB

version 2018b.
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