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This study assesses the performance of the model‐assisted Design of Experiment (mDoE) software toolbox for
the design of two microalgae bioprocesses. The mDoE‐toolbox was applied to maximize biomass growth for
Desmodesmus pseudocommunis in a photobioreactor by varying the light intensity and pH and for Chlorella vul-
garis in shake flasks, by varying the light intensity and duration. For both case studies, a mathematical mech-
anistic model was applied. In the first study only one experiment was necessary to adapt the mathematical
model and identify a combination of light intensity and pH that improved biomass yield, as confirmed exper-
imentally. In the second study, no well‐established model was available for the specific experimental arrange-
ment. On the basis of the literature, a mathematical model was constructed and a first cycle of mDoE was
performed, thus identifying the desired factor combinations. Experiments confirmed the high biomass yield
but revealed shortcomings of the model. The model was improved and a second cycle of mDoE was performed.
The recommended factor combinations from both cycles were comparable. The mDoE was found to be a time‐
saving, cost‐effective and useful method enabling the identification of factor combinations leading to high bio-
mass production for the design of two different microalgae bioprocesses with low experimental effort.
1. Introduction

Biotechnological processes are subject to numerous influences thus
making the development and establishment of new processes cost‐,
time‐ and labor‐intensive. Temperature, pH, oxygen concentration,
stirring speed and variable components in the media are some of the
influential factors that must be considered in the experimental design
and, therefore, investigated in a wide variety of combinations. Such
investigation would require a large number of experiments to deter-
mine the appropriate levels of the process parameters (Béchet et al.,
2017; Qiu et al., 2017; Gatamaneni et al., 2018). One‐factor‐
at‐a‐time approaches demand a lot of effort, because instead of
changing several parameters simultaneously, only one factor is tested
each time.
In contrast, Design of Experiments (DoE) approaches are more
effective. The mode of operation of DoE involves identifying correla-
tions between critical process parameters and their influence on the
final target, e.g., the product concentration or productivity (Tao
et al., 2020). Drawbacks of DoE methods include the reduction of com-
plex bioprocesses to a few key performance indicators, such as the
final product concentration, while neglecting the dynamics of growth
and metabolism (Möller et al., 2019; Kuchemüller et al., 2020). Addi-
tionally, still many experiments have to be performed and evaluated
with DoE methods (Moser et al., 2021).

To further decrease the number of experiments required and to
enable knowledge‐driven bioprocess development, a model‐assisted
DoE software providing an efficient toolbox for bioprocess design
and ‐optimization has recently been introduced (Möller et al., 2019).
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Model‐assisted Design of Experiments (mDoE) combines statistical
DoE with mechanistic modeling by using mathematical process models
to simulate most of the recommended experiments, instead of perform-
ing all experiments in the laboratory. These simulations are then trea-
ted in the DoE as performed experiments thus enabling the creation of
a well‐defined experimental space in DoE, without a need to perform
all the designed experiments. Thus, the number of experiments is sub-
stantially decreased (Moser et al., 2021).

Mathematical process models are a crucial part of mDoE and for
several knowledge‐driven bioprocess development strategies (Glassey
et al., 2011; von Stosch et al., 2016; Möller et al., 2019;
Kuchemüller et al., 2020). For phototrophic microalgae, multiple mod-
els have been published for different experimental situations, e.g., dif-
ferent types of photobioreactors (PBRs), cultivation in open ponds
under natural daylight conditions, cultivation in reactors using artifi-
cial light sources, (Tamiya et al., 1953; Yun and Park, 2003; Aslan
and Kapdan, 2006; Mairet et al., 2010; Filali et al., 2011; Concas
et al., 2012; He et al., 2012; Eze et al., 2018). Most of these models
use Monod kinetics to account for substrate limitations and photolim-
itation (Béchet et al., 2013). Some models apply an inhibition term for
algal species in which photo‐inhibition is observed (Béchet et al.,
2014; Ifrim et al., 2014). When modeling phototrophic growth,
accounting for the light shielding caused by the growing biomass con-
centration is particularly challenging and is usually implemented by
the calculation of decreasing local light intensities along the light path.
A widely used approach to solve this problem is to compute light atten-
uation by using the Lambert–Beer equation (Béchet et al., 2013). To
compute the influence of the local light intensities on the entire sys-
tem, an average light intensity is calculated by integration along the
light path, which then affects the growth rate (Béchet et al., 2014),
or various local growth rates are computed along the light path and
the average growth rate is then determined (Ifrim et al., 2014).

Building on the existing process models, the aim of this study was
to test whether the new method using the mDoE‐toolbox could be used
successfully applied to process development in the field of algae culti-
vation. The mDoE‐approach, to date, has been included in a software
tool and tested for antibody‐producing Chinese hamster ovary cell cul-
ture (Möller et al., 2020), yeast cultivation and whole cell biocatalysis
(Moser et al., 2021). To analyze the performance of the mDoE‐
approach in microalgae processes, we performed two case‐studies for
microalgae bioprocesses by using three different mathematical process
models.

In the first case study, case study A (CSA), a simplified variant of
the complex model published in Ifrim et al. (2014), was used as a
mathematical process model for mDoE. The model was previously val-
idated (Ifrim et al., 2014) and was used to evaluate the applicability of
mDoE‐toolbox to phototrophic organisms in a laboratory flat‐plate
PBR. The aim of CSA was to maximize the biomass growth of Desmod-
esmus pseudocommunis (D.pseudocommunis), while varying the factors
pH and light intensity.

In the second case study, case study B (CSB), shake flask cultivation
of Chlorella vulgaris was chosen to maximize biomass yield in a fixed
time span, while varying the intensity and duration of lighting. The
laboratory scale using shake flasks was chosen because it provides
the flexibility to perform multiple parallel experiments with different
cultivation conditions (e.g., with respect to light) and thus supports
the development of a suitable model. The experimental arrangement
in CSB comprised a shaker with adjustable lighting of the individual
shake flasks from below in an incubator with a regulated CO2 atmo-
sphere and constant temperature. For this experimental arrangement,
no validated mathematical model was available. A first cycle of mDoE
was performed by using a simple model setup based on literature
sources. In CSB, a second cycle of mDoE was performed after modifi-
cation of the model, partially on the basis of the knowledge acquired in
the first cycle of mDoE. The outcomes of mDoE from both cycles were
compared.
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2. Materials and Methods

2.1. Experiments and analytics - D.pseudocommunis in photobioreactor
(CSA)

Cultivation conditions and measurements:. The strain of D.pseudocom-
munis used in PBR cultivation was obtained from the Institute of Bio-
logical Research, Cluj‐Napoca, Romania. The microalgae were
cultivated in a modified Bold Basal Medium containing NaHCO3

(1.68 gL−1), NH4Cl (1.45 gL−1), MgSO4·7H2O (0.28 gL−1), CaCl2-
·2H2O (0.05 gL−1), KH2PO4 (0.175 gL−1), H3BO3 (0.0114 gL−1),
EDTA‐Na2‐KOH (1 mL of the stock solution with 5 g/100 mL EDTA‐
Na2 and 3.1 g/100 mL KOH), FeSO4·7H2O‐H2SO4 (1 mL of the stock
solution with 4.98 g/100 mL FeSO4·7H2O and 1 mL of H2SO4) and
1mL of trace elements solution (according to BBM recipe (Bischoff
and Bold, 1963; Andersen, 2005)). The concentration of biomass X
was measured daily by filtering 10mL of culture and weighting it after
approximately 24 h of drying in an oven at 110 °C. The dried biomass
was measured in triplicate. In addition, the concentrations of total
nitrogen and phosphorus were measured to confirm that the growth
was not limited.

Experiments:. Batch experiments of D.pseudocommunis were per-
formed in a flat‐plate air‐lift laboratory PBR (cf. Fig. 1). The PBR
had a working volume of 5 L with a culture depth of 5.4 cm. The arti-
ficial light was provided by a LED grow light panel on one side of the
reactor equipped with transparent polycarbonate panels. The PBR con-
tained sensors for pH, temperature, dissolved oxygen, dissolved carbon
dioxide and turbidity. It also accommodated nozzles for gas addition
and feed and culture evacuation, a septum for sampling with a syringe,
and a condenser.

The LED grow light panel consisted in five LED grow light chips
containing diodes for the entire visible spectrum, focusing on photo-
synthetic active wavelengths to enhance growth. The photosynthetic
active radiation (μmolm−2s−1) emitted by the light panel was mea-
sured with a LI‐COR LI‐190R quantum sensor in μmol photon m−2

s−1 and generates up to 1400 μmolm−2s−1. The light field generated
by the panel was heterogeneous and thus the average incident light
intensity was calculated by measuring the incident light at 25 points
on the lighted surface, as described in Ifrim et al. (2019). The light
panel was dimmable and could be controlled by the process computer
between 0 and 8 V, thus being calibrated for any desired average inci-
dent light intensity (I0), which was one of the experimental factors in
this case study.

The second experimental factor was the pH which was monitored
by a probe sensor (Mettler Toledo InPro 3253i). The pH was controlled
by addition of CO2 into the microalgae culture to decrease the pH. To
enable pH control, the culture medium was buffered with bicarbonate.
At a lower pH (i.e., 6.5), the chemical equilibrium of the bicarbonate‐
water system slowly shifted towards CO2 which was consumed by the
microalgae. When all bicarbonate was depleted (i.e., converted to
CO2) pH control was no longer possible, because the pH of the medium
without bicarbonate was approximately 5.

In the air‐lift reactor, the homogenization was performed by sparg-
ing gas into the culture. Because CO2 addition was insufficient for mix-
ing, a constant flow of N2 gas was added (i.e., 20 mLmin−1). Air could
have been used instead, but then the measurement of the dissolved
oxygen derived from photosynthesis would have been impossible.
The addition of N2 had a stripping effect on the dissolved gases (dis-
solved O2 from photosynthesis and dissolved CO2). Stripping the dis-
solved CO2 from the culture required additional CO2 to regulate the
pH (dissolved from the bubbled CO2 gas and converted from the bicar-
bonate through thermodynamic equilibrium) thus providing an effec-
tive mechanism to maintain a constant pH throughout batch
cultivation. The gasses were added to the reactor by means of a cera-
mic fine bubble diffuser (DY 101CC‐SERIES, AngelAqua, Busan, South



Fig. 1. Setup of the Air-lift laboratory PBR and its mounted LED grow light panel used for the cultivation of D.pseudocommunis (CSA).
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Korea) and measured and controlled by two Bronkhorst High Tech EL‐
FLOW BASE mass flow meters with control valves, with measurement
ranges of 0–100 mLmin−1 for N2 and 0–20 mLmin−1 for CO2. The
concentration of dissolved oxygen was monitored with a Mettler
Toledo InPro 6850i polarographic sensor and the concentration of dis-
solved carbon dioxide was monitored with a Mettler Toledo InPro
5000i sensor. The signals of the sensors were translated by Mettler
Toledo M800 adapters into 0–10 V analog signals. A dSpace board
acquired all signals from the sensors, flowmeters and the LED grow
light panel and stored them in databases on the computer.

Throughout the batch process, the system was thus able to maintain
constant average incident light intensity, I0, and pH, thus enabling the
formulation of a bivariate optimization problem.

The D.pseudocommunis microalgae were cultivated at room temper-
ature (between 27 and 31°C (Vanags et al., 2015)) because the poly-
carbonate panels of the PBR did not allow for the installation of a
temperature regulation system.

The incident light intensity, I0, was maintained at 400 (experiment
#1), 602 (experiment #2) and 795 (experiment #3) μmolm−2s−1,
and the pH was 6.5 (experiments #1 and #2) or 7 (experiment #3).
2.2. Experiments and analytics - C.vulgaris in shake flasks (CSB)

Cultivation conditions and measurements: The strain of C.vulgaris
used in experiments was obtained from the Collection of Algae Cul-
tures of the University of Göttingen (SAG, Germany). For cultivation,
the media proposed by Kessler and Czygan (1970) was modified on
the basis of the results of Mandalam and Palsson (1998). The modified
medium consisted of: KNO3 (3.00 gL−1), NaCl (0.47 gL−1), NaH2PO4 ·
2H2O (0.47 gL−1), Na2HPO4 · 12H2O (0.36 gL−1), MgSO4 · 7H2O
(0.4 gL−1), CaCl2 · 2H2O (0.014 gL−1), FeSO4 · 7H2O (0.006 gL−1),
MnCl2 · 4H2O (0.0005 gL−1), H3BO3 (0.0005 gL−1), ZnSO4 · 7H2O
(0.0002 gL−1), (NH4)6MO7O24 · 4H2O (0.00002 gL−1), EDTA‐Na2
(0.008 gL−1), H2O (double distilled) (1000 mL). The suppliers of all
components are listed in Table A.1 in the Appendix.

Experiments: Experiments were conducted in narrow‐necked and
unbaffled glass shake flasks (VWR, Radnor, Pennsylvania, USA) with
a volume of 500 mL. As a sterile barrier, ”Silicosen Type Super”
(Hirschmann Laborgeraete GmbH and Co. KG, Eberstadt, Germany)
steril plugs were used. The flasks were shaken on a MaxQ 2000 CO2

(Thermo Fisher Scientific, Waltham, Massachusetts, USA) orbital sha-
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ker at 100 rpm (shaking diameter: 19 mm) with a mounted custom
lighting tablet (Almostec GmbH, Perchtoldsdorf, Austria). The photo-
synthetically active radiation was adjustable between 300 and 1200
μmolm−2s−1 and controllable via timers. The temperature was set
to 25 °C, and the CO2 was set to 5% (V=V) according to commonly
used settings described in the literature (Mallick et al., 2011;
Chinnasamy et al., 2011). Each flask for the cultivation of C.vulgaris
was inoculated with a starting biomass concentration of X0 ¼ 0:1
gL−1 and a total working volume of 200 mL. Biomass concentration
X was measured by the optical density at λ ¼ 740 nm, according to
the correlation between the dry biomass X and the optical density
determined previously. All measurements were performed in
triplicates.

Samples of 7.5 mL were collected and replaced with medium to
ensure a constant working volume. To determine the nitrate concen-
tration in the samples (cN in gL−1), the method of Cataldo et al.
(1975) was used. The pH was measured with a pH‐meter (WTW, Weil-
heim, Germany). Additionally, the chlorophyll (a + b) and carotenoid
concentrations were monitored using the extraction via methanol as
described by Miazek and Ledakowicz (2013) and Wellburn (1994).
These measurements were used to survey possible metabolic changes
in the algae, as can occur with substrate limitation, but also with light
damage (bleaching), during cultivation under various light intensities
and durations.
3. Theory and Calculations

3.1. Mathematical models

3.1.1. Model for D.pseudocommunis (CSA)
Microalgae in CSA were cultivated in a PBR with constant lateral

lighting and controlled pH. The mathematical model used for the
growth of microalgae in a PBR is fairly complex and was previously
published in Ifrim et al. (2014). The global photosynthetic growth
model associates three sub‐models: a radiative model able to describe
the attenuation of light inside the culture, a biological model that
describes the main state variables of the aquatic and gaseous systems
and a thermodynamic model that quantifies all molecular and ionic
species of the NH3 ‐ CO2 ‐ H2O multi‐solute system. The thermody-
namic model is an excellent tool to calculate and simulate the pH of
the culture. The model was previously validated on a strain of Chlamy-
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domonas reinhardtii cultivated in a torus shaped PBR (Ifrim et al.,
2014). The adaptation of the model to D.pseudocommunis cultivated
on a flat‐plate PBR with small modification of the parameters makes
it a reliable benchmark for the cultivation of microalgae in photoau-
totrophic growth conditions with regulation of pH and lighting.

With the pH considered an independent variable (i.e., experimental
factor), the global photoautotrophic growth model can be simplified
by eliminating the thermodynamic model. Because the growth of
microalgae is expressed as a function of light intensity and pH (two
independent variables), the equation describing the biomass concen-
tration can be decoupled from the rest of the model and can serve as
a simple and reliable tool in the mDoE‐process. The simplified model
consists of a single differential equation for biomass concentration.

dX
dt

¼ μ X � μD X ð1Þ

The specific growth rate μ, expressed as a function of light availability
inside the culture (i.e., irradiance) and pH has the following form:

μ ¼ μmax
1
L

Z L

0
f I zð Þð Þ dz f pHð Þ; ð2Þ

where L is the depth of the PBR. The specific growth rate is averaged
over various depth according to Cornet and Dussap (2009) to address
various local light intensities. A new empirical model that describes
the kinetic of light inhibition was investigated through the following
equation:

f I zð Þð Þ ¼ Imax � Iopt
� �

I zð Þ � Iminð Þ
Iopt � Imin

� �
Imax � I zð Þð Þ e

1� Imax�Ioptð Þ I zð Þ�Iminð Þ
Iopt�Iminð Þ Imax�I zð Þð Þ ð3Þ

The advantage of this model over the conventional inhibition model, (as
introduced in Andrews (1968) and still currently used (Lee et al.,
2015)), is that the optimal irradiance Iopt is easy to handle (Cornet and
Dussap, 2009; Ifrim et al., 2014). In addition, the parameters Imin and
Imax can easily be identified because they are the limits of the irradiance
range in which the microalgae can grow (Imin is clearly zero). Given the
advantages of this model over the conventional inhibition model, we
used it with Eq. (2) in this case study. The expression of the radiative
model, explained in detail in Cornet and Dussap (2009), is:

I zð Þ ¼ I0 e�
1þαð Þ
2α Ea X z ð4Þ

with α ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffi

Ea
Eaþ2bEs

q
, mass absorption coefficient Ea, mass scattering coef-

ficient Es and back scattering fraction b.
The function describing the influence of the pH on the specific

growth rate has the following expression:

f pHð Þ ¼ pH� pHmin

pHmax � pH
e1�

pH�pHmin
pHmax�pH ð5Þ

where pHmin and pHmax are the pH‐range in which the microalgae can
grow. The optimal pH is between the two parameters.

3.1.2. Initial model (Model 1) for C.vulgaris (CSB)
In the literature, some models for PBRs have considered light inten-

sity, but must be adjusted to the particular experimental setting
(Gatamaneni et al., 2018; Fernández‐Sevilla et al., 2018; Lee et al.,
2015; Eilers and Peeters, 1988).

The initial model based on the literature consists of two differential
equations for biomass concentration X and volume V. The change in
biomass concentration over time depends on the specific growth rate
(μ), death rate (μD) and a term accounting for dilution when medium
(FM) is added (see Eq. (6a)). The differential equation for the volume
(V) includes the volume reduction when samples are collected (FS)
and the volume increase due to the addition of fresh medium (FM)
(Eq. (6b)).

The Monod kinetics for the specific growth rate μ, depending on the
average light intensity Iavg as the substrate and the half‐saturation con-
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centration of the light intensity KI of the microorganism (in this case,
C.vulgaris), was adapted from Tamiya et al. (1953) (Eq. (7a)). To
account for the light absorption of the growing algae that leads to a
decline in the incident light intensity during cultivation, the equation
for average light from Jayaraman and Rhinehart (2015) was adapted
for the shake flask setting. The depth D was defined as the average
height of liquid in the shaken flasks, ka indicates algal‐turbidity, and
the incident light IB is calculated from the light sources light intensity
Is and the light duration chosen per day, L (Eqs. (7b) and (7c)).

The entire process model is defined through the following equa-
tions: balances expressed through ordinary differential equations in
Eq. (6a) and (6b), growth rate in Eq. (7a), and average light intensity
in Eq. (7b) and Eq. (7c).

Differential equations:

dX
dt

¼ μ� μD � FM

V

� �
� X ð6aÞ

dV
dt

¼ FM � FS ð6bÞ

Growth rate, light attenuation and duration:

μ ¼ μmax �
Iavg

KI þ Iavg
ð7aÞ

Iavg ¼ IB
α � D

� �
� 1� e�α�D� � ð7bÞ

with α ¼ ka � X
IB ¼ Is � 1 t�24�b t

24c<Lf g tð Þ ð7cÞ

with indicator function 1 t�24�b t
24c<Lf g

The indicator function accounts for the light duration L and adopts
the value 1 if the condition given in brackets holds, (here if
t � 24 � b t

24c < L), the light is switched on, otherwise it has a value
of 0 when the light is switched off.

3.1.3. Modified model (Model 2) for C.vulgaris (CSB)
After the first mDoE cycle, the process model for C.vulgaris

(Model 1) was modified to Model 2 and applied in the second cycle
of mDoE.

In Model 2, an equation accounting for nitrate depletion was added
and the radiation model was thoroughly revised. The model and its
characterization for cultivating C.vulgaris in shake flasks with lighting
from below have been described in detail in Kuhfuß et al. (2022) and
are briefly explained below.

The concentration of nitrate cN was considered because it is one of
the primary nutrients required for the growth of microalgae
(Andersen, 2005). The effects of nitrate concentration were integrated
into the differential equation for biomass concentration (Eq. (9a)), and
the nitrate uptake is expressed through Eq. (9b). The equation for the
volume change (Eq. (9c)) was not altered.

Additional exploration of incident light inside the flasks during cul-
tivation led to altered equations for light attenuation, on the basis of
Cornet et al. (1997) and similarly to the model of CSA (Ifrim et al.,
2014); in Model 2, Eq. (7b) and Eq. (7c) are replaced by Eq. (10).

Accordingly, some parameters change: D is replaced by z (z∈ 0; h½ �),
whereas h is defined as the maximum height of liquid inside the flasks
for the path length of light in the flasks. Light attenuation is calculated
with the Lambert–Beer equation, introducing four new parameters: the
mass absorption coefficient Ea, mass scattering coefficient Es, back
scattering fraction b and ratio of spherical and hemispherical light
per biomass concentration and height ɛ, as defined in Cornet et al.
(1997). Consequently, α also has a new definition as the linear scatter-
ing modulus (Cornet et al., 1997).

Is in Model 1 (Section 3.1.2), which was defined as the light
intensity of the light source, is converted into the incident light
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intensity I0 before further calculation of the average light intensity Iavg.
This alteration takes into account that a substantial portion of the light
is lost on its way from the light source through the glass, owing to
refraction and scattering, before passing through the medium
(z ¼ 0). I0 can be calculated from Is through the following equation
(derived from a second degree polynomial regression based on light
measurements):

I0 ¼ 6:92þ 0:436 � Is � 8:1 � 10�5 � I2s ð8Þ

The full equations of Model 2 are as follows:

dX
dt

¼ μmax �
Iavg

KI þ Iavg
� cN
KN þ cN

� �
� X � μD � X � FM

V
� X ð9aÞ

dcN
dt

¼ �YN=X � μmax �
Iavg

KI þ Iavg
� cN
KN þ cN

� �
� X � FM � cN

V
þ FM � cN;Feed

V
ð9bÞ

dV
dt

¼ FM � FS ð9cÞ

with

Iavg tð Þ ¼ I0 � 1
ɛXh

� 1� e�ɛXh� � � 1 t�24�b t
24c<Lf g tð Þ ð10Þ

with ɛ ¼ 1þαð Þ
2α � Ea for α ¼

ffiffiffiffiffiffiffiffiffiffiffiffi
Ea

Eaþ2bEs

q
and indicator function

1 t�24�b t
24c<Lf g, as in Model 1 in Eq. (7c).

cN;Feed is the nitrate concentration of the added feed, qN is the deple-
tion rate and YN=X is a constant model parameter describing the ratio
of the maximum nitrate uptake rate and maximum specific growth
rate. KN is the Monod kinetic constant for nitrate.
3.2. mDoE-toolbox

A model‐assisted experimental design method, implemented in the
software tool ”mDoE‐toolbox” (Möller et al., 2019), was applied in this
study. With mDoE‐toolbox, mathematical process models are used to
describe the expected process variability (based on measurement
errors), which is further used to plan and evaluate DoE designs compu-
tationally. This concept was previously introduced in Möller et al.
(2019, 2020) and applied in Moser et al. (2021), and is briefly summa-
rized below. As shown in Fig. 2, the objective of the study (i.e., max-
imization of biomass concentration) is defined in the beginning and
the bioprocess is mathematically modeled on the basis of the available
process understanding (e.g., literature data and experience).

The process variability based on the measurement errors is derived
through Monte Carlo (MC) sampling (Box II). Therefore, the expected
variability of each measured variable (e.g., biomass concentration and
substrate concentration) is estimated. A DoE design is defined and the
experimental factor combinations are planned with individual bound-
ary values. Kuchemüller et al. (2020) have provided a review of vari-
ous DoE designs and a selection scheme for their definition. Each
recommended factor combination from the planned DoE is simulated
multiple times with the mathematical process model and the time
courses of the state variables are derived. The average expected
response (e.g., average maximal biomass concentration) and its vari-
ability (differences in MC simulations) are calculated from the simula-
tions. Then each defined factor combination is evaluated
computationally (Box V), response surface plots are generated for
visual assessment and only experiments with the desired outcome
are recommended to be performed. This process enables risk‐based
decision‐making for each planned experiment with respect to its sim-
ulated average and its expected variability, to simultaneously maxi-
mize the outcomes and minimize variability. If the comparison of
simulated and experimentally derived response data shows that the
applied model does not fit well, the model must be improved by using
the gained process knowledge. Then another mDoE cycle is performed
with the improved model, as described in Fig. 2 (dashed line).
106
3.2.1. Definition of design space
D.pseudocommunis in PBR (CSA)
A D‐optimal design comprising 20 design points was planned for

two factors. In CSA, the experimental factors incident light intensity
I0 and pH were considered; defining a lower and higher bound was
necessary to plan the experimental settings. The lower and upper
bounds for I0 and pH were defined respectively, as:

100 μmolm�2s�1 ⩽ I0 ⩽ 800 μmolm�2s�1 and 6 ⩽ pH ⩽ 8.
C.vulgaris in shake flasks (CSB)
In case study CSB the factors of incident light intensity I0 and light

duration per day L were selected as experimental factors. The lighting
tablet enabled regulation of lighting between 300 μmol m−2s−1 and
1200 μmolm−2s−1 by a time switch to provide a light duration rang-
ing from 1 to 24 h per day. Therefore, the lower and upper bounds for
the above described factors are given respectively, by

1 h ⩽ L ⩽ 24 h and 300 μmolm�2s�1 ⩽ Is ⩽ 1200 μmolm�2s�1.

3.2.2. MC-based uncertainty quantification for both case studies
Parametric uncertainty was determined on the basis of the assump-

tion of independent normally distributed measurement errors by using
Monte Carlo (MC) sampling. The relative standard deviation (measure-
ment uncertainty) was defined as 10% of the corresponding value for
biomass concentration in CS A and for biomass and nitrate concentra-
tions in CS B.

Then the model’s parametric uncertainty was derived according to
the experimental uncertainty by using multiple parameterization runs
(MC simulations). Because of the computational power, 100 parameter
estimation runs were performed in both case studies. Model parame-
ters were adapted by minimizing the weighted squared differences
between measured and simulated values with the Nelder‐Mead sim-
plex algorithm. To evaluate the adapted model (according to adapted
model parameters), the coefficient of determination R2 was used. This
coefficient includes the ratio of the squared sum of differences
between simulated ys;i and experimental data yi, for i ¼ 1; . . . ; n, and
the sum of squared differences between experimental data and their
mean y:

R2 ¼ 1�
∑
n

i¼1
yi � ys;i

� �2

∑
n

i¼1
yi � y

�
� �2 ð11Þ

R2 has values between negative infinity and 1. Values near 1 indicate
high agreement between the experimental and simulated data (Spiess
and Neumeyer, 2010).

3.2.3. MC-based simulation of planned experiments and computational
evaluation of experimental design for both case studies

The experiments proposed by the DoE (Section 3.2.1) were simu-
lated with a corresponding mathematical model representing the
underlying process (Sections 3.1.1 and 3.1.2.) To consider the propa-
gated experimental variability, we performed MC simulations based
on the determined parametric uncertainty as described in
Section 3.2.2. Parameter values were sampled from a Latin hypercube
space of the empirical parameter distribution by using the R‐Package
”lhs” (V1.0.2). In both case studies, 100 MC simulations were
performed. For each simulated state variable, the 10% and
90% ‐quantiles of the obtained samples were computed to define
80% prediction intervals. To determine the accuracy between pre-
dicted and experimental biomass concentration values, the percentage
error was calculated. The percentage error describes the percentage
deviation between the simulated mean and the experimental value
in relation to the experimental value, averaged over all values.

For evaluation of the experimental plan, the response values of the
MC simulation for the maximum biomass concentration of cultivation
were defined and calculated. Information on the expected response



Fig. 2. Structural workflow of mDoE-toolbox consisting of the combination of mathematical process models and classical DoE under the consideration of model
parametric uncertainty based on experimental variability, from Moser et al. (2021).
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and the corresponding degree of uncertainty were embedded within
proper desirability functions. To enable comparison, the expected
response and the corresponding measure of uncertainty were scaled
between 0 and 1. The desirability function Dmain assigns the scaled
expected response to each design point (factor combination) and the
desirability function DΔpercentile contains the scaled inverse of the width
of the corresponding 80%‐prediction interval. The inverse is taken
because a low degree of uncertainty is desired which is consistent with
a high inverse uncertainty value. Therefore, high values (close to 1)
are desired for both, Dmain and DΔpercentile. The desirability function D
combines both desirability functions, assigning the weighted sum of
Dmain and DΔpercentile to each design point, following

D ¼ Dmain þ w � DΔpercentile

1þ w
: ð12Þ

Hence, maximizing D corresponds to the goal of maximizing the
expected response while minimizing the corresponding uncertainty.

In this work, a weighting of w ¼ 0:4 was applied to give more
weight to the maximization of the expected response than to the min-
imization of uncertainty. Setting w ¼ 0:4 leads to:

D ¼ 1
1þ w

� Dmain þ w
1þ w

� DΔpercentile ð13Þ

¼ 1
1:4 � Dmain þ 0:4

1:4 � DΔpercentile

¼ 0:71 � Dmain þ 0:29 � DΔpercentile:

Thus, the contribution of Dmain is approximately 2.5 times higher than
the contribution of DΔpercentile to the desirability D.
4. Results and Discussion

The mDoE‐toolbox was tested in the design of two microalgae pro-
cesses. For the first process, CSA, a batch process for the strain Desmod-
esmus pseudocommunis (D.pseudocommunis) cultivated in a PBR was
designed; for the second process, CSB, a batch process for the strain
Chlorella vulgaris (C.vulgaris) cultivated in shake flasks was chosen.
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In both case studies, the aim was to maximize the biomass concen-
tration according to the experimental factors light intensity and pH
(CSA), and light intensity and light duration per day (CSB). In CSA,
a well established model was already available for the corresponding
experimental setup.

The second case study, CSB, investigated whether mDoE‐toolbox
could also be used if no validated model was available in advance.
For the use of mDoE, a simple mathematical model from the literature
was used for the shake flask scenario. With this first model, a first cycle
of mDoE was performed and the factor combination with the highest
yield was identified. The use of mDoE provided the process under-
standing required to improve the model after the first mDoE cycle.
Then the revised model was applied in a second mDoE cycle to inves-
tigate whether a better adapted process model might lead to different
mDoE results than the simple model. The second mDoE cycle led to
similar recommended factor combinations as the first. Thus, having
an established model is not absolutely necessary to use mDoE
successfully.
4.1. Application of mDoE-toolbox in the design of a microalgae process
using D.pseudocommunis (CSA)

In this case study, the goal was to identify the optimal combination
of two investigated factors, pH and light intensity I0, leading to a max-
imum biomass growth rate of the microalgae D.pseudocommunis, culti-
vated in a PBR. The pH is a key factor for the photosynthetic growth of
microalgae, being a result of the chemicals in the culture medium and
the CO2 sparging (Pegallapati and Nirmalakhandan, 2012). For D.pseu-
docommunis the optimal pH was assumed to be at 6.5. Although the pH
is a dependent variable, as demonstrated in Ifrim et al. (2014) (CO2 gas
is the independent variable on the CO2 ‐ pH control channel), it was
modeled here as an independent variable because it can be kept con-
stant throughout the experiments to simplify the model. The impor-
tance of pH is even greater when it is controlled by CO2 gas
sparging, because the dissolved gas is the main carbon source of the
photosynthetic microalgae.



Fig. 3. Simulated and experimental biomass concentrations after parameter
estimation (sample size 100) including 10% and 90% -quantiles for
D.pseudocommunis.
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The incident light intensity, in contrast, is an independent variable
that can be set manually at a desired value. The incident light intensity
is indispensable for photosynthesis, but it can also be inhibitory at
higher values. It was anticipated that a kinetic growth equation for
the specific growth rate, μ, would be a function of light and pH (closely
related to the total inorganic carbon in this system). The factors I0 and
pH describe the specific growth rate of microalgae as a concave uni-
modal function (Eq. (2)). The optimal set of factors can thus be iden-
tified from a response surface.

4.1.1. Parameter estimation and MC-based uncertainty quantification
As shown in Fig. 2, Box II, the model parameters Ea; μmax; μD and Iopt

of the PBR model (Section 3.1.1) and and their distributions were
identified by parameter estimation and MC sampling as described in
Section 3.2.2, on the basis of the first data set for biomass concentra-
tion. The distributions of the four estimated parameters can be found
in the Appendix (Fig. A1). The experiment was performed in batch
mode at I0 ¼ 400 μmolm−2s−1 and pH = 6.5, (Section 2.1).

The experimental biomass concentration values (dots) and the MC‐
based simulations (solid line) including 10% and 90% ‐quantiles
(dashed lines) are shown in Fig. 3.

The experiment lasted approximately 6.5 days and achieved a bio-
mass concentration of 2.8 gL−1 after 152 h of cultivation time. There-
fore, the volumetric growth rate was 0.184 gL−1h−1. The model
parameters could be adjusted well so that the simulation fits the exper-
imental values with an R2 of 0.97.

4.1.2. Computational evaluation of experimental design
After identifying the parameter values and based on the defined

experimental factors and their boundaries, we designed experiments
with mDoE‐toolbox (Box III in Fig. 2). A total of 20 experiments was
suggested and distributed in the two‐dimensional design space, and
a D‐optimal experimental design with the previously defined bound-
aries was applied, as described in Section 3.2.1. These experiments
were simulated MC‐based and with the growth model described in Sec-
tion 3.1.1. Then the desirability D was calculated and the response sur-
face was predicted, as outlined in Fig. 2 Box V. The desirability surface
illustrated in Fig. 4 showed a maximum D, indicating that the highest
biomass concentration of D.pseudocommunis, was expected for pH ⩽ 7
and I0 ⩾ 400 μmol m�2s�1.

For pH values above 7.5 and a light intensity of
I0 < 400 μmolm�2s�1, the obtained values of D were low
(D < 0:5). Therefore, for lower light intensity values and higher pH,
the expected biomass concentration of D.pseudocommunis would be
much lower than the maximum achievable biomass.

4.1.3. Performed experiments
On the basis of the outcomes of the MC simulations and the evalu-

ation of the response surface in Fig. 4, experiments in regions with a
high desirability D ⩾ 0:5 were identified. The first recommended
experiment, #2 with pH = 6.5 and I0 = 602 μmol m−2s−1, was per-
formed as well as another experiment with high desirability, experi-
ment #3, with pH = 7 and I0 = 795 μmol m−2s−1. MC
simulations including lower bounds (10%‐quantiles) and upper
bounds (90%‐quantiles) and experimental data are depicted in Fig. 5.

In the comparison of simulated and experimental values, an R2 of
0.93 and 0.8 was achieved for the recommended experiments #2
and #3, respectively. To compare the three batches, the volumetric
growth rates were calculated. The obtained results were:
0.0184 gL−1h−1 for #1, 0.026 gL−1h−1 for #2 and
0.018 gL−1h−1 for #3. Batch #2 with the factor combination
pH = 6.5 and I0 = 602 μmolm−2s−1 led to the highest volumetric
growth rate.

This result was consistent with the outcome of the mDoE (response
surface in Fig. 4). The highest D‐value concerning maximum biomass
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concentration was obtained in the region of pH = 6 to 6.5 and light
intensity of 600 μmolm−2s−1.

In all three batches, the same amounts of nutrients were added into
the culture medium. Because the pH was dependent on the bicarbon-
ate buffer, (the pH of the culture medium without bicarbonate was
approximately 5), the end of the batch coincided with the depletion
of the bicarbonate. When the buffer was depleted, the pH could no
longer be controlled, because the controller decreased the input CO2

gas to zero to prevent the decrease in the pH. When the input CO2

gas was decreased, the dissolved CO2 also decreased, and the microal-
gae stopped growing. The dissolved CO2 intake was thus proportional
to the growth rate.

Fig. 6 shows the experimental data acquired from the sensors (i.e.,
dissolved CO2, dissolved O2, input CO2 gas, pH and temperature) dur-
ing the photosynthetic growth of microalgae cultivated at pH = 6.5,
i.e., the two batches with the highest growth rates.

The depletion of bicarbonate is related with the concentration of
dissolved CO2, (Fig. 6, top left). Faster inorganic carbon intake results
in a higher growth rate, as also confirmed by the biomass concentra-
tion measurements (batch #2, blue signal, had a higher growth rate
than batch #1, red signal). The dynamics of the inorganic carbon in
the system were even more complex, but the other data indicated
the same conclusion. The input CO2 gas in Fig. 6, top right, and the
pH in Fig. 6, bottom left, (along with the previous discussed data for
dissolved CO2 and biomass concentration), indicated that a higher
growth rate was associated with a lower CO2 gas flow to regulate
the same pH = 6.5. This result occurred because the system required
less CO2 to compensate for the pH‐increase given by the remaining
bicarbonate (blue signals point toward a faster inorganic carbon intake
and hence a higher growth rate). The dissolved O2 (Fig. 6, top center)
was not associated with the inorganic carbon system, but it served as
an excellent growth indicator. At the end of each batch the dissolved
O2 abruptly decreased thus indicating the end of the batch, associated
with the depletion of the bicarbonate.

The experiment with the lowest growth rate, #3, was maintained at
a non‐optimal pH = 7, at which the photosynthetic production of O2

was very low (close to zero) and thus the data acquired by the dis-
solved O2‐probe were not relevant (not shown). The data acquired
from sensors could not be compared in the same manner as above
(i.e., #1 with #2) when the pH values differed because the molecular
and ionic species of the total inorganic carbon are pH‐dependent (the
thermodynamic equilibrium shifts toward the dissolved CO2 as the pH
decreases). However, the biomass concentration data were compara-
ble, and the volumetric growth rate could easily be determined.



Fig. 4. 3D plot showing the desirability values D (dots) for various factor combinations and the corresponding response surface for the optimal biomass
concentration of D.pseudocommunis.

Fig. 5. Performed experiments recommended by mDoE-toolbox for D.pseudocommunis, exp.#2 (left, pH = 6.5 and I0 = 602 μmol m−2 s−1) and exp.#3 (right,
pH = 7 and I0 = 795 μmol m−2 s−1), showing the MC mean (blue solid line), lower bounds (10%-quantiles) and upper bounds (90%-quantiles) and experimental
data (red dots).

Fig. 6. Experimental data acquired from the 2 batches performed on the photobioreactor with D.pseudocommunis, red for experiment #1, blue for experiment #2.
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In summary, in case study CSA, mDoE‐toolbox was successfully
applied to identify combinations of light intensity and pH leading to
a higher biomass yield for D.pseudocommunis cultivated in a PBR, as
compared with the results with application of the reference factor
combination (#1). A sole experiment was sufficient to identify the
experimental setting leading to a maximum biomass concentration,
which was a combination of pH=6.5 and I0=602 μmol m−2 s−1.
Two further experiments were performed to verify the predicted bio-
mass concentration for the recommended factor combinations and to
confirm the calculated higher growth rate. Thus, the control of pH
and light (for artificially lighted PBRs) led to higher volumetric growth
rates: the volumetric growth rate of experiment #2 was more than
twice the rates reported in the literature for D.pseudocommunis in
batch cultivation (Zhang et al., 2019) and was even higher than those
stated for a fed‐batch cultivation (Del Rio‐Chanona et al., 2019). Sev-
eral Scenedesmus ssp., from the same genus as D.pseudocommunis, have
been found to achieve only one third of the volumetric growth rate of
experiment #2, Gouveia and Oliveira (2009, 2020, 2011).
4.2. Application of mDoE-toolbox to the design of a C.vulgaris process
(CSB, first cycle, initial model)

The second case study, CSB, investigated whether mDoE‐toolbox
could also be used, if no validated model is available in advance. To
our knowledge, no mathematical model for the shake flask setting of
C.vulgaris was available, so an appropriate model needed to be identi-
fied for the application of mDoE. The model from CSA was unsuitable
because it describes a different species of algae and it is based on the
pH, which cannot be adjusted in this experimental arrangement, in
which the pH is kept in the desired range by means of buffers. In addi-
tion, the light equation in CSA contains an inhibition term, whereas
Monod kinetics is common for Chlorella, Filali et al. (2011, 2013).
For the mDoE application, a simple mathematical model was used
for the shake flask scenario, on the basis of Monod kinetics combined
with a Lambert–Beer radiation model from the literature (Tamiya
et al., 1953; Jayaraman and Rhinehart, 2015), as described in
Section 3.1.2.
4.2.1. Parameter estimation and MC-based uncertainty quantification
As illustrated in Fig. 2, Box II, model parameters and parametric

uncertainties are determined in this step by using parameter estima-
tion and MC sampling (Section 3.2.2). The data applied in this step
were gathered from the experiments described in Section 2.2. These
were performed at 300 (experiment #1), 750 (experiment #2) and
1200 μmol m−2 s−1 (experiment #3), each with 12 h of daily lighting.
The model as depicted in Section 3.1.2 contains four model parame-
ters. Three of the parameters, ka;KI, and μmax, were estimated, whereas
μD was set to 0.0018 h−1 because of its minor influence (in the litera-
ture values for μD range from 0 h−1 to 0.0056 h−1 for C. vulgaris
(Concas et al., 2012; Lee et al., 2015). The distributions of the three
estimated parameters are unimodal and can be found in the Appendix
(Fig. A2). The maxima of the distributions are approximately
49 Lg�1m�1 for ka, 0.058 h�1 for μmax and 125 μmolm−2s−1 for KI.
The estimated model parameters resulted in simulations that fit the
experimental values with an R2 of 0.84 (#1), 0.69 (#2) and
0.45 (#3). The applied model achieved better agreement between
simulated and experimental data for lower light intensities (see Fig. 7).
4.2.2. Computational evaluation of experimental design
In a next step, a total of 20 experiments were designed by mDoE‐

toolbox on the basis of the defined factors, their boundaries and the
chosen design (cf. Box III in Fig. 2). The experiments were located in
the two‐dimensional design space with the previously defined bound-
aries described in Section 3.2.1.
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These experiments were simulated with Model 1 for C.vulgaris and
the adapted model parameters, as explained in Section 4.2.1, in
combination with MC sampling. The obtained distributions for the
maximum biomass concentration (means and quantiles of prediction
bands) were used to calculate the desirability values Di for each
factor combination i (Box V in Fig. 2, and Section 3.2.3). Then a
response surface was estimated for D. Desirability values and the
corresponding response surfaces are shown in Fig. 8 (left). The most
appropriate factor combination, i.e., that leading to the highest
D (0.74), was obtained when the light intensity and duration were
equal to 1200 μmolm−2s−1 and 23 h, respectively. The designed
experiments located in the lower part of the response surface plot
for the response surfaces in Fig. 8 (left) achieved low desirability
(D ⩽ 0:5). Consequently, these experiments were not necessary to
perform.

In contrast, the designed experiments located in the upper part of
the response surface plot with Is ⩾ 750 and L ⩾ 12 promised to yield
desired results (D ⩾ 0:5). Thus, the experimental design space could
be reduced to the experimental settings located in the upper part. As
outlined in Box III in Fig. 2, the new lower and upper bounds for the
light intensity and duration were reduced to: 12 h ⩽ L ⩽ 24 h and
750 μmolm�2s�1 ⩽ Is ⩽ 1200 μmolm�2s�1. Again, a total of 20 experi-
ments were designed for the two‐dimensional experimental design
space. The designed experiments were analyzed as described in Sec-
tion 3.2.3. MC simulations were performed to compute the maximum
biomass concentration (mean and quantiles) as well as the correspond-
ing desirability value Di for each experimental setting i and the corre-
sponding response surface, as illustrated in Fig. 8, right.

According to Fig. 8, setting the light duration to L ⩾ 18 h and the
light intensity to Is ⩾ 750 μmolm�2s�1 resulted in higher desirability
(D ⩾ 0:5). Thus, the experiments located in the upper right corner
of the experimental space in Fig. 8 (right) were assumed to provide
high biomass concentrations of C.vulgaris within the defined experi-
mental design space.
4.2.3. Performed experiments
The experiments with the highest D‐values were recommended by

mDoE‐toolbox. Three of the recommended experiments were selected
to be performed and are presented in Table 1.

In Fig. 9 the experimental values of biomass concentration are com-
pared with the simulated values, including the parametric 10% and
90% uncertainty‐based prediction bands. As expected and as predicted
by the response surfaces, experiment #4 qualitatively achieved the
highest biomass concentration with 5.7 gL−1 after 165 h. The biomass
densities achieved after a cultivation time of approximately 165 h are
shown in Table 2. The mean value for four flasks from each performed
experiment is shown and compared with the mean of 100 MC simula-
tions from the model. The respective percentage error is also indicated.
The comparison in Fig. 9 shows that the model provided correct sim-
ulations during the first 72 h in case of experiment #4 and #5 and the
first 96 h in case of experiment #6. The model then overestimated the
biomass growth with a percentage error as high as 240%. The maxi-
mum biomass concentration was overestimated in all three experi-
ments with a percentage error of more than 100%. Taking into
account all six performed experiments (three for parameter estimation
and three recommended experiments), the conclusion was drawn that
the applied model required an improvement regarding the effects of
light (light intensity and light duration) on biomass growth, particu-
larly with augmented concentrations of microalgae (density) in shake
flask.

However, compared with other studies, experiments #4 and #6 led
to similar or even higher maximum biomass concentrations. Some
studies, in which C.vulgaris was cultivated under various experimental
conditions (concerning light and cultivation vessel), have reported bio-
mass densities below 1 gL−1 (Wong et al., 2016; Matos et al., 2015) or



Fig. 7. Experimental and simulated values for biomass concentration after estimation of the model parameters ka; μmax and KI for C.vulgaris Model 1. Experiments
were performed at 300 (experiment #1), 750 (experiment #2), and 1200 μmol m−2 s−1 (experiment #3), each under 12 h of daily lighting. The solid line depicts
the mean of 100 simulations and the dashed lines represent the corresponding 10% and 90%-quantiles.

Fig. 8. Desirability values D (dots) for various factor combinations and the corresponding response surface for the optimal biomass concentration of C.vulgaris for
the first iteration (before reduction of the design space, left) and for the second iteration with the reduced design space considering only the higher values of light
duration and light intensity (right).
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below 3 gL−1 (Mirzaie et al., 2016). Results comparable to those of
this study have been presented in Morschett et al. (2017), which pro-
Table 1
Factor combination (light duration L and light source intensity Is) of the three C.
vulgaris cultivation experiments out of 20, determined by mDoE-toolbox.

Experiment Light duration L [h] Light source intensity Is [μmol m−2s−1]

#4 24 1200
#5 24 750
#6 21 859
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vides a comparison of three cultivation systems and has reported a bio-
mass concentration of 5.5 gL−1 in shake flasks.

From the first round of experiments it was concluded that only
three experiments were necessary to identify the factor combinations
leading to high biomass concentrations. The experiments performed
according to the recommendation of mDoE‐toolbox confirmed
that the factor combination with the highest D (experiment #3:
1200 μmolm−2s−1 light intensity with 12 h lighting) also resulted
in very high biomass concentrations in the performed experiments,
averaging 5.7 g L−1. Another benefit was that the mDoE‐method
revealed where model improvements were necessary. Valuable process



Fig. 9. Experimental data (dots) of the three performed cultivations at 1200 μmol m−2s−1 during 24 h (#4), 750 μmol m−2s−1 during 24 h (#5) and
859 μmol m−2s−1 during 21 h (#6) compared with the simulated data from the mDoE-toolbox for the biomass concentration. The solid line depicts the mean of
100 simulations and the dashed lines represent the corresponding 10% and 90% -quantiles.

Table 2
Experimental (XExp) and simulated values (XSim) of biomass concentration (conc.) X after approximately 165 h, for different combinations of light duration L and light
source intensity Is, together with the corresponding percentage error (Perc. error) using the initial model of C.vulgaris (Model 1).

Experiment Light duration and intensity Biomass conc. at approximately 165 h Perc. error

L [h] Is [μmol m�2s�1] XExp [g L−1] XSim [g L−1] [%]

#4 24 1200 5.7 19.4 240
#5 24 750 4.4 12.6 186
#6 21 859 5.1 11.4 124
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knowledge was generated, which could be used for model improve-
ment and for a second mDoE cycle.
4.3. Application of mDoE (CSB, second cycle, re-adapted model)

The results of the first mDoE cycle showed that approximately from
day 3 onward, Model 1 did not predict biomass concentration reliably.
Model 1 probably does not provide a good description of the effects of
light intensity on biomass growth or the average light intensity itself.
In addition, another limiting factor might need to be considered. On
the basis of these assumptions, the model equation describing the aver-
age light intensity was improved and nitrate was integrated into the
model as a limiting factor.

A second mDoE cycle was performed on the basis of the improved
model for C.vulgaris cultivation in shake flasks, as summarized in Sec-
tion 3.1.3. A more detailed description and evaluation can be found in
Kuhfuß et al. (2022). The outcomes of parameter estimation and eval-
uation of experimental design are presented in the following sections.
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4.3.1. Parameter estimation and MC-based uncertainty quantification
Parameter estimation applying MC‐based uncertainty quantifica-

tion was performed according to the available data sets used in the
first mDoE cycle (experiments #1 ‐ #6, Table 1). Model parameters
(Model 2 in Section 3.1.3) concerning local light intensity and nitrate
uptake were identified in Kuhfuß et al. (2022) and were fixed in this
work. The remaining three model parameters, the maximum growth
rate μmax, death rate μD and the half saturation constant of light KI,
were estimated by applying 100 parameter estimation runs to obtain
representative distributions. In each run, two flasks for each factor
combination were sampled randomly, and a normally distributed mea-
surement uncertainty of 10% relative standard deviation was assumed.
MC simulations and experimental values for biomass concentration are
presented in Fig. 10.

The distribution of model parameters is illustrated in Fig. A3 in the
Appendix. It can be seen that Model 2 achieved a high agreement
between the simulated and experimental data for various light intensi-
ties and duration over the entire time span, not only during the first
72 h. One reason for this result may be that Model 2 contains an



Fig. 10. Comparison of the experimental and the simulated biomass concentration data with the re-adapted model (Model 2) for experiments #1 (Is =
300 μmolm−2s−1, 12 h), #2 (Is = 750 μmolm−2s−1, 12 h), #3 (Is = 1200 μmolm−2s−1, 12 h), #4 (Is = 1200 μmolm−2s−1, 24 h), #5 (Is = 750 μmolm−2s−1,
24 h) and #6 (Is = 859 μmolm−2s−1, 21 h). The solid line depicts the mean of 100 simulations and the dashed lines represent the 10% and 90% -quantiles of the
simulations. Light intensities and duration as in Table 3.
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improved term for light absorption in shake flasks when the biomass
concentration increases. Another reason may be that Model 2 consid-
ers the limiting effect of nitrate depletion (nitrate was not considered
in Model 1 because it was assumed that sufficient nitrate would be
available during the entire cultivation).

Table 3 lists the average coefficient of determination (R2) and the
average percentage error for all six factor combinations. An R2 higher
than 0.9 was found for all experiments except experiment #5 (R2 =
0.83). Compared with the percentage error obtained for experiments
#4, #5 and #6 using Model 1, a marked improvement was achieved
(28% instead of 240%, 45% instead of 186% and 22% instead of
124%, as compared with values in Table 2).
4.3.2. Computational evaluation of experimental design
The same experimental factors, boundaries and settings as defined

in the first cycle after reduction of the design space were also used in
the second cycle. With MC simulations, the desirability Di concerning
maximum biomass concentration Xmax was obtained for each experi-
mental setting i. The obtained response surface in Fig. 11 was not
exactly the same as that in Fig. 8, but high desirability values were
obtained for combinations with high light duration and high light
intensities and the maximum D was obtained for the experimental
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setting of 24 h light duration and 1200 μmolm−2s−1. Furthermore,
the change in light duration led to a larger change in D (e.g., from
0.3 to 0.7 at 800 μmolm−2s−1 or from 0.4 to 0.85 at 1200 μmolm−2 -
s−1) than changing the light intensity within the defined boundaries
(e.g., from 0.3 to 0.4 at 12 h light duration or 0.7 to 0.85 at 24 h light
duration).
4.3.3. Performed experiments
In the second cycle of mDoE, the factor combination with the high-

est D was the same as that in the first mDoE cycle, a light intensity of
1200 μmolm−2s−1 with 24 h light duration. To confirm the previous
outcome (6 gL−1 maximum biomass concentration), the experiment
was repeated (denoted by #7). The MC simulation (means, 10% and
90% ‐quantiles) based on parameter distributions determined in the
second cycle and experimental values from 12 flasks is shown in
Fig. 12.

An R2 of 0.85 and a percentage error of 0.32% was achieved for the
agreement between the measurements and predictions. In experiment
#7, a maximum biomass concentration of 6.6 gL−1 on average (range:
5.4 to 8 gL−1) was reached, and the initially identified optimal factor
combination of Is = 1200 μmolm−2s−1 and 24 h was confirmed. As
compared with that in the first experiment, #3, with lower light



Fig. 11. Desirability values D (dots) for various factor combinations and the
corresponding response surface for the maximum biomass concentration of C.
vulgaris with Model 2 (second mDoE cycle).

Table 3
Goodness of fit scores: Coefficient of determination (R2) and percentage error (Perc. error) for all six factor combinations of light duration L and light source intensity Is
for C.vulgaris after parameter estimation based on Model 2.

Experiment Light duration Light source intensity Coeff. of det. Percentage error

L [h] Is [μmolm−2s−1] R2 [-] [%]

# 1 12 300 0.94 21
# 2 12 750 0.97 14
# 3 12 1200 0.91 17

# 4 24 1200 0.96 28
# 5 24 750 0.83 45
# 6 21 859 0.97 22

Fig. 12. Simulated and experimental biomass concentration values for the
recommended experiment (1200 μmolm−2s−1 with 24 h light duration),
second mDoE cycle C.vulgaris. MC means (solid line), 10%- and 90%-quantiles
of MC simulations (dashed lines) and experimental data (dots) from 12 shake
flasks are shown.
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duration (Is = 1200 μmolm−2 s−1, 12 h), the maximum biomass con-
centration doubled.

These biomass concentrations exceeded the biomass concentrations
reported in the literature, wherein, for C.vulgaris, an average biomass
concentration of 1.5 gL−1 after 9 days was indicated, and that for dif-
ferent Chlorella ssp. was between 0.45 gL−1 and 5.6 gL−1 (Griffiths
et al., 2011). In other microalgae strains, maximum biomass concen-
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trations below 3 gL−1 have been reported, e.g., for the microalgae
Haematococcus pluvialis (Zhao et al., 2019; Zhang et al., 2016). In a
continually lighted flat‐plate bioreactor setting, a biomass concentra-
tion of 5.0 gL−1 after 4 days has been reported for cultivation of Sce-
nedesmus obtusiusculus (Koller, 2017). In summary, in the first cycle of
mDoE the experimental settings leading to a maximum biomass con-
centration, which were 1200 μmolm−2s−1 light intensity with 24 h
light duration, were determined with a minimum of experiments
(300, 750 and 1200 μmolm−2s−1‐light intensity with 12 h light dura-
tion), as compared with the 20 experiments proposed by the designed
DoE. Moreover, valuable process knowledge was generated within the
first mDoE cycle and could be used for model improvement and for a
second mDoE cycle.

Three additional experiments were performed: 1200 μmolm−2s−1

with 24 h light duration (#7), 750 μmolm−2s−1 with 24 h light dura-
tion (#5) and 859 μmolm−2s−1 with 21 h light duration (#6). These
experiments were chosen from among the recommended experiments
of the first mDoE cycle, to explore whether the biomass concentration
values predicted by the response surface of mDoE could be confirmed.
The mean values of the achieved biomass concentration in experi-
ments #5 and #6 were similar (5.0 gL−1 and 4.8 gL−1). A 12.5%
shorter light duration in experiment #6 had a similar effect on growth
as a 12.5% decrease in light intensity in experiment #5. These findings
are in agreement with the predicted desirability values of mDoE‐
toolbox.

Notably, at the beginning of this case study, no well established
model was available for the cultivation of C.vulgaris in shake flasks.
However, the mDoE method was found to be sufficiently robust to
identify the region of the factor combinations with high desirability
values. The new data from the recommended experiments were com-
pared with the output of the mathematical model, which indicated
that improvement of the model structure was necessary. The critical
process parameters were those concerning light attenuation over time.
The successful application of the mDoE approach led to advanced pro-
cess understanding and enabled the development of a convenient
mechanistic model for phototrophic growth in the shake flask setting.
In CSB the use of mDoE was a time‐saving, cost‐effective and useful
method for the design of a microalgae bioprocess. The second mDoE
cycle confirmed the findings from the first cycle regarding the experi-
ment with the highest desirability. The results indicated that the num-
ber of experiments necessary for process development can be
decreased with the mDoE‐approach, even if an established model is
not available.
5. Conclusion

The mDoE‐method, introduced by Möller et al. (2019), was evalu-
ated in the context of two microalgae processes. In the first case study
(CSA), D.pseudocommunis was cultivated in a PBR; in the second case
study (CSB), C.vulgaris was cultivated in shake flasks. In both applica-
tions of the mDoE‐method, the aim was to identify the combination of



Table A.2
Full list of model parameters and units of the models for D. pseudocommunis
(CSA) and C. vulgaris (CSB).

Parameter Definition Unit Model

X Biomass concentration gL�1 CSA
+ CSB

t Time h CSA
+ CSB

μ Specific growth rate h�1 CSA
+ CSB

μD Specific death rate h�1 CSA
+ CSB

μmax Maximum specific growth rate h�1 CSA
+ CSB

FM Medium feed rate Lh�1 CSB
FS Sample rate Lh�1 CSB
V Volume L CSB
IB Incident light intensity (Model 1) μmolm−2s−1 CSB
Iavg Average light intensity μmolm−2s−1 CSB
Is Light intensity (light source) μmolm−2s−1 CSB
I0 Incident light intensity (Model 2) μmolm−2s−1 CSB
I zð Þ Local light intensity μmolm−2s−1 CSA
Imin Minimum local light intensity μmolm−2s−1 CSA
Imax Maximum local light intensity μmolm−2s−1 CSA
Iopt Optimal local light intensity μmolm−2s−1 CSA
ɛ Ratio of spherical to hemispherical light

per biomass concentration and height
m2 kg�1 CSA

+ CSB
α Total extinction coefficient or linear

scattering modulus
m−1 or - CSA

+ CSB
ka Algal turbidity Lg�1m�1 CSB
kn Non-algal turbidity m−1 CSB
z or D Depth (system) m CSA

+ CSB
h Height m CSB
KI Light associated half-saturation

concentration
μmolm−2s−1 CSA

+ CSB
KN Uptake rate associated Monod kinetic

constant
g L−1 CS B

Ea Mass absorption coefficient m2 kg�1 CSA
+ CSB

Es Mass scattering coefficient m2 kg�1 CSA
+ CSB

b Back scattering fraction - CSA
+ CSB

L Depth of the reactor m CSA
L Light duration per day h CSB
qN Nitrate uptake rate gnitrate g

�1
biomass h

�1 CSB
q Maximum nitrate uptake rate �1 �1 CSB
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two experimental factors that led to a maximum biomass yield at the
end of cultivation. The two experimental factors were light intensity
and pH in CSA, and light intensity and light duration in CSB. In
CSA, the factor combinations of pH and light intensity, which led to
a higher biomass growth of D.pseudocommunis cultivated in a PBR,
compared with the reference factor combination, were identified after
one experiment. In that case, a previously validated model was avail-
able, and only one experiment was performed for model adaption. Two
further experiments were performed to confirm the predicted biomass
growth. The biomass growth rate was increased by 44% with respect
to the first reference experiment.

In CSB, a challenging aspect was that no well‐established model
was available to model biomass growth under the applied experimen-
tal conditions. This case study indicated that mDoE can also be applied
with a model still needing improvement. In the first mDoE cycle, a sim-
ple model based on Monod kinetics was applied, and the region within
the experimental space that produced high biomass growth was iden-
tified with only three experiments. The identified factor combinations
were consistent with the expected results and were confirmed with an
improved mechanistic model in a second mDoE cycle. During the suc-
cessful application of mDoE toolbox for bioprocess development, valu-
able process knowledge was gained regarding the interaction of
critical process parameters.

Both case studies demonstrated the advantage of the presented
mDoE‐toolbox. With this method, in contrast to classical DoE, only
very few experiments were necessary to identify improved factor com-
binations, in this case, maximum biomass growth. This process was
enabled by the embedded knowledge‐driven and risk‐based approach
of mDoE.
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Nmax gnitrate gbiomass h
cN Nitrate concentration gL−1 CSB
cN;Feed Nitrate concentration feed gL−1 CSB
YN=X Ratio of max. nitrate uptake rate and

max. specific growth rate
gnitrateg-1biomass CS B

pH pH value (system) - CSA
pHmin Minimum pH value - CSA
Appendix A

Tables A.1,A.2,A.3,A.4
Figs. A1,A2,A3
Table A.1
Medium component suppliers for C.vulgaris.

Medium component Supplier; Headquarters

KNO3 VWR Chemicals/ VWR International GmbH; Darmstadt
NaCl VWR Chemicals/ VWR International GmbH; Darmstadt
NaH2PO4 · 2 H2O Merck KGaA; Darmstadt
Na2HPO4 · 12 H2O Honeywell Riedel de Haën AG; Seelze
MgSO4 · 7 H2O Carl Roth GmbH + Co KG; Karlsruhe
CaCl2 · 2 H2O VWR Chemicals/ VWR International GmbH; Darmstadt
FeSO4 · 7 H2O Merck KGaA; Darmstadt
MnCl2 · 4 H2O Merck KGaA; Darmstadt
H3BO3 Carl Roth GmbH + Co KG; Karlsruhe
ZnSO4 · 7 H2O Honeywell Riedel de Haën AG; Seelze
(NH4)6MO7O24 · 4 H2O Merck KgaA; Darmstadt
EDTA-Na2 VWR Chemicals/ VWR International GmbH; Darmstadt
H2O (bidistilled) Produced locally

pHmax Maximum pH value - CSA
pHopt Optimal pH value - CSA

Table A.3
List of abbreviations.

CSA or CSB first (A) or second (B) case study
C.vulgaris Chlorella vulgaris
DoE Design of Experiments
MC Monte Carlo
mDoE Model-assisted Design of Experiments
PBR photobioreactor
SAG Collection of Algae Cultures of the University of Göttingen
D.pseudocommunis Desmodesmus pseudocommunis
V=V volume per volume
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Table A.4
List of symbols.

Symbol Meaning Unit

α Total extinction coefficient or linear scattering modulus m−1 or -
ɛ Ratio of spherical to hemispherical light per biomass concentration and height m2 kg�1

λ Wavelength nm
μ Specific growth rate h−1

μD Specific death rate h−1

μmax Maximum specific growth rate h−1

b Back scattering fraction -
cN Nitrate concentration gL−1

cN;Feed Nitrate concentration feed gL−1

D (Di) Desirability (for the i-th factor combination) -
DΔpercentile Desirability containing the scaled inverse of the width of the prediction band -
Dmain Desirability containing the scaled expected response -
Ea Mass absorption coefficient m2 kg�1

Es Mass scattering coefficient m2 kg�1

f ðÞ Function -
FM Medium feed rate Lh−1

FS Sample rate Lh−1

h Height m
IB Incident light intensity μmolm�2 s�1

Iavg Average light intensity μmolm�2 s�1

Is Light intensity of the light source μmolm�2 s�1

I zð Þ Local light intensity μmolm�2 s�1

Imax Maximum local light intensity μmolm�2 s�1

Imin Minimum local light intensity μmolm�2 s�1

Iopt Optimal local light intensity μmolm�2 s�1

I0 Incident light intensity μmolm�2 s�1

i index for factor combination -
j index for one of n chosen variables -
ka Algal turbidity Lg−1m−1

KI Half-saturation concentration light μmolm�2 s�1

KN Uptake rate associated Monod kinetic constant gL−1

kn Non-algal turbidity m−1

L Light duration (CSB) or depth of reactor (CSA) h or m
pH pH value (system) -
pHmin Minimum pH value -
pHmax Maximum pH value -
pHopt Optimal pH value -
qN Nitrate uptake rate gnitrate g

�1
biomass h

�1

R2 Coefficient of determination -
t Time h
V Volume L
w Weighting factor in calculation of D -
X (Xmax) (Maximum) biomass concentration g L−1

yi Measured y value for the i-th data point -
ys;i Simulated y value for the i-th data point -
Ȳ Mean of experimental values -
YN=X Ratio of maximum nitrate uptake rate and maximum specific growth rate gnitrate g

�1
biomass

z or D Depth (system) m
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Fig. A1. Distribution of the estimated parameters of 100 randomly sampled and performed estimations for the parameters Ea; μmax; μD and Iopt for the D.
pseudocommunis model.

Fig. A2. Distribution of the estimated parameters of 100 randomly sampled and performed estimations for the parameters ka; μmax;KI and μD for the first C.vulgaris
model.
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Fig. A3. Distribution of the estimated parameters of 100 randomly sampled and performed estimations for the parameters μmax; μD and KI for the improved C.
vulgaris model.
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