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a  b  s  t  r  a  c  t

The  performance  of model-based  bioprocess  optimizations  depends  on the  accuracy  of  the  mathematical
model.  However,  models  of  bioprocesses  often  have  large  uncertainty  due  to  the  lack  of  model  identifia-
bility. In  the  presence  of  such  uncertainty,  process  optimizations  that rely  on the  predictions  of  a single
“best  fit”  model,  e.g.  the  model  resulting  from  a  maximum  likelihood  parameter  estimation  using the
available  process  data,  may  perform  poorly  in  real life.  In  this  study,  we  employed  ensemble  modeling
to  account  for  model  uncertainty  in bioprocess  optimization.  More  specifically,  we  adopted  a  Bayesian
approach  to  define  the  posterior  distribution  of the  model  parameters,  based  on  which  we generated
ptimization
ncertainty
nsemble modeling
onoclonal antibody

an  ensemble  of  model  parameters  using a uniformly  distributed  sampling  of  the  parameter  confidence
region.  The  ensemble-based  process  optimization  involved  maximizing  the  lower  confidence  bound  of
the  desired  bioprocess  objective  (e.g. yield  or product  titer),  using  a mean-standard  deviation  utility  func-
tion.  We  demonstrated  the performance  and  robustness  of  the  proposed  strategy  in an  application  to a
monoclonal  antibody  batch  production  by  mammalian  hybridoma  cell  culture.

©  2017  The  Author(s).  Published  by Elsevier  B.V.  This  is an  open  access  article under  the  CC  BY license
. Introduction

Mathematical modeling has become an indispensible tool in
ioprocess design and optimization (Kiparissides et al., 2011),
specially after the implementation of Quality by Design for bio-
harmaceuticals by the US Food and Drug Administration (Rathore
nd Winkle, 2009). One of the main applications of bioprocess
odels is process optimization. A model-based process opti-
ization provides a quantitative and systematic framework to
aximize process profitability, safety and reliability. In this con-

ext, batch process optimization is a topic of great interest and
ignificance in (bio)pharmaceutical industry, especially in cell cul-
ure fermentation and crystallization separation processes. The

ost common approach involves an off-line optimization using a
ominal model of the process (Rippin, 1983). Unfortunately, the
reation of dynamic bioprocess models often faces significant chal-
enges due to the high degree of process nonlinearity and limited
mount of high-quality experimental data. The combination of

hese factors leads to model identifiability problem and thus, to
ignificant uncertainty in the resulting process model. As a con-
equence, there often exist a family of equivalent (rival) models,

∗ Corresponding author at: Institute for Chemical and Bioengineering, ETH Zurich,
ladimir-Prelog-Weg 1, 8093 Zurich, Switzerland.

E-mail address: rudi.gunawan@chem.ethz.ch (R. Gunawan).
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possibly differing in model structures and parameters, all of which
are consistent with the available process information. In this study,
we considered a set of models having the same model equations
(structure) but different parameter values, all of which provide
similar goodness of fit to the available experimental data. Ignoring
model uncertainty in a model-based process optimization could
lead to poor real life performance (Nagy and Braatz, 2004).

Ensemble modeling describes a modeling strategy in which one
tracks a set of (equivalent) models, where each model represents a
rival hypothesis on the process system of interest. Ensemble model-
ing has received a lot of attention in the modeling of bioprocesses, as
a way to account for uncertainty in the model structures and param-
eters. For example, in metabolic network modeling, numerous
algorithms have been developed for generating a model ensem-
ble by enforcing thermodynamic feasibility constraints on the
metabolic fluxes at steady state (Henry et al., 2007; Miskovic and
Hatzimanikatis, 2011; Tran et al., 2008; Wang et al., 2004). Ensem-
ble modeling has also been applied to dynamical bioprocesses with
uncertain model structures (Kuepfer et al., 2007; Schaber et al.,
2011) and kinetic parameters (Jia et al., 2012; Liu et al., 2015; Song
et al., 2010). In recent years, numerical toolboxes have been created
for efficacious (semi-)automated generation of model ensembles,
such as modelMage (Schaber et al., 2011), REDEMPTION (Liu et al.,

2015) and iSCHRUNK (Andreozzi et al., 2016).

Optimizing processes under model uncertainty falls under the
general topic of robust process optimization. A common strategy

 under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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or accounting model uncertainty in robust process optimization
s the minmax approach (Alamir and Balloul, 1999; Nagy and
raatz, 2004), which involves optimizing the worst-case process
bjective. However, the minmax strategy often leads to poor pro-
ess performance, especially when the worst-case scenario rarely
ccurs. Another common strategy to handle uncertainty is based
n a multiobjective optimization with the aim of balancing the
rade-off between the expected or nominal performance of the
rocess and the robustness of the optimized process condition
ith respect to model uncertainty (e.g. using variance or sensi-

ivity coefficients) (Nagy and Braatz, 2004; Rustem, 1994). The
ean-variance optimization approach (Diwekar and Kalagnanam,

996; Kim and Braatz, 2012; Mandur and Budman, 2014; Samsatli
t al., 1998) is an example of a multiobjective criterion. Meanwhile,

 different strategy called the chance-constrained programming,
andles the model uncertainty in process optimization by way  of
robabilistic constraints, allowing a certain probability level for
ne or a set of constraints to be violated (Kloppel et al., 2011;
iu et al., 2016; Yousofshahi et al., 2013). Another probabilis-
ic approach called Sigma Point method employs a fixed number
f carefully selected parameter combinations to approximate the
xpected value and variance-covariance of the process outputs.
he Sigma Point method has been applied in a multi-objective
ynamic optimization of chemical processes (Vallerio et al., 2016).
he comparisons among different approaches for robust process
ptimization have been detailed in several review articles (Ben-Tal
nd Nemirovski, 2002; Bertsimas et al., 2011; Beyer and Sendhoff,
007; Morales-Rodriguez et al., 2012).

Without loss of generality, in this study we consider uncertainty
n the bioprocess model parameters. Through appropriate param-
terizations, one could extend the proposed strategy to account for
ncertainty in the model structures. Here, we adopted a probabilis-
ic representation of the parametric uncertainty using a probability
ensity function (PDF). By adopting a Bayesian approach, the pos-
erior PDF of the model parameters is described as a function of the
rior information on the parameter values and the available process
ata. In the process optimization, we sought to maximize the lower
onfidence bound of the process objective based on the posterior
DF of the parameters. Several strategies exist for computing this
onfidence bound, including Monte Carlo (MC) integration (Robert
nd Casella, 2005) and Polynomial Chaos Expansion (PCE). The PCE
nd its generalizations have received much attention recently in
he control systems community, as these methods could provide a
umerically efficient calculation of the process mean and variance
Kim et al., 2013; Nagy and Braatz, 2007). However, the application
f PCE to a model with a large number of parameters is particularly
hallenging, as the number of orthogonal polynomial chaos basis
unctions increases very quickly with the number of parameters.
n addition, PCE requires the statistics of the uncertain parame-
ers to be known a priori, and the orthogonal basis functions are
ifficult to formulate for non-standard parameter PDFs. On the
ther hand, MC  integration could be easily implemented for high
imensional parameter system and for parameters following non-
tandard PDFs. Nevertheless, a practical issue of MC  integration is
hat the number of samples required to produce accurate statis-
ical point estimates of the PDF using Monte Carlo integration is
ften very high. As bioprocess models often possess a large num-
er of parameters, in this work we adopted MC  integration using
niformly distributed parameter sample, generated by an efficient
ulti-ellipsoidal sampling algorithm called HYPERSPACE (Zamora-

illero et al., 2011).
In the next section, we described the details of the bioprocess
ptimization under uncertainty, including the construction of the
osterior PDF of the parameters, the generation of the param-
ter ensemble, and the definition, calculation and optimization
f the utility function. Subsequently, we applied the proposed
chnology 244 (2017) 34–44 35

model-based process optimization to a batch production model
of monoclonal antibody (mAb) using mammalian hybridoma cells,
derived from a previously published model (Kiparissides et al.,
2011). The results showed that our strategy could provide high
production of mAb  and robust optimal operating conditions.

2. Methods

2.1. Parametric uncertainty

We define the posterior PDF of the model parameter vector p ∈
Rd given the process data xM , denoted by fP (p|xM), using the Bayes
theorem:

fP (p|xM) = fX (xM |p) fP (p)
fX (xM)

.  (1)

The function fX (xM |p) describes the PDF of observing the data
xM given the model with the parameter vector p. Meanwhile,
the PDF fP (p) represents the prior information or PDF on the
model parameters p. Finally, the normalization constant fX (xM) =∫

fX (xM |p) fP (p) dp is called the marginal likelihood or the model

evidence.
The calculation of the PDF fX (xM |p) typically involves an

assumption on the characteristics of the measurement noise. Here,
we assume time-series process data with additive noise such that

xM (tk) = xp (tk) + �tk
with xp (tk) ∈ Rmk and

K∑
k=1

mk = m,  where

tk denotes the k-th measurement time point, xp (tk) denotes the
model prediction using the parameter values p, mk denotes the
number of measured process states at time tk, K denotes the
total number of time points, m denotes the total number of
measurements, and the noise vector � (tk) ∼N (0, V (tk)) contains
independent and identically distributed (i.i.d.) realizations from a
Gaussian distribution with mean 0 and variance-covariance matrix
V(tk). Therefore, the PDF fX (xM |p) can be written as:

fX (xM |p) = 1

(2�)m/2 det

(
K∏

k=1

V (tk)

)1/2

e

− 1
2

K∑
k=1

(
xM (tk) − xp (tk)

)T
V(tk)−1

(
xM (tk) −  xp (tk)

)
(2)

where xM is the vector formed by a column-wise stacking of the
vectors xM (tk).

In this work, we  adopted an ensemble modeling strategy. More
specifically, we  generated an ensemble of parameter vectors using
a uniformly distributed sampling of the parameter confidence
region given by the parametric posterior PDF above. The parameter
ensemble is defined by the set:

 ̋ =
{

p : ˚ (p) ≤ t˚ (p∗) , pLB < p < pUB

}
(3)

where ˚ (p) denotes the error function, ˚ (p∗) denotes the min-
imum value of ˚ (p), t denotes the threshold ratio, and pLB and
pUB denote the lower and upper bound values of the parameters,
respectively. The error function ˚ (p) is  derived from fX (xM |p),
more precisely by taking the negative logarithm of this PDF and
ignoring the parameter-independent terms, giving:
˚ (p) =
K∑

k=1

(
xM (tk) − xp (tk)

)T
V(tk)−1

(
xM (tk) − xp (tk)

)
(4)
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he threshold ratio t is set according to the desired confidence
egion at (1-a)% confidence level using the following approxima-
ion:

 ≈ 1 + d

m − d
Fa

d,m−d (5)

here Fa
d,m−d

is the a-upper percentile of the Fisher–Snedecor or
-distribution with d parameters and m-d degrees of freedom. The
-distribution describes the statistic of variance ratio and is com-
only used for comparing statistical models under the assumption

hat the data are independent and normally distributed with a com-
on  variance.
We  employed the HYPERSPACE algorithm to generate the

arameter ensemble as defined above (Zamora-Sillero et al., 2011).
YPERSPACE used a combination of an out-of-equilibrium adaptive
onte Carlo and multiple ellipsoids-based sampling. Our recent

nsemble modeling toolbox, called REDEMPTION (Reduced Dimen-
ion Ensemble Modeling and Parameter Estimation) (Liu et al.,
015), also employed HYPERSPACE for the generation of param-
ter ensemble according to Eq. (3). Thus, the model ensemble
roduced by REDEMPTION could be directly used to generate the

nput to the bioprocess optimization under uncertainty in this
ork. Alternatively, a recent ensemble modeling tool iSchrunk,
hich uses a machine learning algorithm called classification and

egression tree (CART), could also generate uniformly distributed
arameter ensemble within the parameter confidence region for
he ensemble-based process optimization below.

.2. Bioprocess optimization under uncertainty

In this work, we adopted a probabilistic criterion for the biopro-
ess optimization under uncertainty according to:

ax
c

U (c) = max
c

EP (u (c,  p)) − ˛
√

VP (u (c,  p)) (6)

here c denotes the vector of operating conditions, u (c,  p)
escribes the process objective function (e.g. yield, product concen-
ration, or financial profit),  ̨ is a weighting factor, and EP (u (c,  p))
nd VP (u (c,  p)) are the expectation and variance of u (c,  p) over the
arameter posterior PDF fP (p|xM).  One could view the utility func-
ion U (c) as the lower confidence bound of the process objective
(c, p).  In the case study, we examined the performance of the bio-
rocess optimization above for different  ̨ values, corresponding to
0%, 90% and 99% lower confidence bounds by assuming Gaussian
istributed utility function U(c).

While the process optimization above has a strong resemblance
ith the mean-variance optimization, the probabilistic interpreta-

ion of the utility function as the lower confidence bound of u (c,  p)
akes the strategy closer to the minmax approach. In particular,

ike the minmax process optimization, we also seek to maximize
he worst-case process objective given the parametric uncertainty,
here the worst-case scenario corresponds to the lowest process
erformance for the parameter posterior PDF at a given confidence

evel. Below, we describe the computation of the utility function
(c) using uniformly distributed parameter ensemble.

.3. Maximum likelihood parameter estimation

We  compared the performance of the proposed bioprocess opti-
ization under uncertainty to the model-based optimization using

he maximum likelihood (ML) parameter estimates. The ML  param-

ter pML is defined as the parameter vector that maximizes the
ikelihood function L (p;  xM) for a given dataset xM . In contrast to
he Bayesian approach, the parameter p is a non-random variable
n the ML  estimation. Following the same assumption regarding the
echnology 244 (2017) 34–44

data noise (additive, i.i.d. Gaussian white noise), the ML  estimation
follows optimization to obtain pML:

pML = arg max
p

log L (p;  xM)

= arg min
p

K∑
k=1

(
xM (tk) − xp (tk)

)T
V (tk)−1

(
xM (tk) − xp (tk)

)
= arg min

p
˚ (p)

(

Note that the log-likelihood function in the maximum likelihood
estimation is equivalent to the negative of the error function ˚ (p)
in the parameter ensemble, and therefore ˚ (p∗) = ˚ (pML) .

2.4. Numerical implementation

The computation of the utility function above requires evaluat-
ing the expectation of the process objective EP (u (c,  p)):

EP (u (c, p)) =
∫

u (c,  p) fP (p|xM) dp (8)

and its variance VP (u (c,  p)):

VP (u (c, p)) = EP

[
(u (c, p) − EP (u (c, p)))2

]
= EP

(
u2 (c, p)

)
− EP

2 (u (c,  p))

=
∫

u2 (c, p) fP (p|xM) dp − EP
2 (u (c,  p)) .

(9)

We employed a MC  integration using the parameter ensemble for
the above calculations (Press, 2007). More specifically, given the
parameter ensemble �,  the expectation function could be approx-
imated by the following summation:

EP (u (c,  p)) =
∫

u (c,  p) fP (p|xM) dp ≈ V

N

∑
pi ∈ ˝

u (c,  pi) fP (pi|xM) ,(10)

where V denotes the volume of viable parameter space that
defines the parameter ensemble (i.e. the volume of �) and N
denotes the cardinality of the parameter ensemble. Using the
property of a probability density function, the following function∫

fP (pi|xM) dp = V
N

∑
pi ∈ ˝

fP (pi|xM) is approximately equal to 1. Based

on the above approximations, we  arrived at the following formula:

Ep (u (c,  p)) ≈

∑
pi ∈ ˝

u (c,  pi) fP (pi|xM)

∑
pi ∈ ˝

fP (pi|xM)

=
∑
pi ∈ ˝

u (c,  pi) f̃P (pi|x = xM)

(11)

where
f̃ P (pi|xM) = fP (pi|xM)∑
pi ∈ ˝

f P (pi|xM)

forpi ∈  ̋ (12)
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Table 1
Parameter values of batch mAb  production model.

Parameter Unit Value Parameter Unit Value

�max h−1 5.80 × 10−2 mglc mmol/ (cell h) 4.85 × 10−14

Kglc mM 7.50 × 10−1 Yx,gln cell/mmol 5.57 × 108

Kgln mM 7.50 × 10−2 ˛1 mmol/ (cell h) 3.40 × 10−13

KIlac mM 1.72 × 102 ˛2 mM 4.00
KIamm mM 2.85 × 10 Kd,gln h-1 9.60 × 10−3

�d,max h−1 3.00 × 10−2 Ylac,glc 1 1.40
K mM 1.76 Y 1 4.27 × 10−1
Y. Liu, R. Gunawan / Journal o

For a uniform prior distribution of the parameters, the prior PDF
P (p) is constant and we could arrive at the following simplification:

f̃P (pi|xM) = fP (pi|xM)∑
pi ∈ ˝

fP (pi|xM)

=
fX (xM |p)fP (p)

fX (xM )∑
pi ∈ ˝

fX (xM |p)fP (p)
fX (xM )

=
fX (xM |p)fP (p)

fX (xM )

fP (p)
fX (xM )

∑
pi ∈ ˝

fX (xM |p)

= fX (xM |p)∑
pi ∈ ˝

fX (xM |p)

= e
−

1
2

(˚ (pi) − ˚ (pML))

∑
pi ∈ ˝

e
−

1
2

(˚ (pi) − ˚ (pML))

(13)

he term ˚ (pML) was added to the exponents to avoid comput-
ng values smaller than the machine precision. Note that we  only
eed to compute the function f̃P (pi|xM) once prior to the process
ptimization, as these values do not depend on the variable c. The
alculations of the integrals for VP (u (c,  p)) followed the same pro-
edure.

In the case study, the maximum likelihood parameter estima-
ion was solved using the enhanced Scatter Search (eSS) algorithm,

 population-based metaheuristic global optimization method
Egea et al., 2010). Meanwhile, in the process optimization, we con-
idered a single variable optimization (the initial concentration of

 species) and used a simple method to find the (global) optimal
olution, by discretizing the range of c to find the value that max-
mized U(c). Fig. 1 summarizes the numerical implementation of
he proposed strategy.

. Results

.1. Model of monoclonal antibody (mAb) production

We  investigated the optimization of batch mAb  production
sing hybridoma cells (Kiparissides et al., 2011; Kontoravdi et al.,
010; Tatiraju et al., 1999). We  created a model of the batch cell
ulture by simplifying a previous model developed by Kiparissides
t al. (2011). The model describes the dynamics of 7 bioprocess
tate variables as follows:

Xt : total cell density

Xv : viable cell density

[GLC] : glucose concentration

[GLN] : glutamine concentration

[LAC] : lactate concentration

[AMM] : ammonia concentration

[mAb] : monoclonal antibody concentration

he following part of the model equations is the same as the origi-
al. The viable cell density XV and total cell density Xt in unit cell/L,

ollow the ordinary differential equations (ODEs):

d

dt
XV = �XV − �dXV

d

dt
Xt = �XV − Klysis(Xt − XV )

(14)

here the specific growth rate is given by:

� = �max

(
[GLC]

Kglc + [GLC]

)  (
[GLN]

Kgln + [GLN]

)
(

KIlac

KIlac + [LAC]

)  (
KIamm

KIamm + [AMM]

)

nd the specific cell death rate is given by:

d = �d,max

1 +
(

Kd,amm/ [AMM]
)2

.

d,amm amm,gln

Klysis h−1 5.51 × 10−2 � h 1.00 × 10−1

Yx,glc cell/mmol 1.06 × 108 � mg/ (cell h) 7.21 × 10−9

The parameter Klysis is related to the breakdown of cell mem-
branes, and Ki’s are the Monod constants for the primary nutrients:
glucose (GLC) and glutamine (GLN). The parameters KIi’s denote
the inhibition constants of the primary metabolites: lactate (LAC)
and ammonia (AMM). Meanwhile, �d,max is the maximum specific
death rate and Kd,amm gives the cell death rate by ammonia.

The extracellular metabolite concentrations of glucose [GLC],
glutamine [GLN], lactate [LAC] and ammonia [AMM] in unit mM
follow the ODEs below:

d

dt
[GLC] = −QglcXV

d

dt
[GLN] = −QglnXV − Kd,gln [GLN]

d

dt
[LAC] = QlacXV

d

dt
[AMM] = QammXV + Kd,gln [GLN]

(15)

where

Q glc = �

Yx,glc
+ mglc

Qgln = �

Yx,gln
+ mgln = �

Yx,gln
+ ˛1 [GLN]

˛2 + [GLN]

Qlac = Ylac,glcQglc

Qamm = Yamm,glnQgln

.

The parameters Yx,i’s and mi’s denote the cell yield and the mainte-
nance energy on each of the primary nutrients, respectively. The
maintenance energy refers to the cellular consumption of these
nutrients which does not contribute toward biomass production.
The parameters ˛1 and ˛2 are constants. The parameters Ylac,glc

and Yamm,gln refer to the yields of the product from the primary
nutrients, i.e.  lactate from glucose and ammonia from glutamine,
respectively.

The model simplification concerns the production of mAb, for
which we  assume to solely depend on the viable cell density XV

(i.e., ignoring detailed intracellular mAb  synthesis in the original
model) (Tatiraju et al., 1999). The extracellular concentration of
mAb, denoted by [mAb] in unit mg/L, thus follows the ODE,

d

dt
[mAb] = (2 − ��)�XV , (16)

where � is a constant parameter and � denotes the specific mAb
production rate. Here we assumed that � is constant during the
cell culture. The rate equation above describes the net rate of
secretion of mAb  by the hybridoma cells upon excess produc-
tion over what is needed for the biomass generation, i.e.  when

(2–��)  is larger than 0. The values of all model parameters,
except for �, were taken from the original model (Kiparissides
et al., 2011), which are also listed in Table 1. The value of � was
determined using maximum likelihood parameter estimation, i.e.
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Fig. 1. Flowchart of the proposed bioprocess optimization under uncertainty. Given experimental concentration data xM and the bioprocess model, the optimization involves
(1)  finding the maximum likelihood estimate pML using a global optimization algorithm eSS (Egea et al., 2010); (2) generating an ensemble of uniformly distributed parameter
sampling points � using HYPERSPACE; (3) maximizing the utility function U (c) based on the parameter ensemble � and Monte Carlo integration.

Fig. 2. Parameter estimation of � using the simplified model of batch mAb  production. The cross symbols (×) represent the experimental data taken from (Kontoravdi et al.,
2010).
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Table  2
Sensitivity analysis of batch mAb  production model.

Parameter Sensitivity index Parameter Sensitivity index

� 0.936 Ylac,glc −0.0162
Yx,gln 0.564 KIlac 0.0162
�d,max −0.535 Kglc −0.0152
�max 0.506 Kgln −0.0141
Kd,amm 0.363 � −0.00111
Kd,gln −0.336 ˛1 −0.000670
Y −0.124 ˛2 0.000426
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KIamm 0.0231 mglc <10−5

Yx,glc 0.0201 Klysis <10−5

inimizing ˚ (�),  using the experimental data from the origi-
al publication (Kontoravdi et al., 2010) and with the following

nitial concentrations: XV = Xt = 2.00 × 108 cell/L, [GLC] = 29.1 mM,
GLN] = 4.90 mM, [LAC] = 0 mM, [AMM] = 0.310 mM, [mAb] =
0.6 mM.  The concentration fit in Fig. 2 shows that the aforemen-
ioned simplified model is able to capture the essential dynamical
eature of the mAb  production, while at the same time, reduces the
umber of states and parameters. In the process optimization, we
sed the simplified model with the parameter values p* in Table 1
s a surrogate of the actual batch mAb  production.

We  carried out a (local) parametric sensitivity analysis to deter-
ine the most influential parameters determining the final mAb

oncentrations at 103 h. The normalized sensitivity coefficient for
ach parameter pi was computed as follow

i = ∂ [mAb] (tf )

∂pi

pi

[mAb] (tf )
(17)

sing the direct method (Varma et al., 2005). The results are sum-
arized in Table 2. Based on the normalized sensitivity coefficients,
e chose the seven most sensitive parameters (�, Yx,gln, �d,max,
max, Kd,amm, Kd,gln, Yamm,gln) for the generation of the parameter
nsemble below, while the remaining 11 parameters were set to
he values in Table 1.

.2. Optimization of mAb production

Fig. 3 summarizes the evaluation of the proposed bioprocess
ptimization under uncertainty, including comparisons among dif-
erent  ̨ settings and to the standard process optimizations and an
lternative robust optimization strategy. We  used the model with
he parameters and initial concentrations described in the previous
ection to generate in silico time-series data for the creation of the
arameter ensemble. The simulated data were contaminated with

.i.d. Gaussian noise with zero mean and 25% coefficient variation
COV) (see Fig. 4). Subsequently, we performed a maximum likeli-
ood parameter estimation to determine pML for the seven most
ensitive parameters (m = 54, d = 7), while setting the remaining
arameters to their original values. For each of the seven param-
ters, we used a uniform prior distribution with the parameter
ounds between 0.1 to 10 times of the values in Table 1. The result
f the parameter estimation is described in Fig. 4. The model fit-
ing looked worse than the one in Fig. 2 due to the higher noise
n the in silico data. Nevertheless, the error function for the maxi-

um likelihood parameters (˚ (pML) = 106.7) was  much lower than
hat for the parameters in Table 1 (˚ (p∗) = 265.9). The difference
n the two error functions however was not statistically signif-
cant (F score = (˚ (p∗) −  ˚ (pML)) /˚ (pML) = 1.49, p-value = 0.19).
ote that in the error function calculations, we  used the measured

noisy) concentrations to compute the variance of the data noise

ssuming a COV of 25%. Consequently, the error function values
ay not follow the standard �2 distribution. Finally, we  ran HYPER-

PACE to generate an ensemble of 3 × 104 parameter vectors using
 threshold factor of 1.45, which corresponded to 99% confidence
chnology 244 (2017) 34–44 39

region. Fig. 5 shows the parameter ensemble, projected onto two
dimensional parameter planes, which illustrates the non-Gaussian
features of the parametric uncertainty.

For the bioprocess optimization, we set the concentration of
mAb  at the final batch time tf = 103 h as the process objective func-
tion, and the initial concentrations of glutamine as the optimization
variable, i.e.  u ([GLN]0, p) = [mAb] (tf ; [GLN]0, p). In the optimiza-
tion, we discretized the range of the initial glutamine concentration
between 0 and 20 mM using 0.1 mM step size, evaluated the util-
ity function value U ([GLN]0) at each discrete point, and finally
selected [GLN]∗0 value that maximizes the utility function. We
examined three strategies for the bioprocess optimization under
uncertainty, using  ̨ = 0 (i.e. maximizing EP

(
[mAb] (tf ; [GLN]0, p)

)
only, or the 50% lower confidence bound of [mAb] (tf ; [GLN]0, p)),

 ̨ = 1.282 (i.e. maximizing the 90% lower confidence bound of
[mAb] (tf ; [GLN]0, p)), and  ̨ = 2.326 (i.e.  maximizing the 99% lower
confidence bound of [mAb] (tf ; [GLN]0, p)). We repeated the biopro-
cess optimization for four different initial glucose concentrations:
[GLC]0 = 25 mM,[GLC]0 = 50 mM, [GLC]0 = 75 mM, and [GLC]0 =
100 mM.  Fig. 6 shows the dependence of the utility functions on
[GLN] for [GLC]0 = 100 mM, for different the parameter ensemble
sizes. The MATLAB codes implementing the bioprocess optimiza-
tion are given as Supplementary data.

One expects the accuracy of the utility function evaluations,
or more precisely the MC  integrations, to improve when using a
larger parameter ensemble. However, the computational cost of
the process optimization also increases with the ensemble size. To
determine the appropriate ensemble size for a particular applica-
tion, one could evaluate the utility function values (at a few design
points) for different ensemble sizes, and choose the size that bal-
ances the tradeoff between computational cost and MC  integration
accuracy. As shown in Fig. 6, the utility function values did not dif-
fer markedly when increasing the ensemble size from 2 × 104 to
3 × 104. While we could opt to use 2 × 104 parameter vectors in
the ensemble, for this case study the computational cost of the
process optimization did not become too unwieldly even for the
entire parameter ensemble. Thus, in the following, we  used the full
ensemble of 3 × 104 parameter vectors.

We  compared the proposed bioprocess optimization to the stan-
dard optimization involving the maximization of the final mAb
concentration using the mAb  model with the maximum likelihood
parameters, i.e.  maximizing [mAb] (tf ; [GLN]0, pML). Fig. 7 contrasts
the utility function curves from the mAb  optimizations under
uncertainty with the simulated final concentrations of mAb  using
the maximum likelihood parameters pML and using the true model
parameters in Table 1 (for [GLC]0 = 100 mM). Meanwhile, Table 3
gives the final concentrations of mAb  evaluated using the mAb
model with the true parameter values, for the optimal [GLN]0 con-
centrations from the above process optimizations. As expected, the
final mAb  concentration increased with the initial concentration of
glucose [GLC]0. Fig. 7 and Table 3 show that accounting for parame-
ter uncertainty generally leads to higher mAb  production. The best
mAb  production came from using the 90% lower confidence bound

 ̨ = 1.282 at [GLC]0 = 100mM, reaching ∼100% of the true optimal
or >13% improvement over the optimization using the maximum
likelihood model.

However, the benefit of accounting for model uncertainty goes
beyond improving the nominal process performance. In particular,
Table 4 gives the average fold improvements of the mAb  pro-
duction using the optimal conditions from the ensemble-based
optimization over the ML  model-based optimization, for 10 ran-
domly chosen parameter vectors within the parameter ensemble.

The individual fold changes can be found in the online Supple-
mentary material (see Tables A1–A4). The fold changes clearly
demonstrated that by accounting for parameter uncertainty, the
proposed process optimization could robustly outperform process
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Fig. 3. Evaluation of the proposed bioprocess optimization under uncertainty. (A) The mAb  batch process model with the parameter values p* in Table 1 (the result of parameter
estimation in Fig. 2) is used as a surrogate of the actual bioprocess, i.e.  as the true process model, to generate simulated concentration data. The in silico concentration data
are  subsequently used to obtain the maximum likelihood parameter estimates pML , as well as the parameter ensemble in ensemble modeling. (B) The proposed bioprocess
optimization under uncertainty is performed for different  ̨ settings (based on Eq. (6) with  ̨ = 0, 1.282 and 2.326) using the parameter ensemble. The proposed strategy is
compared to the standard process optimization using the true model and using the ML parameter estimates, and to an alternative bioprocess optimization under uncertainty
(based on Eq. (18) with  ̨ = 1.282 and 2.326). (C) The performance of each strategy is assessed by evaluating the process objective (i.e., the final mAb  titer) using the true
model  as a surrogate of the batch process with the optimized process condition c*.
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ig. 4. In silico time-series data and maximum likelihood parameter estimation. Th
ikelihood parameters and the true parameters in Table 1 are shown in solid (–) an
SS  algorithm (Egea et al., 2010).

ptimizations using a single best-fit model. In agreement with
ntuition, the use of more pessimistic lower bounds (i.e.  higher con-
dence level) led to better average fold improvements. However,
s shown in Table 3, with a larger confidence level, we  observed a

rop in the mAb  concentration from the true process model, illus-
rating the trade-off between optimizing nominal performance and
obustness.
 are shown in cross symbols (×), while the model predictions using the maximum
ed line (– –), respectively. The ML  parameter estimation was performed using the

As suggested by Nagy and Braatz (2004), we further examined
the process optimization under uncertainty using the following
formulation: √

max

c
UML (c) = max

c
uML (c, p) − ˛ VP (u (c,  p)), or more precisely

max
[GLN]0

UML ([GLN]0) = max
[GLN]0

[mAb] (tf ;

[GLN]0, pML) − ˛
√

VP
(

[mAb] (tf ; [GLN]0, p)
) (18)
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Fig. 5. Parameter ensemble for batch mAb  production model. The parameters are projected onto 2D parameter axes. The red dot shows the maximum likelihood parameter
estimate, while the green dot indicates the true parameter values. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version
of  this article.)

Fig. 6. Utility function U ([GLN]0) for the batch mAb  optimization. The utility function U ([GLN]0) as a function of initial glutamine concentrations [GLN]0 for  ̨ = 0 (solid lines),
˛  = 1.282 (dashed lines) and  ̨ = 2.326 (dotted lines) with [GLC] = 100 mM.  The different colored lines correspond to the number of the parameter vectors in the computation
of  U(c): red lines using 9 × 103 parameter vectors, green lines using 2 × 104 parameter vectors and blue lines using 3 × 104 parameter vectors (i.e.  the entire parameter
ensemble). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 7. Utility function U ([GLN]0) and true final mAb  concentration as a function of [GLN]0. The arrows show the final mAb titer corresponding to the optimal [GLN]0 from
various  optimization strategies (see also Table 3).

Table 3
Final mAb  concentrations from different optimization strategies.

Initial glucose concentration
(mM)

Final mAb concentration (103 mg/L)

Proposed method
˛  = 0

Proposed method
˛  = 1.282

Proposed method
˛ = 2.326

Optimization using
ML  model

Optimization using
true parameters

25 1.35 1.36 1.36 1.36 1.36
50  1.35 1.43 1.40 1.27 1.43
75  1.36 1.45 1.41 1.28 1.45
100  1.36 1.45 1.41 1.28 1.45

Table 4
Robustness of the optimized [GLN]0. The fold change values of the final mAb  comcentration are computed with respect to those from the standard process optimization using
the  maximum likelihood parameter estimates. The p-values correspond to statistical paired t-tests.

Initial glucose concentration (mM)  Average fold change of the final mAb  concentration (p-value)

Proposed method  ̨ = 0 Proposed method  ̨ = 1.282 Proposed method  ̨ = 2.326

25 0.99 (1.0) 1.02 (1.1 × 10−4) 1.03 (1.7 × 10−4)
−6 −5 −5

B
o
u
H
a
s
a
r
o
u
a
t
t
s
a

50  1.10 (4.4 × 10 ) 

75  1.10 (4.6 × 10−6) 

100  1.10 (4.7 × 10−6) 

y setting  ̨ = 0, this strategy reduces to the standard process
ptimization using the maximum likelihood model. Note that the
tility function above no longer has a probabilistic interpretation.
ere, we implemented the process optimization using  ̨ = 1.282
nd  ̨ = 2.326. Tables 5 and 6 summarize the performance of this
trategy and the robustness of the optimal operating conditions,
nalogous to the results shown in Tables 3 and 4, respectively. The
esults showed that the incorporation of the variance of the process
bjective significantly improved the process performance. But, the
se of the expected process objective in U(c) still offered slightly

 better performance than using the maximum likelihood objec-
ive UML (c). The same trend could also be said for the robustness of
he performance of this strategy, with the mean-standard deviation
trategy outperforming the ML-standard deviation optimization

bove.
1.36 (1.1 × 10 ) 1.61 (3.4 × 10 )
1.36 (1.1 × 10−5) 1.63 (3.3 × 10−5)
1.37 (1.2 × 10−5) 1.64 (3.5 × 10−5)

4. Discussion

The accuracy of the process model profoundly affects the real
life performance of any model-based process optimization. This
dependence is of a particular importance in batch bioprocess
optimization, as the mathematical modeling in this area faces con-
siderable challenges caused by high process nonlinearity and low
quantity and quality of experimental data. Not to mention, there
often exists significant batch-to-batch variation (Mockus et al.,
2015), which further complicates the process optimization. The
issues mentioned above necessitate incorporating model uncer-
tainty in the process optimization effort. In this study, we employed
ensemble modeling, where we  tracked a family of model parame-
ters within the confidence region of the parameter posterior PDF.

Based on this ensemble, we proposed a process optimization under
uncertainty which involved maximizing a mean-standard devi-
ation utility function. The utility function represents the lower
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Table  5
Final mAb  concentrations from the ML-standard deviation optimization.

Initial glucose concentration (mM)  Final mAb  concentration (103 mg/L)

ML-standard deviation  ̨ = 1.282 ML-standard deviation  ̨ = 2.326

25 1.36 1.36
50  1.32 1.43
75  1.33 1.44
100  1.33 1.45

Table 6
Robustness of the optimized [GLN]0 using ML-standard deviation optimization. The fold change values of the final mAb concentration are computed with respect to those
from  the standard process optimization using the maximum likelihood parameter estimates. The p-values correspond to statistical paired t-tests.

Initial glucose concentration (mM)  Average fold change of the final mAb  concentration (p-value)

ML-standard deviation  ̨ = 1.282 ML-standard deviation  ̨ = 2.326

25 1.01 (8.6 × 10−5) 1.01 (8.6 × 10−5)
−6 −5

b
p
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50  1.05 (4.3 × 10 ) 

75  1.06 (4.6 × 10−6) 

100  1.06 (4.6 × 10−6) 

ound of the process objective given the uncertainty in the model
arameters.

As demonstrated in the application to the batch mAb  production
odel, accounting for process uncertainty through the mean and

tandard deviation of the process objective led to higher final mAb
oncentrations than using the ML  model. The improvements were
lso robustly reproduced among randomly sampled parameter vec-
ors from the parameter ensemble. Such robustness is a critical
onsideration in batch process optimization in biopharmaceutical
ndustry, which as mentioned above, is often subjected to batch-to-
atch variation. The application also showed a trade-off between
he nominal performance (evaluated using the true parameter vec-
or) and robustness (evaluated using 10 random parameter vectors
rom the ensemble), which was balanced by the parameter ˛. A
arger  ̨ value corresponds to a higher confidence level of the lower
rocess objective bound, and thus represents a more pessimistic
trategy. Expectedly, the robustness tends to increase with  ̨ at the
ost of a lower nominal performance. On the other hand, a very low

 puts a lot of weight on the expected process objective, a strategy
hat may  perform poorly when model uncertainty is significant.

In this work, we chose HYPERSPACE for the construction of the
arameter ensemble, because of its ability to handle high dimen-
ional, nonconvex and possibly disjointed feasible parameter space,

 common feature of a nonlinear bioprocess model (see Fig. 5).
YPERSPACE combines global and local strategies in exploring

he parameter space using an out-of-equilibrium Adaptive Monte
arlo and multiple ellipsoids-based uniform sampling, respectively
Zamora-Sillero et al., 2011). We  generated a uniformly distributed
arameter vectors within the confidence region of the posterior
DF at a given confidence level. Using the parameter vectors in the
nsemble, we implemented Monte Carlo (MC) integration for the
umerical evaluations of the utility function, i.e.  the expectation
nd variance computations. We  selected Monte Carlo integration
or this purpose, as the strategy is particularly suitable for high
imensional parameters and could accommodate non-standard
DFs. Besides, this implementation allowed applying the proposed
rocess optimization directly using the outputs of several existing
nsemble modeling tools such as REDEMPTION (Liu et al., 2015)
nd iSchrunk (Andreozzi et al., 2016).

The computational effort of the proposed bioprocess optimiza-
ion procedure is mainly associated with the following steps: the
eneration of parameter ensemble, the evaluation of the expected

nd variance of process objective using MC  integration, and the
ptimization of the utility function. The parameter ensemble gen-
ration using HYPERSPACE has a computational cost that scales
1.45 (1.5 × 10 )
1.47 (1.6 × 10−5)
1.47 (1.6 × 10−5)

linearly with the dimension of the parameters (for viable param-
eter space of similar complexity) (Zamora-Sillero et al., 2011). On
the other hand, while the accuracy of MC  integrations scales with
the square-root of the number of parameter samples (i.e.  increasing
the sample size by 100 fold will reduce the standard error only by
10 fold), the required sample size does not scale strongly with the
dimension of the parameters (Press, 2007). Finally, the computa-
tional effort in finding the global optimal solution that maximizes
the utility function in general increases exponentially with the
number of optimization variables (Pintér, 2002). However, many
efficient optimization algorithms exist such as the scatter search
method (Egea et al., 2010), offering much more favorable com-
putational scaling, usually at the cost of losing global optimality
guarantee. In the steps mentioned above, the ODE model simula-
tions also contribute to the computational cost. Unfortunately, the
computational scaling of ODE integrations is non-trivial to predict
a priori, as the computational complexity depends not only on the
numbers of states and parameters, but also on the degree of nonlin-
earity and stiffness (differences in the time scales of the underlying
process kinetics).

5. Conclusion

In this work, we  presented an ensemble modeling based strat-
egy to account for model uncertainty in optimizing bioprocesses.
We adopted a Bayesian approach in defining the model uncer-
tainty, and generated the model ensemble by uniformly sampling
the confidence region of the parameter posterior PDF. The process
optimization employed a mean-standard deviation utility function,
analogous to maximizing the lower confidence bound of a process
objective of interest, given the model uncertainty. The application
to a batch production of mAb  using hybridoma cells showed the
advantages of the proposed strategy over the standard process opti-
mization using the maximum likelihood model, achieving not only
a higher nominal performance, but also greater robustness with
respect to parameter variation. As tools for ensemble modeling
continue to emerge and mature, the ensemble-based process opti-
mization presented here can readily take advantage of progress in
this area.
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