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Production of monoclonal antibodies (mAb) is a well-known method to 

synthesize a large number of identical antibodies, of huge importance in 

medicine. In thus context, huge efforts have been spent to maximize the mAb 

production in industrial bioreactors by using hybridoma cell cultures. However, 

the optimal operation of these bioreactors is an engineering problem difficult to 

solve due to the highly nonlinear bioprocess dynamics, and a bioreactor 

involving a large number of decision (control) variables, subjected to multiple 

nonlinear process constraints, which often translates into a non-convex 

optimization problem. Based on an adequate kinetic model adopted from 

literature, this paper is aiming at in-silico, off-line deriving and comparing the 

optimal operating policies of a batch bioreactor (BR), and a fed-batch 

bioreactor (FBR) operated in several feeding alternatives (including substrates 

and the viable biomass) with using a hybridoma culture immobilized on a 

porous support (alginate) for mAb production. FBR with a variable time 

stepwise optimal feeding policy proved to reach better performances in terms 

of mAb production maximization with a minimal raw-material consumption.  

 

 
INTRODUCTION 

Over the last decades, there has been a 

continuous trend in developing increasing numbers 

of effective microbial cultures, or enzymatic 

reactors1,2 to industrialize various biosynthesis 

technologies for producing industrial fine 

chemicals (including the bio-mimetic emulations, 

eventually by using Systems Biology tools, among 

others3,4), by using free-suspended or immobilized 

cell cultures/enzymes.1,5,6 The use of batch (BR), 

or fed-batch (FBR) bioreactors with using 

immobilized biomass (this paper case) is more 

advantageous, for several reasons: (a) a higher 

biomass stability was reported,6–8 and (b) FBR 

operation with an on-line addition of substrates, 

and of viable biomass (of variable concentrations, 

coming from different substrates solutions / cell-

cultures stocks, previously prepared to be fed for 

every “time-arc”) should eventually be considered 
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in our analysis. As an observation, the here 

adopted biomass variable feeding is an option 

seldom described in the literature. Effective and 

selective biosyntheses replaced energetically 

intensive chemical processes.2,9  

Bioreactors with microbial cultures of various 

types,2 have been developed in simple 

constructive/operating alternatives10,11 are currently 

used to produce a large variety of valuable 

molecules, being constructed and operated in 

multiple alternatives as reviewed.10–12 In spite of 

their larger volumes, continuously mixed aerated 

tank reactors, operated in BR (batch), or FBR (fed-

batch) modes, are the most used because they 

ensure a high oxygen transfer, and a rigorous 

temperature/pH control, as also the case here for 

the mAb production.12 

In particular, biopharmaceuticals spare today a 

lot of attention to any mean or device improving 

bioprocess yields. In a production chain of 

monoclonal antibodies (mAb) expressed by 

hybridomas cultures, different key-operations are 

managed and optimized (i.e., cultivation, 

purification, filtration, capture, polishing steps, 

etc.). This work is focused on in-silico, off-line 

determine the most effective BR/FBR operation 

alternative, leading to the mAb production 

maximization with a minimum consumption of 

raw-materials (substrates, biocatalyst). 

“Hybridoma technology is a method for 

producing large numbers of identical antibodies 

(also called monoclonal antibodies). This process 

starts by injecting a mouse (or other mammal) with 

an antigen that provokes an immune response. A 

type of white blood cells (i.e. B-cells) produce 

antibodies that bind to the injected antigen. These 

antibody producing B-cells are then harvested from 

the mouse and, in turn, fused with immortal B cell 

cancer cells (a myeloma) to produce a hybrid cell 

line called a hybridoma, which has both the 

antibody-producing ability of the B-cells and the 

longevity and reproductivity of the myeloma. 

Hybridomas cells can be grown, each culture 

starting with one viable hybridoma cell, thus 

producing cultures each of which consists of 

genetically identical hybridomas which produce 

one excretable antibody per culture (monoclonal) 

rather than mixtures of different antibodies 

(polyclonal).”13 

In addition to the bioreactor production 

maximization, an essential engineering problem to 

be solved concerns the development of optimal 

operating policies seeking for raw-material 

minimization and product high quality (less by-

products). This problem is in-silico solved, based 

on a bioprocess dynamic (kinetic) mathematical 

model derived from on-/off-line measurements, by 

means of two alternatives: (a) off-line (or “run-to-

run”), the optimal operating policy being 

determined by using a available adequate kinetic 

model (this paper);14–20 (b) on-line, by using a 

simplified (often empirical) math model and a 

state-parameter estimator based on the on-line 

recorded data from the running process.17,21–29 

Even if the bioprocess kinetics and biomass 

characteristics (inactivation rate) are known, in-

silico solving this engineering problem is not an 

easy task, due to multiple (often competing) 

objectives, technological nonlinear constraints, and 

a significant degree of uncertainty of the 

model/constraints originating from multiple 

sources.22,30,31,32 Due to such reasons, the optimal 

operating policies are sometimes determined by 

using heuristic, stochastic, or empirical 

models.18,23,32–35 In the deterministic alternative 

(this paper), single-/multi-objective criteria, 

including the productivity, operating and (raw-

)materials costs, product quality, etc., are 

commonly used to in-silico obtain a feasible 

optimal operating (control) policies for the 

analyzed bioreactor by using specific numerical 

algorithms.19,24,29,30,31,36 

Due to such reasons, for an analyzed 

bioreactor/bioprocess, it is practically impossible 

to a-priori indicate the best optimal operating 

policy, because the problem is case dependent. 

To be consistent, the in-silico derived optimal 

operation policy of a bioreactor should be based on 

a simulation model that must include most of the 

key variables (particularly the biomass viability) in 

an adequate bioprocess kinetic model. The use of a 

deterministic dynamic model (based on the process 

mechanism) l, as the case here, is preferred due to 

the physical significance of the terms/parameters, 

which make possible their validation vs. 

experimental and literature data, even if repeated 

model updating is often necessary due to the high 

variability of the bioprocess. Typical optimization 

objective functions were reviewed in the 

literature.2,37 

The off-line in-silico numerical derivation of an 

optimal operating policy of a bioreactor (BR and 

FBR in this work) presents multiple advantages:  

i) it makes possible the direct comparison of 
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performances of various bioreactor constructive/ 

operating alternatives:12 ii) The obtained problem 

solution is susceptible to an immediate 

implementation, as long as the obtained BR or 

FBR optimal operating policy is based on an 

adequate (validated) bioreactor dynamic model;  

iii) Most of kinetic models of moderate complexity 

are very flexible. Thus if, at a certain batch, 

significant inconsistencies are observed between 

the model-predicted bioreactor dynamics and the 

experimental evidence, the optimization stage is 

applied again, after an intermediate step (between 

batches) necessary to off-line improve the model 

adequacy (model updating).20,21,24,30,37–40 

In spite of its low productivity, BRs are 

commonly used for slow bioprocesses (as also the 

case here), because they are highly flexible and 

easy to operate,38 in various alternatives.  

(1) – In the simplest BR operation, substrate(s), 

biocatalyst, and additives are initially loaded in the 

recommended amounts (concentrations) (Fig. 1). 

Despite of several drawbacks (large volumes), BRs 

are highly flexible and easy to operate.22,30 Usually, 

a single-/multi-objective BR optimization is 

aiming to determine the best batch time, and 

substrate/biocatalyst initial load.22,25,33,41–52  

(2) – Batch-to-batch (BR-to-BR) optimization, 

with an continuously adjustable bioprocess  

model between batches (“tendency 

modelling”).1,15,16,21,23,36,53,54 

(3) – An optimally operated serial sequence of 

BRs (SeqBR)54 of equal volumes.16,36  

(4) – BRP, that is a BR with reactants and/or 

biocatalyst fed during the batch in a pulse-like 

addition of equal / uneven solution volumes, with 

an optimal frequency to be determined;41,42,55,56  

(5) – Semi-Batch (that is “Fed-Batch”) Reactor 

(SBR or FBR), with an optimally varied feeding 

policy of biocatalyst/substrate(s).12,20,24,30,31,37,41,42,53,56,57 

Usually, FBRs reported better performances 

compared to other batch operating alternatives. 

However, they are difficult to operate. That is 

because they need previously prepared stocks of 

cell-cultures, and substrate(s), of different 

concentrations (a-priori in-silico determined), to be 

fed for every “time-arc” of the batch (that is a 

batch-time division in which the feeding 

composition is constant). It is self-understood that 

the “time-arcs” feedings usually differ between 

them. This is “the price” paid for achieving FBR 

best performances;12,30,37,41,58,59 

(6) – Mechanically agitated semi-continuous 

reactors (MASCR) with immobilized 

biocatalyst,30,56 cyclic or parallel BR/FBR, and 

others.12,60,61 Examples includes 2–5 biological 

FBR,62,63,64 14-times cyclic BRs,65 or 48 parallel 

BRs,66 or even 24 parallel BRs.67  

“As expected, optimized FBR reported better 

performances compared to the simple BR, due to a 

higher operating flexibility.12,56,58,59,68 Only SeqBR 

reported similar performances. That is because by 

optimizing the initial load of every BR from the 

series, the SeqBR reproduces somehow the FBR 

operation with time step-wise feeding variation.54 

On the other hand, the flexibility of an optimally 

operated FBR involves a more considerable 

modelling and computational effort to in-silico 

determine the time-varying optimal feeding policy 

with substrates and/or biocatalyst.12 The above 

mentioned FBR drawbacks are offset by its higher 

productivity with a smaller raw-materials 

consumption compared to BR and other bioreactor 

types. As discussed in this paper and reported in 

the literature, such a result is obtained by solving a 

constrained multi-objective problem, by comparing 

various bioreactor types and operating 

alternatives.30,37,41,53,57–59,69 

As mentioned, the approached case-study in 

this paper refers to optimization of the industrial 

production of mAbs in a BR / FBR bioreactor by 

the so-called “Hybridoma technology”5,13,60 by 

using antibody-secreting hybridoma cell cultures. 

However, the large-scale production of mAbs by 

using mammalian cells in BRs, with an optimized 

initial load, or FBRs, with continuous feeding of 

glucose (GLC) and glutamine (GLN) substrates, 

and of necessary nutrients of optimally varied 

concentrations/feeding rates40,61 is limited by the 

engineering problems associated to the in-silico 

optimization, that is: (i) the presence of 

multiple/oposite objectives; (ii) the significant 

degree of uncertainty originating from multiple 

sources, and (iii) the unwanted decline of biomass 

viability during the batch.2,17,21,25,61,70 Also, the 

bioprocess inhibition by several by-products (such 

as ammonium AMM, lactate LAC, etc.) and/or 

hyper-osmotic stress related to nutrient feeds and 

base additions to control pH, all raise serious 

issues regarding the optimal operation of BRs and 

FBRs. To reduce the by-product formation, the use 

of adapted CHO (Chinese Hamster Ovary) cells 

was suggested by Freund and Croughan.”71  
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By using an adequate kinetic model from 

literature, the in-silico analysis of this paper is 

aiming to evaluate and compare the performances 

of several BRs, and FBRs optimally operated by 

using various alternatives (with a constant, or 

variable feeding). The multiple elements of 

novelty are shortly reviewed in the “conclusions” 

section. 

 

 
Fig. 1 – Simplified scheme of a BR or a FBR used to conduct biological or enzymatic processes.13 In the BR operating mode, 

substrate(s), biocatalyst, and additives are only initially loaded in recommended amounts (concentrations). In the FBR operating 

mode, the substrates/biocatalyst (immobilized biomass on alginate beads of under one millimeter size), and additives (nutrients,  

pH-control substances) are continuously fed, at optimal levels to be determined by optimization for each “time-arc” of the batch.12 

The BRP presents a similar construction to BR, and similar modelling hypotheses. However, unlike BR, the reactants and/or 

biocatalyst(s) are added during the batch, following a time-step-wise variable (optimal) policy, to be determined  

off-line,12 or on-line. 28 
 

BR, FBR AND BIOPROCESS  

DYNAMIC MODELS 

A typical BR or FBR reactor is equipped with a 

complex control system of the temperature, 

mechanical agitation, gas (air, pure oxygen, CO2) 

sparger, pH, dissolved oxygen (DO), and various 

additives.72 See a simplified scheme in Fig. 1.  

The studied BR / FBR is those of Liu and 

Gunawan,18 with the characteristics of Table 1. This 

bioreactor was adapted to investigate both a BR 

operation mode, with an optimal initial load to be 

determined. It also can be operated in a semi-

continuous (FBR) mode, with a constant or a variable 

addition (feed flow rate) of the substrates (GLC, GLN) 

solution, and of viable biomass (Xv, immobilized in 

alginate porous beads) during the batch according to 

an optimal policy to be determined. 

The studied BR / FBR is those of Liu and 

Gunawan,18 with the characteristics and nominal 

operating conditions (SPBR) of Table 1. This 

bioreactor was adapted to investigate both a BR 

operation mode, with an optimal initial load to be 

determined, but also the semi-continuous (FBR)  

mode, with a constant or a variable addition (with a 

certain feed flow rate) of the substrates (GLC, 

GLN) solution, and of viable biomass (Xv, 

immobilized on alginate porous beads5–8,11) during 
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the batch according to an optimal policy to be 

determined. This in-silico (math model-based) 

analysis will allow comparing the FBR vs BR 

performances under various operating alternatives. 

To support engineering calculations, several 

kinetic models have been reviewed to choose the 

one able to predict the key-species dynamics as a 

function of the extra-cellular substrates/metabolites 

concentrations. Such dynamics models are of two 

types: (A) Reduced models, of extended-Monod 

type, including the dominant factors involved in 

the mAbs production.16,18,21,40,53 (B) More 

sophisticated bioprocess models that explicitly 

include, beside the extra-cellular (macroscopic 

bulk-phase) species, also intra-cellular factors 

related to the cellular metabolic fluxes,40,46,61,73 

associated to the central carbon metabolism 

(CCM).4 However, because the models (B) are too 

difficult to be identified, their use for in-silico 

engineering studies is very limited.  

 
Table 1 

Nominal operating conditions (SPBR) of BR with suspended mammalian hybridoma cell culture of Liu and Gunawan,18  

Notations: LGM = adopted kinetic model of Liu and Gunawan,18 for mAbs production (*)  

(Ref. to reactor-lq. = Value relative to the liquid volume of the reactor) 

Parameter Nominal value Remarks(*) 

Total cell initial density (Xt,0) 2 108 Cell/L Ref. to reactor-lq. 

Viable cell initial density (Xv,0) 2 108 Cell/L Ref. to reactor-lq. 

Glucose initial concentration, [GLC]0 29.1, mM Liu and Gunawan18 

Glutamine initial concentration, [GLN]0  4.9, mM Liu and Gunawan18 

Lactate initial concentration, [LAC]0 0, mM Liu and Gunawan18 

Ammonia initial concentration, [AMM]0 0.31, mM Liu and Gunawan18 

Monoclonal antibody initial concentration, [mAb]0 80.6, mg/L Liu and Gunawan18 

Ref. to reactor-lq. 

Temperature 35–37oC [70] 

pH (buffer, using CO2 injection) 7 See an optimal policy in [70] 

Aeration in excess, nutrients in sufficient amounts   [70,74] 

Initial volume of the liquid in the bioreactor (VL,0) 1 L Liu and Gunawan18 

Batch time ( tf ) approx. 100 h Liu and Gunawan18 

 

In the present study, the adopted bioprocess 

kinetic model (denoted by LGM) for the mAbs 

biosynthesis is that proposed by Liu and 

Gunawan,18 presented in Table 2, together with 

their associated rate constants, and included in the 

BR model. The hypotheses used to develop the 

LGM model expressions have been presented by 

Liu and Gunawan18 and are beyond the scope of 

this paper. This LGM was validated vs. extensive 

experiments, being the reduced form (19 rate 

constants) of a previously published extended 

kinetic model (EKM)[31 rate constants, and 8 

additional intermediates], experimentally validated 

in the literature.40,75 In the LGM reaction rates, the 

essential terms account for the inhibition/limitation 

effects by the presence of some key extra-cellular 

substrates, or by-products in a way done by 

reported similar kinetic models.46,61,74,76,77,78 Being 

of a reduced form, LGM is preferred in 

engineering analyses, due to a fewer number of 

rate constants (parsimonious principle79). 

As presented in Table 2, and eqn.(1-FBR), the 

bioprocess LGM was included in the dynamic 

model of the BR and FBR to describe the 

macroscopic key-state-variables (in the bulk-

phase) dynamics during the batch. These dynamic 

math models include the differential mass balances 

of the bioprocess key-species. The BR initial 

conditions, and the variable time step-wise FBR 

feeding will be further explored and optimized. 
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Table 2 

Key-species mass balances in the batch bioreactor BR model, including the bioprocess kinetic model LGM  

of Liu and Gunawan,18 together with the associated rate constants  
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Note:  

– (i) the below adopted ideal model, of homogeneous liquid composition, is neglecting the mass transport resistance in the porous beads;80 

(ii) In the BR optimal operating mode, the only control variables to be optimized (this paper case) are the initially concentrations of loaded 

substrates, and biocatalyst (viable cell culture), that is: [GLC]0 , [GLN]0 , [Xv]0 (3 unknowns). Notations: LGM = the adopted bioprocess 

kinetic model for mAbs production of Liu and Gunawan18 

– the ideal model below (of homogeneous liquid composition), is neglecting the mass transport resistance in the porous beads. Rate constants 

have been estimated by Liu and Gunawan18 from experiments that use the mammalian hybridoma cell culture of Kiparissides et al.75 

 

To not complicate our computational analysis, 

the adopted ideal models of BR and FBR are the 

classical ones,80 developed with the following 

simplifying hypotheses: (i) – the operation is 

isothermal, iso-pH, and iso-DO; (ii) – it is self-

understood that nutrients (that is, compounds 

playing roles of sources of carbon, nitrogen, and 

phosphorus74) are added initially and during the 

bioreactor operation, in recommended quantities, 

and of a C/N/P ratio of ca. 100/5/1wt., together 

with an excess of aeration (pure oxygen, if 

necessary) for ensuring an optimally biomass 

maintenance, and any growth limitation due to 

such factors; (iii) – while the BR volume is 

constant, in the FBR case the volume of the bulk 

phase increases according to the liquid feed flow 

rate time-varying policy; (iv) – the limits of the 

volumetric liquid feed flow-rate (FL,j in eqn. (1-

FBR)) are adjusted to limit the reactor content 

dilution to maximum of 10–25% relative to the 

initial liquid volume (VL,0 ) to not increase the 

separation costs; (v) – there is a negligible mass 

transport resistance for nutrients/substrates/ 

products/oxygen into the liquid and in the porous 

alginate beads; (vi) – while the substrates and the 

immobilized biomass (on a less than one 

millimetre size solid carrier), are initially added to 

the BR, (in concentrations to be in-silico off-line 

determined), in the FBR case, they are initially 

load, but also continuously added during the batch 

according to an optimal feeding policy to be in-

silico off-line determined; (vii) – uniform solid 

particles are considered uniformly distributed in 

the homogeneous liquid phase, due to the perfect 

mixing conditions. Such a hypothesis is justified 

by a vigorous gas sparging, and the use of a 

suitable mechanical mixing. 

The FBR is considered here with using 

immobilized biomass instead of a freely suspended 

one, for several reasons: (a) Its reported higher 

stability,5–8,11 and (b) It allows a FBR operation 

with an on-line time step-wise addition of the 

viable biomass coming from different cell-cultures 

stocks previously prepared to be fed for every 

“time-arc” of the batch (an option seldom 

described in the literature; refer to the optimal 

MASCR operation reported by Scoban and 

Maria37). The higher biomass fed concentration is 

used, the more vigorous aeration is employed (pure 

oxygen, if necessary). 

From a mathematical point of view, the BR and 

FBR dynamic models translates to a set of 

differential mass balances written for every 

considered species i, and for every “time-arc” j of 

the batch, in the following general form (for the 

adopted Ndiv = 5): 

 

 
(1-BR) 

 

(1-FBR) 

 

(1-FBR) 

 

where index i relates to the key-species Xv, Xt, 

GLC, GLN, LAC, AMM, and mAbs from the 

abbreviation list. For the adopted Ndiv = 5, the  

j = 0,1, (Ndiv –1) “time-arcs” switching points are: 
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T1= 20 h; T2= 40 h; T3= 60 h; T4= 80 h; tf = 100 

h. The reaction rate ri expressions together with the 

associated rate constants and other details are 

given in Table 2. In eqns.(1-BR), and (1-FBR),  

C = vector of the species concentrations; C0 = 

initial vector C (at time t = 0); k = the model rate 

constants vector.12 

In the BR case, to determine the species 

dynamics over the batch time ( t f ), the bioreactor 

model of eqn.(1-BR) and Table 2 is solved with a 
proposed initial condition of Ci,0 = Ci (t = 0). The 

nominal BR run (denoted by SPBR) used by Liu 
and Gunawan18 is displayed in Table 1. In the 

present paper, the optimal control variables [GLC]0, 
[GLN]0, and XV,0, (Xt,0, = XV,0) initial values will be 

determined by using an optimization rule.  

FORMULATION OF THE BR AND FBR 

OPTIMIZATION PROBLEM 

1. Control variables selection. By analyzing 

the BR, and FBR dynamic models of eqn.(1-BR), 
and eqn.(1-FBR) respectively, and the Table 2 for 

the BR case, the natural option is to choose as 
control variables those that are related to reactor 

feeding with raw materials (GLC, GLN) and 

biomass (Xv), whose concentrations play the major 
role in mAbs production. Additionally, in the FBR 

case, the liquid feed flow-rate FL will also be 
considered as a control variable, being responsible 

for the reactor content dilution. Consequently, the 
selected control variables are: 

BR case: initial [GLC]0, [GLN]0, [Xv]0 in 

Table 1, and eqn.(1-BR). In total, there are only  

3 unknowns to be determined by optimization. As 

recommended by Liu and Gunawan,18 initial values 

of some by-products (LAC, AMM), and of [mAb] 

are also considered, as coming from the previous 

batch. 

FBR case, in eqn. (1-FBR). The time-intervals 

(“arcs”) of equal lengths Δt = tf/Ndiv are obtained 

by dividing the batch time into Ndiv parts. Over 

one “time-arc”, the feeding is constant, but the 

bioreactor feeding is different between the 

divisions at levels to be determined by 

optimization. In the switching points tj = jΔt 

between “time-arcs” (tj−1 ≤ t ≤ tj) the reactor input 

is continuous and differentiable. In other words, 

For every j =1,…, Ndiv equal “time-arcs” (of 

length Δt = tf/Ndiv) are to be determined:  

 the continuously added liquid flow rate FL,j 

(j = 0,.., Ndiv –1); FL,0 = FL (t = 0);  

 the time stepwise added [GLC]inlet,j; 

[GLN]inlet,j; [Xv]inlet,j (j = 0,.., Ndiv –1);  

[GLC]0 = [GLC](t=0) = [GLC]inlet,0;  

[GLN]0 = [GLN](t=0) = [GLN]inlet,0;  

[Xv]0 = [Xv](t = 0) = [Xv]inlet,0 . 

The FBR “time-arcs” are defined in eqn. (1-

FBR), while the switching points for this case 

study are given below eqn. (1-FBR). For an 

adopted Ndiv = 5, the FBR optimal operation is 

determined in two alternatives:  

(FBR-a). A constant feeding along the entire 

batch, that is: 

 

,0 ,1 ,2 ,3 ,4F F F F FL L L L L= = = = ;
 
[ ] [ ] [ ] [ ] [ ]

0 1 2 3 4
GLC GLC GLC GLC GLC= = = = ;

 
[ ] [ ] [ ] [ ] [ ]

0 1 2 3 4
GLN GLN GLN GLN GLN= = = = ; [ ] [ ] [ ] [ ] [ ]

0 1 2 3 4
X X X X Xv v v v v= = = =  ,  

 
the only variables to be optimized being the initial 

values FL,0; [GLC]0; [GLN]0; [X]0 (that is only 4 

unknown). 

(FBR-b). A time step-wise variable uneven 

feeding along the batch, with optimizing the 

following control variables: FL,j; [GLC]inlet,j; 

[GLN]inlet,j; [Xv]inlet,j (t); j =0,1,…(Ndiv –1) of eqn. (1-

FBR). Details on the used optimization rule are given 

by Maria.12 In total, there are 4  Ndiv = 20 unknowns 

to be determined (for the adopted Ndiv = 5 here). 

2. Objective function choice. By considering 

the mentioned control variables, the BR 

optimization consists in determining the initial load 

leading to the maximization of [mAb] produced 

during the batch. On the contrary, FBR 

optimization consists in determining the initial 

conditions together with the optimally varied 

feeding policy for every “time-arc” (interval) 

during the batch that leads to the maximization of 

the [mAb], that is:  

 

 

(2) 
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In eqn. (2), mAb(t) is evaluated by solving 

the bioreactor model eq. (1-BR), or eq.  

(1-FBR), depending on the analyzed case, over 

the whole batch time (t) [0, tf ]. As revealed 

by (Fig. 2), the maximum [mAb] is reached at 

the batch end.  

3. Problem constraints. The formulated eq. (2) 

nonlinear optimization problem (NLP) must 

account for the followings constraints: 

(a) – The BR (Table 2), or FBR [eq. (1-FBR)] 

dynamic model, with including the bioprocess 

kinetics; 

(b) – The initial [mAb]0, [AMM]0, [LAC]0  

values from Table 2, as recommended by Liu and 

Gunawan;18  

(c) – To limit the excessive consumption of 

raw-materials, or an excessive dilution of the 

reactor content, feasible searching ranges are 

imposed to the control (decision) variable, with 

numerical limits specified in the footnotes of 

Table 3, as recommended in the literature.6,16,18,21 

Carefully documented [Xv]inlet,j upper bounds were 

tested to ensure the practical implementation of the 

obtained optimal operating policy. In math terms, 

these explicit constraints can be written as 

followings:  

 

    o,min o o,max [GLC] [GLC] [GLC]
 ; 

    o,min o o,max [X ] [X ] [X ]v v v  

    o,min o o,max [GLN] [GLN] [GLN]
 ;  

(3-BR) 

 

 

(3-FBR) 

 
 As an observation, in the FBR of variable 

feeding case [eq. (1-FBR)], as discussed by 
Maria,12 there are several alternatives to choose 
Ndiv. However, a brief survey of the FBR/SBR 
optimization literature28,58 reveals that a small 
number (Ndiv) < 10 is commonly used due to the 
several practical reasons.12 Thus, to not complicate 
the computational analysis, (Ndiv) = 5 was adopted, 
with equal “time-arcs” covering the batch time 

t f =100 h.  

The dynamics of the [mAb] excreted in the 
bulk phase is determined by solving the 
bioreactor BR / FBR dynamic model eqn.(1-
BR) / eqn. (1-FBR) respectively, with the 
initial condition of Cj,0 = Cj (t = 0) searched 
during optimization iterative numerical rule, 
and the optimal medium conditions of Table 1. 
According to each case, the bioreactor dynamic 
model eqn. (1-BR), or eqn.(1-FBR) solution 
was obtained with enough precision, by using 
the low-order stiff integrator (“ode23s”) of the 
MATLAB™ math calculus platform. To obtain 
a global solution with enough precision of the 
NLP optimization problem eqs. (1–3), in both 
BR or FBR cases, the effective multi-modal 
optimization solver MMA of Maria79,81 has 
been used. 

IN-SILICO OPTIMIZATION RESULTS AND 

THEIR DISCUSSION 

Further BR and FBR optimization calculations 

will assume that the biomass retains its 

characteristics after immobilization, reflected by 

the same LGM rate constants of Table 2. 

To determine the best batch operation in terms 

of maximum mAb production with using 

minimum raw-materials (GLC, GLN), viable 

biomass), the followings alternatives displayed in 

Table 3 have been checked (SP denotes a set-

point): 

(i) BR in different runs: 

– BR with the nominal SPBR of and Table 1 

and Table 3, as tested by Liu and Gunawan18  

(100 h. batch time);  

– BR of Kiparissides et al.,75 employing a 

longer batch time of 120 h; 

– BR (100 h batch time) with an optimized 

initial load determined in this paper, by using the 

largest search intervals of Table 3 (footnote g2) 

(ii) FBR of 100 h. batch time, in different runs: 

– FBR-SP2/narrow with Ndiv = 5 equal “time-

arcs”, but using the narrow search intervals of 

Maria12 (Table 3, footnote g1) to obtain the optimal 
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variable feeding policy (that is the control 

variables specified in section 3.1 (FBR-b policy); 

– FBR-SP2/large with Ndiv = 5 equal “time-
arcs”, but using the narrow search intervals of 
Maria12 (Table 3, footnote g2) to obtain the optimal 
variable feeding policy (that is the control 
variables specified in section 3.1 (FBR-b policy); 

– FBR with Ndiv = 5 equal “time-arcs”, but 
using a constant optimal feeding (Table 3, 
footnotes h,j,k). The optimal feeding policy (that is 
the control variables specified in section 3.1 (FBR-

a policy) was obtained by using the largest search 
intervals (Table 3, footnote g2). 

In the FBR case, the substrate consumption was 

evaluated with the formula: 

 . 

Alternatively, in the BR case, raw-materials 

consumption is based on the initial load. The upper 

bounds of the control variables search intervals 

check in this paper were carefully documented to 

ensure implementation of the obtained optimal 

operating policy. 

 

 

 

Fig. 2 – [A]. Simulated species dynamics for the optimum BR operating policy (SP of Table 3), by using the LGM model  

of Table 1, and the large search intervals of Table 3, footnote (g2). 
 

 

 

Fig. 2 – [B] The simulated key species dynamics in the FBR bioreactor, by using the model of eqn.(1-FBR). The FBR is operated 

with an optimal constant feeding policy {see the optimal control variable values of Table 3} obtained by using the numerical rule 

described in this paper, and by using the same large search intervals for the control variables given in Table 3, footnote (g). 



 In-silico optimal operating policies 273 

 

 
Fig. 3 – [C] The in-silico determined optimal variable feeding policy set-point SP2/large of FBR defined by eqn.(1-FBR). Starting from 
the FBR SP2 of Maria,12 and using the LGM model, this SP was re-estimated by using larger search intervals for the control variables, as 
given in Table 3 (footnote (g)), The FBR is operated with an optimal time step-wise variable feeding policy, in terms of flow-rate FL(t), 

substrates [GLC]inlet(t) and [GLN]inlet(t), and biomass [Xv]inlet(t). For a more detailed discussion, see Maria12. [D] The in-silico determined 
optimal operating policy of the FBR defined by eqn.(1-FBR) for the same control variables of Fig. 3–[C]., but operated with an optimal 

constant feeding policy obtained by using the same large search intervals for the control variables given in Table 3, footnote (g).  
Note: For comparison, the optimal load of the BR is given in Table 3. 

 

 
Fig. 4. – [E] The in-silico determined optimal variable feeding policy set-point SP2/large of FBR defined by eqn.(1-FBR). Starting from 
the FBR SP2 of Maria,12 and using the LGM model, this SP was re-estimated by using larger search intervals for the control variables, as 

given in Table 3 (footnote (g)). The FBR is operated with an optimal time step-wise variable feeding policy referring to several control 
variables, including the feeding policy of biomass [Xv]inlet(t). For a more detailed discussion, see Maria.12 [F] The in-silico determined 

optimal operating policy of FBR defined by eqn.(1-FBR) for the same control variable of Fig. 4(E), but operated with an optimal constant 
feeding policy obtained by using the same large search intervals for the control variables given in Table 3, (footnote (g)).  

Note: For comparison, the optimal load of the BR is given in Table 3. 
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The optimal operating policies for the BR cases 

are presented in Table 3. The optimal operating 

policies for the FBR cases are comparatively 

presented in Fig. 2(A–B), Fig. 3(C–D), and  

Fig. 4(E–F). By analyzing these results, a couple 

of conclusions can be derived, as followings: 

(1) – The optimally operated BR reported much 

better performances (10x in terms of produced mg 

mAb/L) compared to the non-optimal one, that is 

the SPBR of Liu and Gunawan18 (in Table 1). Of 

course, such a better performance implies an 

aprox. 10x higher consumption of raw-materials 

(GLC, GLN, Xv). 

(2) – The optimally operated BR reported a 

slightly better mAbs production compared to the 

optimal variable feeding FBR (SP2/large), or to 

the optimal constant feeding FBR. However, in 

both alternatives, the optimal FBR is superior by 

reporting a much lower (10) consumption of raw-

materials.  

(3) – The optimally operated FBR with a 

constant feeding (Figs. 2–4) reported close 

performances compared to the FBR, operated with 

an optimal variable feeding. The raw-materials 

consumption is similar, excepting a 10x higher 

biomass consumption. 

(4) – The FBR with a time step-wise non-

uniform variable feed flow rate and addition of 

(Xv) and substrates (GLC, GLN) when employing 

large search intervals for the optimal control 

variables (that is the “optimal variable feeding 

policy set-point SP2/large” case of [Figs. 3–4]) is 

net superior than in the FBR operated with an 

“optimal constant feeding policy” case, by 

compensating the biomass degradation, while 

maintaining a continuous mAb synthesis (Fig. 2). 

Even if the realized mAbs production, and 

GLC/GLN consumption is roughly similar for 

these two cases, however FBR with a variable 

feeding requires a 10x smaller amount of 

immobilized biomass (Xv) which, is an important 

advantage due to the difficulties to prepare and 

maintain its viability.  

(5) – By reporting a similar productivity, the 

species dynamics are very similar (Fig. 2) for the 

optimal BR, compared to the optimal FBR with a 

constant feeding, the substrates (GLC, GLN) being 

quickly consumed during the first half of the batch, 

while the biomass displays a pronounced peak in 

the same time interval. 

(6) – Even if the FBR with a variable optimal 

feeding presents better performances compared to 

the FBR with a constant feeding, the latter presents 

a much simpler operation. By contrast, the FBR 

with a variable optimal time step-wise feeding 

policy requires different stocks with feeding 

substrate solutions of different concentrations, and 

different stocks with cell-cultures to be fed for every 

(Ndiv) “time-arc” over the batch. This is the price 

paid by FBR for achieving best performances 

compared to the others alternatives discussed here. 

Besides, FBR operation with using Ndiv “time-

arcs” can raise special operating problems when 

including PAT (Process Analytical Technology) 

tools.82 This is an additional argument not using a 

larger number of small “time-arcs” (Ndiv, in section 

3.3). 

(7) – In the FBR case, by comparing the 

optimal operating policies obtained with using 

narrow (SP2/narrow), or wider (SP2/large) search 

intervals to estimate the optimal operating policy 

for the control variablesin (Table 3, – footnoes g1–

g2) it results the high importance of a suitable 

choice of these search upper/lower bounds. As our 

results suggest it, the wider search ranges are 

preffered, by offering a higher chance to obtain the 

global optimum of the optimization problem. 

(8) – In spite of some drawbacks, our results 

proves the multiple advantages obtained when 

using FBR operated with multiple control 

variables, in both alternatives, that is a time step-

wise variable optimal feeding policy, or a constant 

but optimal feeding policy. 

The in-silico derived optimal FBR operation 

policies are more flexible and of better 

performances, due to the multiple control variables 

varied during the batch compared to the empirical 

optimal policies of similar FBRs reported in the 

literature,20 that uses an exponential trajectory of 

the feeding liquid flow rate, and of the inlet levels 

of substrates [GLC] and [GLN], obtained with 

using a hybrid deterministic–empiric dynamic 

model. 

The FBR optimal control strategy is also very 

adaptable. That is because most of bioprocess 

kinetic models of moderate complexity are very 

flexible. Thus, if significant inconsistencies are 

observed between the model-predicted bioreactor 

dynamics and the recorded data, then an 

intermediate numerical “model updating” step is 

applied to improve the model adequacy, and the 

bioreactor optimization is applied again with the 

improved adequacy model. 

(9) – As displayed in Figs. 2(A–B) inhibition 

given by the increasing [LAC], and [AMM] by-

products can not be diminished by simple 
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manipulations of the chosen control variables, even 

if the derived optimal operating policy ensures a 

good mAb productivity. However, the adopted 

LGM kinetic model fairly predict the dynamics of 

these inhibitory species. Other adverse side effects, 

such as a low pH, or a hyper-osmotic stress (due to 

the nutrient feeds and base additions to control pH) 

can not be avoided by the above numerical 

analysis, as long as such factors are not considered 

in this LGM model. As revealed in the literature, 

‘biological’ solutions are used instead to cope with 

such a problem. For instance, to reduce the LAC 

production, the use of adapted CHO (Chinese 

Hamster Ovary) cells can be an alternative.71 
(10) – The present in-silico analysis has not 

been experimentally checked. However, as long as 
various forms of the used LGMs were 
experimentally validated, as documented in section 
2, in a multiple and independent manner by 
multiple researchers,18,40,75 it can be concluded that 
the results of our numerical analysis present 
sufficient credibility and consistency from the 
engineering point of view. 

CONCLUSIONS 

To conclude, “the optimized FBR operation 

with a time stepwise control of the feeding policy 

reported better performances than the simple BR 

operation due to its higher flexibility in using 

biomass and substrates, even if a small number of  

 

equal “time-arcs” is used. The FBR major 

drawback is coming from its more difficult 

operation, as long as the time step-wise optimal 

feeding policy requires different feeding stocks of 

substrate solutions and immobilized biomass of 

different concentrations, to be fed over the batch. 

This is the price paid for achieving improved FBR 

performances. However, the FBR reported 

excellent performances fully justify the extra 

investment in implementing the optimal operating 

policy. An economic global evaluation accounting 

for the product/raw-material value can give a more 

accurate answer to this issue. 

The present optimization analysis proves its 

worth by including multiple elements of novelty, 

as follows: i) An optimally operated FBR with a 

small number of “time-arcs” (below 10), and using 

wider but feasible ranges for setting the control 

variables can lead to high performances of the 

bioreactor. ii) The major role played by the 

variable feeding with the viable biomass, leading 

to consider (Xv) as a control variable during FBR 

optimization (an option seldom discussed in the 

literature). iii) The major influence of the control 

variable searching ranges (set to be narrower or 

wider) on the resulted efficiency of the FBR 

optimal policy. iv) The in-silico, off-line derived 

optimal operation of bioreactors is proved as being 

very effective engineering tool, because it can lead 

to consistent economic benefits, as proved by our 

results.”12 

Abbreviations and notations 
AMM  Ammonia GLC  Glucose 

BR  Batch reactor  GLN  Glutamine 

BRP 

 Batch reactor with 

intermittent addition 

of biomass/substrates 

LAC 

 

Lactate  

CCM 
 Central carbon 

metabolism 
LGM 

 
Liu and Gunawan model18 

DO  Dissolved oxygen 
MMA 

 The multi-modal optimization solver of 

Maria79,81 FBR  Fed-batch bioreactor 

mAb 
 

Monoclonal antibody NLP 
 Nonlinear programming (numerical rules 

for solving optimization problems) 

Max  Maximum SP  Bioreactor setpoint 

SPBR 
 BR nominal setpoint 

of [18] (Table 1) 
[ x ] 

 
“x” species concentration 

MASCR 

 Mechanically 

agitated semi-

continuous reactor 
 

 
The optimization objective function in 

eqn. (2) 

SBR  Semi-batch reactor    Discrete interval 

SeqBR 
 Sequential batch 

reactor 1 , ,  
 

Rate constants of the kinetic model 

SP 

(SPBR) 

 Bioreactor setpoint 

(SP of [18]) 
PAT 

 
Process Analytical Technology tools82 

Ci 
 Species “i” 

concentration 
Xv 

 
Viable cell density 
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FL  Liquid feed flow rate Xt   Total cell density 

k 
 Model rate constant 

vector 
 

 
 

kj,Kj,Qj,Yj,

mj, j 

 Rate constants of the 

kinetic model 
 

 
 

Ndiv 

 Number of equal divisions of the 

batch time (that is the number of 

“time-arcs”) 

 

 

ri  

 Species “i” reaction 

rate 
Index 

 
 

t  Time f  Final 

tf  Batch time In, inlet  Value in the bioreactor inlet 

VL 
 Liquid volume in the 

bioreactor 
0,o 

 
Initial 

 
Table 3 

BR and FBR productivity and raw-materials consumption when operated in various modes. FBR optimal feeding policy is given in 

Figs. 3–4. The equal “time-arcs” of the FBR two operating alternatives, that is “optimal variable feeding policy set-point 

SP2/large” and “optimal variable feeding policy set-point SP2/narrow” are of 20 h each. The initial volume is 1L, and 100 h 

batch time in all cases, SP = set-point 

Bioreactor operation Raw-material consumption (b) 

Max 

[mAb] 

(t),(b) 

FBR 

dilution 

Type Ndiv  

consumed 

GLC, 

mmol 

consumed 

GLN, 

mmole 

consumed 

Xv  

(cell/L) (c) 

mg/L % (a) 

BR 

[18] 

 

0 

 

Nominal initial load 

SPBR (d,j) 

29.1 4.9 2108 1231 0 
[GLC]0 29.1 

[GLN]0 4.9 

[Xv]0 2 108 

FBR 

Variable feeding 
5 

Optimal SP2/narrow 

(g1) 
8.89 1.6 3,4108 6098 10 

FBR 

Variable feeding 
5 

Optimal SP2/large 

(g2) 
25.77 5.04 1,05109 11978 10 

BR 0 (e) ? ? 1-5108 ~1100 0 

FBR 7–13 (f) ? ? 2(108–109) ~2400 ? 

FBR 

Constant optimal 

feeding 

(this paper) 

1  

(h,j,k) 

 

Optimal Inlet conc. 

29.85 4.09 11010 11965 10 

[GLC]in 300 

[GLN]in 40.8 

[Xv]in 1010 

FL,in 0.001 

BR optim 

(this paper) 
0 (j,k) 

Optimal initial load 

300 43.4 11010 12424 0 
[GLC]in 300 

[GLN]in 43.4 

[Xv]in 1010 

 
Footnotes: 

(a) Referring to the reactor liquid initial volume.  

(b) These values comes from numerical simulations.  

(c) Referred to the FBR initial volume of 1 L (Table 1). 

(d) The BR nominal set-point (Table 1) of Liu and Gunawan.18 Notation: SPBR = the BR nominal set-point. 

(e) The same cell culture, but 120 h batch time. Results from experimental plots of Kiparissides et al.75 

(f) The same cell culture, but 168 h batch time. Results from experimental plots of Kontoravdi et al.40 Initial/inlet values: [GLC]0 

= 5.5–25 mM; [GLN]0 = 3.74 mM; FL,j = 0–12.5 mL/h; V0 = 0.2 L. 
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(g1). The FBR optimal time step-wise variable feeding policy obtained by using the narrow search intervals of Maria12 to obtain 

the optimal control variables, that is: FL,j  [10–4 – 5×10–2](L/h.); [GLC]inlet,j  [25–150](mM); [GLN]inlet,j  [5–25](mM); 

[Xv]inlet,j (t)  [2×108 – 5×109](cells/L). In the time step-wise variable feeding of the FBR, the control variables { ,FL j , 

[ ] ,GLCinlet j, [ ] ,GLNinlet j, ( ), ,X tv inlet j , j =0,1,…(Ndiv -1); of eqn.(1-FBR)} follows an uneven policy to be optimized (that is 20 

unknowns for Ndiv = 5). The resulted optimal operating policy and details are given by Maria.12 

(g2). The FBR optimal time step-wise variable feeding policy obtained by using larger search intervals of Maria12 to obtain the 

optimal control variables, that is: FL,j  [10-3 – 5×10-2](L/h.); [GLC]inlet,j [20–300](mM); [GLN]inlet,j  [3-50](mM); [Xv]inlet,j  

[2×107 – 1×1010](cells/L). In the time step-wise variable feeding of the FBR, the control variables 

 j =0,1,…(Ndiv –1) of eqn. (1-FBR), follows an uneven policy to be optimized 

(that is 20 unknowns for Ndiv = 5). The optimal control variables policy is given in Figs. 3–4. 

(h) The FBR operation with a constant over time feeding for all the control variables, implies that (Figs. 3–4): 

  

 
the only 4 unknown to be optimized being the initial values  See the resulted FBR optimal 

operating policy in Figs. 3–4. 

(j) The units are: [GLC]in, and [GLN]in, in mM; FLin, L/h; [Xv]in, (cells/L). 

(k) Search intervals used to obtain the optimal SP are those from (g2). 
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