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Abstract: In recent years, monoclonal antibodies (mAbs) are gaining a wide market share as the
most impactful bioproducts. The development of mAbs requires extensive experimental campaigns
which may last several years and cost billions of dollars. Following the paradigm of Industry 4.0
digitalization, data-driven methodologies are now used to accelerate the development of new bio-
pharmaceutical products. For instance, predictive models can be built to forecast the productivity
of the cell lines in the culture in such a way as to anticipate the identification of the cell lines to be
progressed in the scale-up exercise. However, the number of experiments that can be performed
decreases dramatically as the process scale increases, due to the resources required for each experi-
mental run. This limits the availability of experimental data and, accordingly, the applicability of
data-driven methodologies to support the process development. To address this issue in this work we
propose the use of digital models to generate in silico data and augment the amount of data available
from real (i.e., in vivo) experimental runs, accordingly. In particular, we propose two strategies for
in silico data generation to estimate the endpoint product titer in mAbs manufacturing: one based
on a first principles model and one on a hybrid semi-parametric model. As a proof of concept, the
effect of in silico data generation was investigated on a simulated biopharmaceutical process for the
production of mAbs. We obtained very promising results: the digital model effectively supports the
identification of high-productive cell lines (i.e., high mAb titer) even when a very low number of real
experimental batches (two or three) is available.

Keywords: data augmentation; monoclonal antibodies; bioprocess development; digitalization;
machine learning; hybrid modeling; first principles modeling

1. Introduction

Monoclonal antibodies (mAbs) are a class of recombinant proteins utilized against
human immunological and oncological diseases, which are typically produced at the
industrial level in fed-batch cultures of mammalian cells, engineered to secrete the protein
of interest [1]. In the last few years, mAbs are gaining a lot of interest: they comprise
over one-half of the biopharmaceutical approvals by regulatory agencies, and their market
passed the threshold of USD 120 billion in annual sales [2] expecting to reach USD 140 billion
in 2024 [3]. However, the development of new monoclonal antibodies is a time-consuming
and resource-intensive procedure [1,4], which usually requires many years and large
investments from biopharmaceutical companies [5,6]. In fact, experiments on mammalian
cells may last several weeks and cost tens of thousands of dollars each. For this reason, the
number of performed experimental runs is often limited. Furthermore, while scaling up
the process, the number of experiments gradually decreases because the cost of a single
experimental run increases with the process volume. Hence, the number of experimental
runs decreases from several dozens, if not hundreds, at the milliliter scales to 12–24 at a
shake-flask scale, while a couple of runs only are typically performed at the pilot scale [4].
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Following the wave of digitalization in Industry 4.0, large amounts of data (e.g., culture
variables from high throughput technologies [7], and omics data such as transcriptomics [8]
or metabolomics [9]) are usually collected from all the stages of the scale-up. The wealth of
information contained in the experimental data can be extracted to support the mAbs de-
velopment through machine learning [9,10]. In particular, different data-driven techniques
were demonstrated to be effective to: (i) understand the similarity among bioreactors at
different scales and improve the similarity between scales in the scaled-down [11]; (ii)
predict the mAbs concentration at harvest allowing to identify the parameters that promote
or suppress production [12]; (iii) estimate the mAbs quality and interpret the relationship
between process and product when coupled with genetic algorithms [13]; and (iv) capture
very complex biological relationships through neural networks coupled with first principles
models of the culture environment and accurately predict the mAbs quality attributes [14].
Despite their efficacy, data-driven methods suffer when the number of available data is
limited [15]. In this case, the main driving forces and correlations in the data cannot be
reliably captured due to sample underrepresentation and the large biological variability.
Furthermore, the estimation performance of data-driven models degrades with few data,
and models become prone to overfitting and sensitive to outliers [16]. For this reason, the in-
dustrial practice is to switch to univariate modeling [16]. Since biopharmaceutical processes
are intrinsically multivariate, univariate techniques provide only a poor representation of
the system under investigation and may fail to understand the complex correlation among
critical process parameters (CPPs) and critical quality attributes (CQAs) [17]. For this
reason, elaborating alternative strategies to overcome the limitation of a restricted amount
of data from few experiments is of paramount importance to accelerate the process/product
development without increasing the experimental burden.

In this respect, the generation of in silico data is a possible solution to the limited data
problem. For example, in the fields of artificial intelligence and image processing [18,19],
data augmentation was successfully applied to industrial microelectronic and chemical
processes [20,21]. In silico data may be generated artificially either by perturbing the
available data points or by combining them if no prior knowledge of the process is available.
The data augmentation by means of perturbation can be performed simply by adding
Gaussian noise to the available data points [22,23]. Furthermore, the available data can be
linearly combined to generate new artificial samples [24]. As an alternative, prior process
knowledge can be exploited for the purpose of data augmentation and in silico batch
generation by building a digital version of the process. For example, a hybrid mechanistic–
empirical model was built to explore different settings and scenarios for a large-scale
fed-batch mammalian cell culture producing a therapeutic antibody [25]. A Gaussian
process state-space model coupled with a resampling from the high-frequency acquisition
system was used to generate in silico samples and improve the multivariate monitoring of
biopharmaceutical batch processes [26]. Moreover, generative adversarial neural networks
were used to generate in silico single-cell RNA sequence data for biomedical research [27].

Despite considerable effort being made to solve the problem of limited data availability,
the research and application of in silico model-based data generation in the biopharma-
ceutical industry is still an open issue. In this field, overcoming the limited availability of
data in a digital manner can significantly reduce the experimental burden and develop-
ment timelines, allowing for a reduction in the cost of life-saving drugs and making them
available to patients earlier.

In this work, we show how, in the development of monoclonal antibodies, the applica-
tion of different strategies for in silico batch generation can improve the identification of cell
lines with the desired CQA (i.e., high mAb titer) in the scenario of limited available data.
Specifically, we propose the use of two approaches based on the following digital models:
a first principles model [28], and a hybrid semi-parametric model [29]. The proposed
methods for data augmentation will be applied to the case study of a simulated process for
mammalian cell culture [30] for the purpose of improving the estimation of mAb titer.
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The rest of the paper is organized as follows: Section 2 describes the general framework
of the proposed procedure for in silico data generation, the (simulated) process, the digital
models used for in silico batch generation, and the multivariate modeling used for the
estimation of mAb titer at harvest; Section 3 reports the mAb titer estimation performance
in a data-poor scenario and the capability of understanding the process evaluated for both
in silico data generation strategies; and Section 4 contains the final remarks and future
perspectives of this study.

2. Materials and Methods
2.1. Methodological Procedure

The methodological procedure for the in silico data augmentation with digital models
(Figure 1) goes through the following steps:

• Step 1—Experimental campaign on the mAbs production process: batch data are
obtained from experiments performed on the development scale of the process under
study according to the availability of resources. In this work, we consider a simulated
process for the production of mAbs at the shake-flask scale (Section 2.2);

• Step 2—In silico batch generation from a digital model: data on real batches are utilized
through digital models of the process to drive the generation of in silico batches with
a wider variety of behaviors. In particular, two alternative modeling strategies are
adopted in this work: a first principle digital model (Section 2.3) and a hybrid digital
model (Section 2.4);

• Step 3—Multivariate data-based modeling: all the available data (both the ones from
the process and the ones generated in silico) are fed to a data-based model to support
the process development and scale-up. In this work, process and in silico generated
batches are regressed to estimate a CQA (i.e., mAb titer at harvest) through multivari-
ate latent variable modeling (Section 2.5). In this way, the multivariate models exploit
the data of a few process batches and the additional process knowledge extracted from
the in silico generated batches, to make estimations of cell behavior for new samples
from the culture variable time trajectories. Such estimations, especially in the presence
of biological variability in the batches, are not feasible with the digital models of the
process, which can only estimate the culture variable trajectories when the inputs
(i.e., process initial conditions, feed composition, and scheduling) are manipulated
given the biological characteristics already hardcoded in the digital model parameters.
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2.2. Process for the Production of Monoclonal Antibodies

We consider a simulated cell culture process for the production of mAbs in fed-batch
mode at a shake-flask scale. The process is based on the well-established human embryonic
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kidney (HEK) cell first principles model [30]. The available culture variables are: viable cell
concentration (VCC); nutrients (i.e., glucose and glutamine); by-products concentrations
(i.e., lactate and ammonia); and mAbs titer (i.e., antibody concentration).

The variability among batches lies in the different cultured cell lines, which are simu-
lated to display different specific productivity, QP= [mAb]T/

∫ T
0 [X v]dt, where [mAb]T is

the mAbs titer at harvest and [X v] is the viable cell concentration along the batch (cell/L).
For this purpose, the HEK model parameters are sampled from normal distributions with
mean and standard deviation reported in Appendix A Table A1. These values are adjusted
from the reference parameters found in the HEK model reference [30] in such a way as to
obtain a variability of the batch time trajectories that mimic the dynamic behavior of real
experimental batches at that scale. Furthermore, measurement error is simulated by adding
~6% white noise to the culture variables’ profiles, accounting for the typical measurement
uncertainty of analytical equipment.

An experimental campaign is carried out in 0.2 L cultures with an inoculation seed
density of 2× 108 cell/L. The initial media composition is set to 25.1 mM of glucose and
5.1 mM of glutamine. Feeding is performed every 20 h starting from 10 h after cell seeding
by feeding 0.00875 L in 10 min. The feed composition is set to 50 mM of glucose and 10 mM
of glutamine. The measurement sampling is performed prior to the feeding through a
0.0015 L withdrawal from the culture in 10 min, resulting in 10 measurement sampling
points during the batch.

All the considered experimental batches satisfy the following conditions: (i) the final
mAbs titer is below 5000 mg/L; (ii) the peak of VCC is reached after 50 h; and (iii) the
specific productivity is in the range 0–20 pg/(cell·day).

The available data are concerned with 100 batches, which are organized in: matrix
XPC = [100 batches× 5 variables× 10 time points] that contains the time profiles of all
the culture variables; and vector yPC = [100× 1] that contains the mAbs titer at harvest
(time point 10). These data are used in different ways to calibrate digital and multivari-
ate models. Similarly, 10 validation batches are available and organized in the matrix
XPV = [10× 5× 10] for process data and vector yPV = [10× 1] for mAbs titer. These
validation batches are used to test the estimation performance of the multivariate models.

In this study, a simulated process is selected, not only because it reduces the time
and cost of the experimental campaign, but also because it allows a full knowledge of the
relationship between CPPs and CQAs, and better control of both the process behavior and
the biological diversity in the experiments.

2.3. Modeling Strategy 1: First Principles Digital Model

The first principles digital model (FPDM) is a modified version of the simplified math-
ematical model proposed by del Val et al. (2016) describing a fed-batch mAbs production
process [28]. The culture variables described by the FPDM are VCC, glucose, lactate, and
mAbs titer. The FPDM is modified with respect to the original model to better resemble
the process. In fact, in the original model [28] cells grow until glucose is available in the
culture and this causes a substantial difference between the behavior of the model and
the process. This makes the original model unusable for the generation of batches that
conform to the ones of the process. Accordingly, we added a simplified material balance for
glutamine, and introduced growth limitation at low glutamine concentration and glucose
consumption limitation at reduced cell growth.

The simplified material balance for glutamine is defined as:

d(VccGLN)

dt
= −

(
µg

Yx,gln

)
XvVc (1)

where Vc is the liquid volume in the culture (L), cGLN is the glutamine concentration (mM),
µg is the specific growth rate (h−1), and Yx,gln is the cell yield on glutamine (cell/mmol).
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In order to account for the effect of glutamine on cell growth, a limiting factor flim is
added to the specific growth rate expression:

µg= µg,max

(
cGLC

Km,glc+cGLC

)
− Xv

αx
flim (2)

where µg,max is the maximum specific growth rate (h−1), Km,glc is the Monod constant for
the growth on glucose (mM), αx is the cellular carrying capacity (cell/mmol), and cGLN is
the glucose concentration (mM). The limiting factor flim is defined as:

flim =
cGLN

cGLN+kgln
(3)

where kgln is the Monod constant for glutamine (mM). The limiting factor flim decreases
with the glutamine concentration, reducing cell growth when the glutamine decreases.

To limit the glucose consumption with reduced cell growth, the glucose material
balance is modified as:

d(V ccGLC)

dt
= FincGLC,in− FoutcGLC − qglc[X v]Vc

(
flim+Kglc

)
(4)

where cGLC,in is the glucose concentration in the feeding stream, Fin and Fout are the
inlet and outlet flow rates of the bioreactor (L/h), respectively, qglc is the specific glucose
consumption rate (mmol/(cell·h)) and Kglc (−) is the glucose maintenance constant.

In Silico Batch Generation through First Principles Digital Model

The FPDM is used for in silico batch generation. The reference parameters for FPDM
are estimated from the reference process batch (i.e., obtained using the reference process pa-
rameters from Kontoravdi et al., 2010 [30]). In silico batches are generated by sampling the
parameter values from a normal distribution with mean and standard deviation reported
in Appendix B Table A2. These distributional parameters are heuristically determined to
generate batches with a variability slightly larger than the one observed in the process
batches. An example of in silico generated batches is reported in Figure 2: Figure 2a shows
the time profile along the entire batch duration for viable cells concentration, and Figure 2b
shows the time profile along the entire batch duration for mAbs concentration.
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This strategy is used to generate 100 in silico batches. The generated variables profiles
are subsampled in the same 10 time points in which the process measurements are available.
The resulting data are organized in matrix XFPDM = [100× 4·10], which contains the time
profiles of the culture variables, and vector yFPDM = [100× 1], which contains the mAbs
titer at harvest.

2.4. Modeling Strategy 2: Hybrid Digital Model

The hybrid digital model (HDM) is a hybrid semi-parametric model [29,31–33], whose
considered culture variables are VCC, glucose, glutamine, lactate, ammonia, and mAbs titer.

The HDM has the serial structure [34,35] reported in Figure 3, with a mechanistic
section describing the material balances of the chemical species and an artificial neural
network (ANN) [36] to estimate the complex and unknown kinetic expressions from cell
culture experimental data.
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The HDM comprises the material balances for the culture variables of interest
c [V× 1] = [c XV

, cGLC, cGLC, cLAC, cAMM, cmAb

]
as:

d
dt



Xv
cGLC
cGLN
cLAC

CAMM
cmAb

 = µmax



Xv 0 0 0 0 0
0 −Xv 0 0 0 0
0 0 −Xv 0 0 0
0 0 0 Xv 0 0
0 0 0 0 Xv 0
0 0 0 0 0 Xv





µXv
µGLC
µGLN
µLAC
µAMM
µmAb


= µmaxH(c)µ(c∗, Ω)x

(5)

where µmax [37] is the vector of the maximum specific rates of production/consumption
for each culture variable (reported in Appendix B Table A3), µ(c ∗ , Ω) = [µXV

, µGLC,
µGLC, µLAC, µAMM, µmAb] is the vector of the specific production/consumption rates esti-
mated by the ANN, H(c) [V × V] contains the known kinetic expressions, and
c∗= [X v, cGLC, cGLC, cLAC, cAMM] is the reduced concentration vector used as input for
the ANN.

The matrix H(c) contains all the known mechanistic information for the calculation
of the reaction rates in Equation (5). In this work, the known mechanistic part of the
reaction rates, H(c), has no fitted parameters. H(c) accounts for the dependence of the
reaction rates on the cell concentration Xv and the apparent stoichiometric coefficient,
which indicates if a metabolite is produced or consumed. The maximum specific rates of
production/consumption µmax are constant parameters heuristically set in preliminary
studies to appropriately scale the ANN outputs in the desired experimental ranges.
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The vector of specific production/consumption rates is modeled through an artificial
neural network. In particular, a two-layer ANN is used to estimate the specific production
and consumption rates from the reduced concentration vector c*. The selected ANN has a
10-neurons hidden layer with a hyperbolic-tangent activation function and a linear output
layer with 6 neurons (i.e., given by the dimension of µ). The mathematical expression of
the ANN is:

µ(c * , Ω) =ω(2)tan h(ω (1)c∗+ω(1)
0 ) +ω

(2)
0 (6)

where ω is the weight vector, ω0 is the bias vector and the superscript (1) and (2) refer
to the hidden and output layer, respectively. In this case, it is assumed that the specific
production/consumption rates do not depend on the mAbs titer while depending on the
number of cells, nutrients, and by-products in the culture.

The hybrid model identification is performed through the sensitivity method [31,35],
by backpropagating the errors in the concentration space through the model. In this work,
the normalized sum of squared errors (SSE) between the measured concentrations cv and
the ones calculated by the HDM, ĉv, is directly minimized as:

argmin(SSE)= argmin

(
T

∑
t=1

V

∑
v=1

(ĉv(t)− cv(t))
2

σv
+λreg‖µ‖

)
(7)

where σv is the standard deviation of the v-th process variable calculated over the training
data, cv is the measured concentration of the v-th culture variable at the t-th time instant,
ĉv is the calculated concentration of the v-th culture variable at the t-th time instant, and
λreg is a regularization term [38], which is added to aid training convergence. In this work,
the error backpropagation is performed by calculating the gradient of the concentration
errors (i.e., SSE) with respect to the ANN weights, because the hybrid model does not
contain any mechanistic parameter to be fitted and the only adjustable parameters are the
ANN weights. The gradient of the concentration errors (i.e., SSE) with respect to the ANN
weights is calculated as:

∂SSE
∂Ω

=
T

∑
t=1

V

∑
v=1

(c̃v(t)− cv(t))
2
(

∂c
∂Ω

)
t

(8)

where (∂c/∂ Ω) t is the gradient of the concentrations with respect to the ANN weights,
calculated with the sensitivity method [31].

An Adam optimizer [39] is then used to adjust the ANN parameters according to the
calculated gradient. The hybrid model is trained for 400 iterations with a learning rate
η = 10−3, and subsequent 300 iterations with a learning rate η = 10−4. Prior to the training,
the ANN weights are initialized by sampling from a normal distribution N(0,σ) where
σ = 0.01.

The integration of the HDM is performed stepwise between the feeding time points. A
bolus feeding of glucose and glutamine (consistent with the training batches) is simulated
by updating the initial concentration after the feeding according to [29]:

cf(t
+) = cf(t

−) + ∆cf(t) (9)

where cf(t
+) is the concentration of nutrient f after the feeding, cf(t

−) is the concentration
of the nutrient f before the feeding and ∆cf(t) is the change in concentration of the nutrient
f (i.e., GLC or GLN) due to the feeding at time instant t.

2.4.1. In Silico Batch Generation through Hybrid Digital Model

The HDM is used for in silico batch generation as an alternative to FPDM. First, the
HDM is trained on 10 batches [40], which are selected from XPC to cover a sufficient range
of process variability. Then, in silico batches are generated by changing the maximum
specific rate of production/consumption µmax, which is kept constant during training.
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The values of µmax are sampled from a normal distribution with mean and standard
deviation reported in Appendix B Table A3. These values are heuristically selected, based
on preliminary tests, to cover a sufficiently large variability around the process batch
profiles, while preserving similarity with them. An example of the batches generated by
the HDM is shown in Figure 4.
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This strategy is used to generate 100 in silico batches, 10 from each batch used to train
the HDM. The generated variables profiles are subsampled in the same 10 time points
in which the process measurements are available. The resulting data are organized in
XHDM = [100 × 5 × 10], which contains the time profiles of the culture variables, and vector
yHDM = [100 × 1], which contains the mAbs titer at harvest.

2.5. Multivariate Predictive Modeling

In this study, multi-way partial least squares regression (MPLS) [41] is used to estimate
the CQA, namely, the mAbs titer at harvest, from the multi-dimensional datasets of the
correlated culture variables (both real and generated in silico) time trajectories.

MPLS consists of a proper unfolding of the data followed by standard PLS modeling.
Batch-wise unfolding is performed in this study to capture the correlation between the

culture variables’ time profiles and the response together with the cross-correlation between
culture variables at different time points. In batch-wise unfolding, the two-dimensional
slices at each time point k = 1, 2, . . . , K of the matrix X [N × V × K], Xk [N × V], where
N is the number of batches and V is the number of variables, are horizontally concatenated,
resulting in two-dimensional matrix X = [N × V ·K] = [X 1, X2, . . . , Xk, . . . , XK]. Accord-
ingly, the matrices XPC, XPV, XFPDM and XHDM are unfolded in the bidimensional matrices:
XPC= [100 × 5 ·10], XPV= [10 × 5 ·10], XFPDM= [100 × 4 ·10], XHDM= [100 × 5 ·10].

Partial least squares regression (PLS) [42] is a multivariate statistical linear regression
technique that identifies the directions of maximum covariance between a regressor matrix
X = [N × V ·K] and a response matrix Y = [N × M], where M is the number of response
variables. PLS decomposes both the regressor and response matrices into a common latent
space of orthogonal latent variables (LVs). In this study, X and Y are auto-scaled to zero
mean and unit variance (i.e., by subtracting to each column its mean value and dividing
each column by its standard deviation). PLS decomposes the auto-scaled matrices X and
Y as:

X = TPT + E, (10)
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and
Y = TQT + F, (11)

with
T = XW*, (12)

where T = [N × A] is the scores matrix that captures the relationships among batches accord-
ing to the features of the covariance between X and Y; P = [V ·K × A] and Q = [M × A]
are the loadings matrices which capture the relationships among the variables’ dynamics
in X and variables in Y, respectively; E = [N × V ·K] and F = [N × M] are the residual
matrices for X and Y, respectively, which contain the information that is not described by
the model; W* is the weights matrix, which directs the scores to be the most predictive
for the response Y; A is the number of selected LVs; and the superscript T represents the
transpose operation. In this work, the selected number of latent variables is A = 2 which
minimizes the estimation error of the responses in cross-validation [43].

PLS is used to estimate the response variable Ŷ for a set of I new batches, whose
predictors Xnew = [I × V ·K] are known, from:

Ŷ = XnewW*QT, (13)

To improve PLS estimations, variable selection [9,44] is used, in such a way as to
identify and retain in the model only the variables with the largest information content on
the mAbs titer and exclude the other variables. Variable importance is assessed through
the variable importance in projection (VIP) [45] index:

VIPv =

√
V·K·∑A

a=1 R2
Y,aw2

v,a√
∑A

a=1 R2
Y,a

(14)

where R2
Y,a is the Y variance captured by the a-th latent variable and wv,a is the weight

corresponding to the a-th LV and v-th X variable. In this work, the selection of variables
with VIP > 1 is performed over a 100-iteration Monte Carlo cross-validation; only variables
with high selection frequency (i.e., 80% of the iterations with VIP > 1) are considered
informative for the estimation and used to recalibrate the model.

The mAbs titer estimation performances are evaluated through the mean absolute
estimation error (MAPE):

MAPEm =
∑I

i=1

∣∣∣ym,i − ŷm,i

∣∣∣
I

(15)

where ŷm,i is the estimation of the m-th response variable for the i-th batch and ym,i is the
measured value.

When process data only are utilized for the titer estimation the model calibration
matrices X and Y are obtained from XPC and yPC. As an alternative, when few data are
available from process data and in silico generated batches are used in PLS modeling
to augment the calibration dataset, data from the digital model XFPDM and yFPDM (or
XHDM and yHDM) are vertically concatenated to the available process data in XPC and
yPC to create augmented matrices X and Y. Hence, the number of batches that is used
for the model calibration is much larger than the number of batches available from the
process. Autoscaling is applied as a data normalization preprocessing directly on the
augmented matrices X and Y. Note that in this study the process and the digital models
have very similar statistical characteristics and separate preprocessing did not improve
model performance. However, if in silico generated data showed different statistical
characteristics with respect to process data, separate and specific preprocessing would
be required.
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3. Results and Discussion

The results are organized as follows. First of all, the mAbs titer at harvest estimation
performance is presented when only the process batches are available and then compared
to the performance when the in silico generated batches are present. Furthermore, the
ability to identify the most influential CPPs for mAbs productivity is discussed critically
for both the model on the process batches and the improved models with augmented data.

3.1. Monoclonal Antibodies Titer Estimation

In this section, we analyze the performance of an MPLS that estimates the mAbs titer
at harvest when only the process batches are used (i.e., base case). Then, this model is
compared to the one in which process data are augmented with the in silico batch data
generated through the digital models.

3.1.1. Titer Estimation Performance and Sensitivity to the Available Number of Process
Calibration Batches

Here, we analyze the estimation performance of the MPLS model and assess the
sensitivity of its estimation performance to the number of process batches available
for calibration.

For this purpose, we iteratively increase the number of calibration batches from 3 to 50,
by randomly extracting them from XPC and yPC. This extraction is repeated 20 times for each
number of calibration batches. At each step, a 2 LVs MPLS model is built with the available
calibration batches and validated with XPV and yPV. The titer estimation performance for
the validation dataset and its sensitivity to the number of calibration batches are examined
in terms of MAPE (averaged over the 20 iterations) as a function of the number of batches
used to calibrate the MPLS model (Figure 5). As expected, MAPE (black dashed line in
Figure 5) decreases with an increasing number of calibration batches. In particular, with
more than 20–25 calibration batches, the MAPE average stabilizes around 210 mg/L, which
is a good estimation performance, because it is comparable to the measurement error of
~150 mg/L. The MAPE increases when less than 20 batches are used for calibration and
reaches large values when the number of batches is lower than 10 (MAPE > 230 mg/L).
Note that a substantial increase of the estimation error is observed exactly in the range
of experimental runs typically performed at the shake-flask scale, which spans between
12 and 24. Due to these inaccurate estimations, the identification of cell lines meeting the
target mAb titer to be progressed in the scale-up becomes much more difficult, especially
when the number of available experimental runs approaches 10. Furthermore, it should be
highlighted that with less than 10 batches the model performance is inaccurate.

Furthermore, the MAPE variability (in terms of the 95% confidence region of the
Gaussian MAPE distribution over different iterations, grey shaded area in Figure 5) in-
creases with a low number of available batches. This indicates that the lower the number
of calibration batches, the more the estimation performances are erratic and depend on
the batches included in the model. In fact, if the model is calibrated on a small number
of batches, the limited portion of the wide process variability captured by the model is
insufficient to correctly describe new batches whose operating conditions may be far from
the ones of a limited calibration dataset.

For this reason, the generation of in silico batches could be valuable to widen the
variability in calibration data and cover new portions of variability which cannot be
included in a limited set of calibration batches. This will eventually improve the estimation
performance, providing an invaluable benefit to the selection of high-productive cell lines,
especially when the number of available batches is lower than 10. Since this case is often
encountered in the biopharmaceutical industry at the scales of shake flasks and stirred
bioreactors, where the typical number of available batches ranges between 1 and 8, in the
following, we will focus on this range of batches available from the process.
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3.1.2. Effect of Data Augmentation on the Estimation Performance

In this section, we assess the sensitivity of the MPLS estimation performance to the
number of calibration process batches when data are augmented through in silico batches.

For this purpose, we iteratively increase the number of process calibration batches
from 1 to 8, randomly extracted from a subset of 10 batches contained in XPC and yPC (the
same 10 batches used for the training of the HDM, Section 2.4.1) to inspect the range of
available process batches in which unsatisfactory performances were observed in the base
case (Section 3.1.1). The extraction is repeated 20 times for each number of process batches.
At each step, a 2 LVs MPLS model is built with the available process batches concatenated
either: (i) with 30 FPDM in silico generated batches randomly extracted from XFPDM and
yFPDM; or (ii) with the 10 HDM in silico batches from XHDM corresponding to each process
batch used in MPLS calibration. The number of in silico batches is selected to increase the
variability in batch behavior without overwhelming the information provided by process
data. At each repetition, the MPLS models are then validated with XPV and yPV. In all
the cases, only the most important variables for the estimation are included in the models.
Details about the selected variables will be given in the next section.

We compare the MAPE distributions in the estimation of the mAbs titer at harvest
obtained through MPLS models built on: (i) process batches; (ii) process batches plus FPDM
in silico generated batches; and (iii) process batches plus HDM in silico generated batches.

The MAPE distributions in the 20 repetitions are reported in Figure 6 as a function
of the number of calibration process batches through boxplots. The boxes represent the
25◦ and 75◦ percentile with the median value; the dots represent the mean value of the
MAPE; the error bars represent the 95% confidence intervals; and the diamonds represent
errors outside the 95% confidence intervals. In Figure 6, green boxes represent the error
distribution of the base case; red boxes represent the error distribution of the FPDM data
augmentation strategy; and blue boxes represent the error distribution of the HDM data
augmentation strategy.

In the base case, MAPE decreases with the number of available process batches,
reaching ~180 mg/L when 8 process batches are used for model calibration (note that this
value differs from Section 3.1.1 because the variable selection is applied here, indicating
that variable selection improves the estimation performance).
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dots represent the mean value of the MAPE, the error bars represent the 95% confidence intervals,
and the diamonds are errors outside the 95% confidence intervals.

When more than 5 process batches are available, both data augmentation strategies
show similar performance (170 < MAPE < 200 mg/L), even if the lowest average error
values are obtained in the process base case (down to ~150 mg/L). The addition of in
silico batches considerably reduces the variability of the estimation error with respect to
the process base case, independently of the augmentation strategy. This indicates that the
augmented number of batches helps to increase the estimation robustness and reduces the
sensitivity of the performance to the specific calibration batches. However, the average
estimation error slightly increases because the in silico batches present some differences
from the process and add variability to the dataset.

By contrast, when 4 or 5 process batches are available, the addition of the simulated
batches is highly beneficial. In fact, both FPDM and HDM augmentation strategies im-
prove the estimation performance and reduce error variability (170 < MAPE < 220 vs.
150 < MAPE < 300 mg/L). In this case, the FPDM augmentation strategy provides the
largest improvement. When even less than 4 process batches are available, the FPDM
augmentation strategy is very helpful for the mAbs titer estimation, because it allows better
performances than both the base case and the HDM generation strategy. Good models
can even be built when a very reduced number of process batches is available, namely
fewer than 3 (190 < MAPE < 250 mg/L). In this case, the HDM augmentation strategy
does not improve the estimation performance (results not shown) and provides errors that
are similar to the ones of the base case (300 < MAPE < 500 mg/L). This is due to the high
similarity between the process batches and the ones generated in silico through HDM.

These results show that the FPDM generation strategy allows to properly mimic
the behavior of the process batches and identify the batches with high mAb titer to be
progressed in the scale-up. This is because it improves the multivariate regression model
estimation performance and increases the captured variability independently on process
batches availability. The HDM augmentation strategy provides very good estimation
performance when more than 4 or 5 process batches are available and allows to represent
the behavior of the process batches more accurately than the FPDM, which makes the HDM
unhelpful when the number of calibration batches is extremely small.

3.2. Process Understanding for mAbs Titer Estimation

In this section, we analyze the most important CPPs (i.e., culture variables) for the
estimation of mAbs titer at harvest when the data from the process are used alone and
when they are combined with the batches generated through the digital models.
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3.2.1. Process Understanding with Process Batches Only

In this section, we compare the identification of the most important culture variables
for the estimation of mAbs titer at harvest in two scenarios: Scenario 1, rich in available
data from the process (i.e., a high number of available batches, NP = 80 batches), and
Scenario 2 with only limited data (i.e., number of available batches NP = 8).

For this purpose, two MPLS models are built on 2 LVs to estimate the mAbs titer at
harvest, one for each scenario. The models are built 100 times using batches randomly
extracted from XPC and yPC. At each iteration, the VIP index is calculated for the model
variables, and the importance of each culture variable is assessed by selection absolute
frequency, namely the number of iterations in which a variable has VIP > 1.

The importance of the culture variables at each time point is shown in Figure 7 through
a heatmap of the selection absolute frequency: the green color represents variables that
are important with high frequency (>75–80) for the estimation of the mAbs titer at harvest,
while the red one represents variables which are important only in few iterations (<20–25).
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In Scenario 1, when MPLS is calibrated with N = NP = 80 batches (Figure 7a), glucose,
VCC, and lactate show high importance for mAbs titer estimation in the second half of the
batch (70 to 170 h), while glutamine shows high importance in the first half (10 to 50 h).
Other variables at other time points have a very low selection frequency, except for ammonia
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on the second and third day of culture. As expected, the most important factors for
the estimation are the concentration of viable cells (VCC) at later culture stages, which
represents the number of cells that can produce mAbs, and the available glucose, which
represents the available nutrient for growth and mAbs production. Similarly, glutamine,
which is the limiting nutrient in the initial part of the batch and remains constant after
the initial few days, is identified as particularly important within the first 50 h of the
experimental batches. Lactate, instead, significantly limits cell growth only above a certain
concentration, confirming its importance only in the second half of the batch. Moreover, a
high concentration of ammonia in the initial part of the batch increases cell death causing a
reduction in the number of producing cells, hence limiting mAbs production. Accordingly,
ammonia shows moderate importance only in the first few days of culture.

The variable importance obtained in Scenario 2, the model calibrated with 8 batches
(Figure 7b), indicates that glucose and VCC are important in the second half of the batch,
while glutamine is important in the first half. However, this model fails in the identification
of the importance of lactate and ammonia. In fact, their importance is not always significant
as in the previous case. Furthermore, the model identifies as mildly important variables that
were completely uninfluential in the previous case (see ammonia, glutamine, and VCC).

According to these results, the limited availability of batches does not allow completely
reliable identification of the CCPs that are most related to the CQAs. This spoils the process
understanding that can be achieved through the multivariate latent variable model. For this
reason, the generation of in silico batches could be a valuable strategy to improve process
understanding and performance.

3.2.2. Process Understanding Supported by FPDM In Silico Data Augmentation

Here, we study the impact that the number of available batches has on the identifica-
tion of the most important process factors for the estimation of the mAbs titer at harvest
when in silico batch generation is performed by means of the FPDM.

The procedure utilized here is similar to the one used in Section 3.2.1. We build a 2 LVs
MPLS with NP = 8 process batches plus NFP = 80 FPDM generated in silico to estimate
the mAbs titer at harvest. The model building is repeated 100 times randomly selecting
the process calibration batches from a subset of 10 batches contained in XPC and the FPDM
calibration batches from XFP. The importance of each culture variable is assessed similarly
to Section 3.2.1. In this case, it is worth noticing that, since the ammonia is not modeled by
the FPDM, it is not present in this MPLS model.

The importance of the culture variables at each time point is shown in Figure 8 in
terms of selection frequency. VCC, glucose, and lactate are important for the estimation
of mAbs titer from the second day of culture. This is coherent with important variables
identified in Scenario 1, when a large number of process batches are available. Differently
from the previous case, the importance of the glutamine in the first half of the batch is not
identified. This is due to the simplified nature of the glutamine balance, which has not a
relevant impact on the first principles model.

This result shows that the generation of in silico batches through the FPDM model
provides an improved identification of the important variables, even if a limited number
of process batches is available. In fact, the addition of in silico batches allows identifying
more clearly the variables that are important for the estimation than process Scenario 2
(Section 3.2.1), having the same availability of process batches. However, this improved
understanding strongly relies on the effectiveness of the model used for batch generation.
In fact, the in silico batches do not allow correct identification of the glutamine impor-
tance, due to the simplified nature of its equations. Despite that, in absence of additional
process information, the FPDM in silico batch generation is helpful to improve process
understanding, even when a simplified model is available.
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3.2.3. Process Understanding Supported by HDM In Silico Data Augmentation

In this section, we study the impact of the HDM in silico batch generation on the
identification of the most predictive variables for the mAb titer at harvest. The procedure is
analogous to the one presented in the previous section, but here HDM in silico batches are
combined with process ones. The 10 HDM batches corresponding to each training process
batch are used for the augmentation.

The importance of the culture variables for the titer estimation at each time point is
shown in Figure 9. VCC, glucose, and lactate in the second half of the batch (70–170 h) are
identified to be the most important variables for mAbs titer estimation. This result is in
accordance with the important variables identified in Scenario 1, when a large number of
process batches are available. However, lactate shows an average selection frequency (~60),
meaning that the identified relationship between lactate and mAbs titer is not as strong
as it appears from the process batches. Furthermore, similarly to Scenario 1, glutamine
is correctly identified as important in the first half of the batch (10–50 h) and irrelevant
in the second half, while ammonia as mildly important only in the first half of the batch.
However, glutamine at 10 h has a relatively low selection frequency (~40), indicating
that its importance is not correctly identified. Finally, several variables that result to be
uninfluential from the process data (Scenario 1) show an average selection frequency (~50).
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This result shows that HDM in silico batch generation does not identify the important
process factors which are completely faithful to the one provided by process batches. In
fact, the identification performance is not better than process Scenario 2 when only the
reduced number of process batches is used. This is probably due to the high representation
accuracy of the HDM, resulting in in silico batches very similar to the training ones. For this
reason, the HDM does not increase the amount of information contained in the augmented
data, providing less accurate identification of the important factors.

4. Conclusions

In this work, we investigated the utility of in silico data augmentation through digital
models to support the development of monoclonal antibodies in scenarios when only a few
experiments can be carried out at a given scale. In particular, we investigated two strategies
for in silico data generation: a first principles digital model and a hybrid digital model.
We applied these strategies to increase the number of available data used in multivariate
regression models to estimate the antibody titer at harvest in a simulated process for the
production of monoclonal antibodies on a shake-flask scale.

Both in silico data generation strategies were demonstrated to be very effective. In
particular, the first principles digital model augmentation strategy allowed a significant im-
provement in the estimation performance especially when the number of available process
batches is extremely limited (1-5), providing a low estimation error of the antibody titer at
harvest, comparable with the typical measurement errors (~150–200 mg/L). Furthermore,
the first principles digital model improved process understanding. In fact, it allowed to
clearly provide process understanding and identify the most important CPPs for the CQA
(namely, the mAbs titer at harvest), even when the availability of process batches is limited
(<10). The hybrid digital model generation strategy, instead, did not allow an equivalent
identification of the important CPPs. Nonetheless, it improved the estimation performance
when the number of available process batches is greater than 4. It should be highlighted
that the success of in silico data generation relies on the quality of the digital model and its
representativeness of the process.

In silico data generation could provide great advantages at different scales of the
product and process development, especially at the stirred bioreactor scales, where the
number of available batches is typically between 2 and 10.

This study is a proof of concept for the use of in silico data generation in the biophar-
maceutical field and further studies will be oriented to adapt the investigated strategies to
in vivo applications. Specifically, different ways of combining and preprocessing process
and in silico data will be studied. Furthermore, strategies to estimate the parameters for in
silico data generation from the experimental batches will be developed.
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Appendix A

The HEK model [30] used in this work is a first principles mathematical model which
simulates batches for the production of mAbs. It is composed of 3 main parts: cell growth
and death, cell metabolism, and mAbs synthesis and secretion which are described by
28 equations and 31 parameters in total.

The overall culture material balance is given by:
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dVc

dt
= Fin − Fout (A1)

The growth and death of the cells part models the life of the cells influenced by
nutrients (i.e., glucose and glutamine) and by-products (i.e., lactate and ammonia). It is
described by:

d(V cXv)

dt
= µVcXv − µdVcXv − FoutXv (A2)

d(V cXt)

dt
= µVcXv − FoutXt (A3)

µ = µmaxflimfinh (A4)

flim =

(
cGLC

Kglc+cGLC

)(
cGLN

Kgln+cGLN

)
(A5)

finh =

(
KIlac

KIlac+cLAC

)(
KIamm

KIamm+cAMM

)
(A6)

µd =
µd,max

1 + (Kd,amm/cAMM)n n > 1 (A7)

The cell metabolism part models the consumption of nutrients and their conversion
into by-products. It is described by:

d(V ccGLC)

dt
= −QglcVcXv+FincGLC,in − FoutcGLC (A8)

Qglc =
µ

Yx,glc
+mglc (A9)

d(V ccGLN)

dt
= −QglnVcXv − Kd,glnVcGLN+FincGLN,in − FoutcGLN (A10)

Qgln =
µ

Yx,gln
+mgln (A11)

mgln =
α1cGLN

α2+cGLN
(A12)

d(V ccLAC)

dt
= QlacVcXv − FoutcLAC (A13)

Qlac= Ylac,glcQglc (A14)

d(V ccAMM)

dt
= QammVcXv − Kd,glnVccGLN − FoutcAMM (A15)

Qamm= Yamm,glnQgln (A16)

Finally, the synthesis and secretion of mAbs part is a structured one that models the
kinetics of the amino acid chains assembly to create mAbs. It is described by:

dmH

dt
= NHSH − KmH (A17)

dmL

dt
= NLSL − KmL (A18)

d[H]

dt
= THmH − RH (A19)

d[L]
dt

= TLmL − RL (A20)
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RH =
2
3

KAcH
2 (A21)

RL= 2KAcH2 cL+KAcH2L (A22)

dcH2

dt
=

1
3

KAcH
2 − 2KAcH2cL (A23)

dcH2L

dt
= 2KAcH2 cL − KAcH2LcL (A24)

dcER
H2L2

dt
= KAcH2LcL − KERcER

H2L2
(A25)

dcG
H2L2

dt
= ε1KERcER

H2L2
− KGcG

H2L2
(A26)

d(V ccmAb)

dt
= (γ 2 − γ1µ)QMAbVXv − FoutcmAb (A27)

QMAb= ε2λmAbKGcG
H2L2

(A28)

Table A1 reports the list of the parameters with the corresponding mean and standard
deviations used for process batch generation.

Table A1. Mean (reference) and standard deviation values of the parameters used in process batch
generation. Missing standard deviations represent that the parameter is kept constant at the refer-
ence value.

Parameter Kontoravdi et al. [30] (Mean) Standard Deviation

µmax (h−1) 0.05800 0.0068
µd,max (h−1) 0.03000 0.0025

kglc (mM) 0.75000 -
kgln (mM) 0.07500 -
ki,lac (mM) 171.76000 -

ki,amm (mM) 28.48000 -
Kd,amm (mM) 1.76000 0.4253

N (-) 2.00000 -
Yx,glc (Cell/mmol) 2.60 × 108 3.10 × 107

mglc (mmol/cell h) 4.9 × 10−14 -
Yx,gln (Cell/mmol) 8.00 × 108 1.6 × 108

α1 (mmol L/cell h) 3.4 × 10−13 -
α2 (mM) 4.00000 -

Ylac,glc (mmol/mmol) 2.00000 -
Yamm,gln (mmol/mmol) 0.45000 0.0825

kd,gln (h−1) 9.6 × 10−3 0.0030
NH (gene/cell) 100.00000 -

SH (mRNA/gene h) 3000.00000 -
K (h−1) 0.10000 -

NL (gene/cell) 100.00000 -
SL (mRNA/gene h) 4500.00000 -

KA (cell/molecule L) 1.0 × 10−6 -
TH (chain/mRNA h) 17.00000 -
TL (chain/mRNA h) 11.5.00000 -

KER (h−1) 0.69000 -
ε1 (-) 0.99500 0.1492

KG (h−1) 0.14000 -
γ1 (-) 0.10000 -
γ2 (h) 2.0000 0.333
ε2 (-) 1.0000 0.15

λmAb (g/mol) 2.5 × 10−16 -
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Appendix B

The lists of the parameters for in silico batch generation in the first principles digital
model and in the hybrid digital model are shown in Tables A2 and A3, respectively.

Table A2. Reference, minimum and maximum values of the parameters used for first principles
in silico batches generation. Missing ranges represent that the parameter is kept constant at the
reference value.

Variable Reference Minimum Maximum

µg,max (h−1) 0.073 0.058 0.090
km,glc (mM) 0.010 - -
αx (105 Cell/mmol) 44,704.000 - -
kd,max (h−1) 0.020 0.015 0.041
kd,µ (h−1) 0.635 - -
Yx,glc (105 Cell/mmol) 65,341.000 47,700.000 80,700.000
Ylac,glc (mmol/mmol) 1.700 - -
Yx,lac (105 Cell/mmol) 182,050.000 - -
km,lac (mM) 3.908 - -
Ymab,glc (mg/mmol) 150.000 100.000 180.000
kgln (mM) 0.020 0.020 0.050
Yx,gln (105 Cell/mmol) 8000.000 7000.000 11,000.000
Kglc (-) 0.200 - -
µg,max (h−1) 0.073 0.058 0.090
km,glc (mM) 0.010 - -
αx (105 Cell/mmol) 44,704.000 - -

Table A3. Mean (training) and standard deviation values of the parameters used for hybrid in silico
batches generation.

Variable Training (Mean) Standard Deviation

µmax,VC 2.00 0.13
µmax,glucose 8.00 0.27
µmax,glutamine 3.00 0.10
µmax,lactate 8.00 0.53
µmax,ammonia 2.00 0.13
µmax,mAb 2.00 0.13
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