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Abstract

Background: Monoclonal antibodies (mAbs) are leading types of ‘blockbuster’ bio-
therapeutics worldwide; they have been successfully used to treat various cancers
and chronic inflammatory and autoimmune diseases. Biotherapeutics process devel-
opment and manufacturing are complicated due to lack of understanding the factors
that impact cell productivity and product quality attributes. Understanding complex
interactions between cells, media, and process parameters on the molecular level is
essential to bring biomanufacturing to the next level. This can be achieved by ana-
lyzing cell culture metabolic levels connected to vital process parameters like viable
cell density (VCD). However, VCD and metabolic profiles are dynamic parameters and
inherently correlated with time, leading to a significant correlation without actual
causality. Many time-series methods deal with such issues. However, with metabolic
profiling, the number of measured variables vastly exceeds the number of experiments,
making most of existing methods ill-suited and hard to interpret.

Methods and Major Results: Here we propose an alternative workflow using hierar-
chical dimension reduction to visualize and interpret the relation between evolution
of metabolic profiles and dynamic process parameters. The first step of proposed
method is focused on finding predictive relation between metabolic profiles and pro-
cess parameter at all time points using OPLS regression. For each time point, the p(corr)
obtained from OPLS model is considered as a differential metabogram and is further
assessed using principal components analysis (PCA).

Conclusions: Compared to traditional batch modeling, applying proposed method-
ology on metabolic data from Chinese Hamster Ovary (CHO) antibody production
characterized the dynamic relation between metabolic profiles and critical process

parameters.

Abbreviations: BEM, batch evolution model; BLM, batch level model; CCF, central composite face-centered; CHO, Chinese Hamster Ovary; CPPs, critical process parameters; CQAs, critical
quality attributes; CV-ANOVA, ANOVA of cross-validated residuals; DOEs, design of experiments; 1 H-NMR, 1H-nuclear magnetic resonance; IVCC, integral viable cell concentration; LOD, limit of
detection; LOQ, limit of quantification; mAbs, monoclonal antibodies; MVDA, multivariate data analysis; OPLS, orthogonal projections to latent structures; OPLS-DA, orthogonal partial least
squares-discriminant analysis; PCs, principal components; PCA, principal components analysis; PLS, partial least squares; QbD, quality by design; SUS-plot, shared and unique structure plot; UV,
unit variance; VCC, viable cell concentration; VCD, viable cell density.
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1 | INTRODUCTION

Biologics are pharmaceutical drug products manufactured from biolog-
ical sources, mainly living cells. Of these, Chinese Hamster ovary (CHO)
cells are the most used mammalian{ 1] system in industrial bioprocesses
to produce therapeutic proteins!2! such as monoclonal antibodies.[3]
Their development and production is an inherently complex process,
not only because mammalian cells are extremely complicated systems,
but also due to the lack of understanding of the factors impacting
cell productivity and product quality..4] CPPs are process parame-
ters whose variability has an impact on the product’s critical quality
attributes (CQAs) or general process performance, like the amount
of produced drug (its titer), cost, and time of the process, and so on.
Therefore, CPP monitoring, and controlling is a prerequisite to ensure
that the biopharmaceutical process will efficiently produce products
with the desired quality.l>] Enhanced characterization of the process
at the molecular level aligns with the quality by design (QbD) concept
which requires understanding the influence and causality of factors
and parameters, such as temperature and pH,[¢] to identify CQAs of the
product.[78] The small-scale bioreactor systems designed for parallel
operation, like the Ambr technology (high throughput High Perfor-
mance Single-Use Fully Automated Bioreactor System), combined with
new types of design of experiments (DOEs) have the potential to enable
the rapid process characterization and development at a fraction of
cost with higher throughput compared to traditional bench top reac-
tors, thereby drastically shortening both time and costs. Extraction of
knowledge from complex data obtained from such systems is, however,
still a challenge that calls for the development of new methods and
pipelines.

Metabolomics together with process monitoring can be used to
decipher complex interactions between cells, media, and process
parameters, as it provides knowledge of biochemical reactions and
metabolic pathways occurring within living cells. It can be used to
characterize the impact of small molecules (i.e., amino acids and
metabolites) present in cell culture media on CHO cell growth behavior
and productivity to allow identifying, understanding, and manipulat-
ing the production and consumption of metabolites of interest to
enhance cell productivity and final product quality.l?] In metabolomics
studies, methods such as'H-nuclear magnetic resonance (H-NMR)
spectroscopy can be used as a non-invasive and rapid technique for
simultaneous detection and quantification of metabolites in a complex
biological fluid. Metabolomics data are highly complex and multidimen-
sional and thus require specific and tailored approaches to be analyzed
properly.

Even though multidimensional time-series data obtained from
the biopharmaceutical process contain valuable information on the

dynamic characteristics of the bioprocess, and thus could potentially

assist increasing process knowledge,[10! little has been accomplished
to improve knowledge through efficient data analytical methods.
Although several data analysis methods,[11-22] such as principal com-
ponents analysis (PCA)[23] are discussed in the literature for multivari-
ate data exploration,[24-29] development of a tailored workflow that is
adjusted to bioprocess time-series of different biomanufacturing sys-
tems is required, especially with metabolomics data where the number
of observations can be lower than the number of highly correlated
variables.

PCA is frequently used to explore the main sources of vari-
ations in metabolomics data when the observations are assumed
independent.!3%] However, this is not the case with time-series data
with additional correlation structure because of non-independent
observations over process time. Indeed, PCA inspects for directions
in the data space with maximum variation, and therefore time-related
variation is involved as a confounding factor hindering finding metabo-
lites significantly correlated to the process variables. Hence, proper
models are required to model the bioprocess data and to extract vital
information.

To properly analyze time-series metabolomics data, some PCA
extensions have been proposed. The weighted PCA modell31] is one
of the PCA-extended models that uses weights to explain variation
due to repeated measurements. Moreover, the analysis-of-variance-
simultaneous component analysis{32] combines analysis of variance
and simultaneous components analysis to address the timely designed
multivariate data which can also be applied for integrative analysis.!33!
Local PCA models!34] were also proposed to be employed for each
time point which subsequently linked to each other. The dynamic
PCA modell3%] employs a back-shift matrix to simultaneously ana-
lyze the data from multiple time points. However, the difficulty in
uncertainty assessment of the fitted model estimates is the main lim-
itation of such methods. Mixed-effects models,!3¢! for instance, linear
mixed-effects modell37] have also been applied for feature selection
in time-series metabolomics data, however, the correlation structure
of the metabolomics data was not considered in the model. On the
other hand, dimension reduction features of methods like PCA are still
appealing.

The primary goal of bioprocess data models, such as batch evolu-
tion model (BEM) and batch level model (BLM),[38] is to reduce the
dimensionality of data and discover the dynamics unfolding over time.
BEM models can then be used to forecast future process performance
and to evaluate how variations in each input parameter influence the
batch trajectory. Whereas averaged trajectories of different process
parameters (e.x. media composition) can be tracked well with time-
BEM models, pinpointing significant metabolites that change with time,
and have a significant connection to the specific process parameters
(like viable cell concentration (VCC), viable cell density (VCD), titer,
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etc.) is a more difficult task, mainly because all process parameters
are to some extent correlated with time. Therefore, it is interesting to
reduce the dimensionality of the data and at the same time highlight
significant metabolites which change over time and are also correlated
to the process parameters.

In this work, we provide a fast overview of the most used methods
for modeling batch process data and then propose a new two-step hier-
archical modeling approach specifically targeted to model important
process parameters such as VCD. The!H-NMR based metabolomics
data from the antibody production process by CHO cells were used
to represent the performance of the proposed approach. We managed
to successfully evaluate correlations between metabolite levels and
important bioprocess parameters that change over time to understand

the underlying dynamic behavior of biological systems.

2 | MATERIAL AND METHOD
2.1 | Cell line and culture conditions

Cultivations were performed in a 0.25-L bioreactor (Ambr 250 High
Throughput bioreactors, Sartorius Stedim Biotech GmbH, Goéttingen,
Germany) and a CHO cell line (Sartorius) expressing amonoclonal anti-
body (mAb, IgG1) was used. All experiments were carried out using
chemically defined media (Sartorius).[37!

To maximize the beneficial impact of the culture parameter change
to control the cell proliferation, bioreactor cultures were maintained
at 36.8 °C, pH = 7.1 until day 7 17170 h) to reach a suitable cell
density under the standard condition.[4041] Different experimental
conditions (pH = 6.9,7.1,7.3,and temperature = 31, 33.9, 36.8 °C) were
implemented in bioreactors after day 7 to investigate the impact of
temperature and pH by central composite face-centered (CCF) exper-
imental design. The replicated condition was implemented for the
standard temperature (36.8 °C, pH = 7.1) in the experimental design
(Figure 1).

Feeding was started on day 3 at 14:00 T80 h) and fed daily there-
after. The changes in pH and temperature were induced on day 7 before
feeding (before the start of the stationary phase) at approximately
170 h. Samples were drawn from the bioreactors several times per
day to measure the metabolites by NMR spectroscopy as well as the
BioProfile FLEX2 and titer data by HPLC (SEC) (Figure 1).

2.2 | Sample preparation and offline
measurement/analytics

Samples were taken automatically from the Ambr250 high through-
put bioreactors to separate vials. VCC, viability, average cell diameter,
pH, pO,, pCO,, as well as metabolite levels (glucose, lactate, ammo-
nia, and glutamine) and osmolality were measured using BioProfile
FLEX2. The remaining sample volume (1 mL) was centrifuged (16,600
x g, RT = 23°C, 5 min) and the supernatant was stored at —20°C for

subsequent analytics.

2.3 | Determination of the cell-specific
productivity (Qp)

The specific growth rate (u (1/d)) can be calculated by Eq. (1).142]

Inx, —Inxq

t,—t @)

Here, x, and x4 are the VCCs at time points t, and t4, respectively.
Cell specific productivity (pg cell= day~1) (Qp) was calculated by
Eq.(2).

Az

= alvee @

Qp

Where Az is the differences of the titer and AIVCC is the cor-
responding integral viable cell concentration (IVCC). Growth phases
(i.e., exponential, stationary and dead phases) and productivity phases
can be determined based on the changes in the u and Qp values,

respectively, as a sharp change can be evaluated as a new phase.

2.4 | Experimental data (NMR metabolomics data)

Samples were analyzed for metabolite content by Eurofins Spinnova-
tion Analytical BV (The Netherlands), using their proprietary protocols
(Spedia-NMR). Obtained data were concentrations for 39 identified
metabolites in mM. The identified metabolites were mainly amino
acids, vitamins, saccharides, and organic acids.

2.5 | Data preprocessing

Before analysis, one variable, which had missing values higher than
75% of the number of samples, was removed from the analysis. The
values lower than the limit of quantification (LOQ) were also included
in the analysis. The values lower than the limit of detection (LOD)
were not reported from the experimental quantification. Therefore, in
order to include these values, they were simulated as log-normally dis-
tributed values below the LOD. Unit variance (UV) scaling has been

applied to remove differences in the range between variables.

3 | THEORY AND METHODS

Multivariate data analysis techniques such as PCA, PLS, orthogo-
nal projections to latent structures (OPLS), and orthogonal PLS-
discriminant analysis (OPLS-DA) can be used for the monitoring of
bioprocess behavior to distinguish between systematic information
and unsystematic information.11-22] |n this section, first, we will
shortly introduce the BEM and BLM models and discuss their proper-
ties and then explain the proposed hierarchical modeling for analysis
of the bioprocess data. Multivariate data analysis (MVDA) using PCA
and OPLS was carried out using SIMCA (Sartorius Stedim Data Analyt-

ics, vs. 16.0.2, Umea, Sweden) software. All data were scaled to UV and
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FIGURE 1 lllustration of the feeding and sampling timestamp of the fed-batch CHO cell cultivation process for 12 days (left figure), as well as

the design points for 2-variable central composite face-centered (CCF) on day 7 of the process (right figure)

mean-centered prior to modeling. Data cleaning and visualization for
hierarchical modeling were performed using Python libraries Pandas
v.1.3.4 and Matplotlib v.3.4.3.[43]

3.1 | Batch evolution model (BEM)

The BEM is used to estimate the maturity of a process from its mea-
sured parameters and set points. It is also used to detect variations of
CPPs from their ideal trajectory in relation to maturity.!38! To accom-
plish BEM, the three-way batch (i.e., K batches, T time points, and J
variables) data should be unfolded to a two-way data such that the
variable mode is preserved. It will result in a matrix with K * T rows

(observations) and J columns (variables). Batch age/time or any other

monotonous batch maturity index can be included as a y-variable in
the PLS/OPLS model. To establish the control charts, BEM scores can
be rearranged in a way that the score values of each batch are as row
vectors underneath each other. By computing the average and the stan-
dard deviation of score vectors of all batches at different time points,
the control limits can be derived as the average score + 3 SD. Loading
plots represent the variables that are responsible for the metabolite

changes over time.

3.2 | Batch level model (BLM)

In contrast to BEM data, where each row is corresponding to one time

point in a specific batch, each row of the BLM data is obtained by
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unfolding the three-way batch along the time axis, one row represents
the whole batch including all variables at all time points. Multivariate
methods such as PCA, PLS/OPLS can then be used to provide the over-
all pattern in all the batches in relation to experimental design or any
other batch related time-independent parameters.!38]

3.3 | Shared and unique structure plot (SUS-plot)

Comparison between two models can be performed using a shared
and unique structure plot (SUS-plot), in which the p(corr) of the pre-
dictive part for two OPLS models are plotted against each other. It
can reveal differences and similarities in the metabolite contribution
between models.[44] The SUS-plot can be interpreted based upon vari-
able location in the plot. For identical profiles, the SUS-plot should have
the points on the diagonal line, while off-diagonal points show variables
with different effects in two models. Variables with unique effects can

be found as points close to the X- or Y-axis away from the origin.

3.4 | Hierarchical modeling

A hierarchical data analytic workflow has been developed to solve
the confounding influence of time on the relation between dynamic
process parameters and metabolic profiles. The first step of the hier-
archical model is to capture the relation between the metabolic profile
and the parameter of interest such as VCD at each time point using
OPLS regression. The second step, that is, PCA, here can be considered
as an extension of the SUS methodology when more than two profiles
can be compared (Figure 2).

3.4.1 | Base level OPLS model

OPLS s an extension to the PLS regression method that divides the sys-
tematic variation in the X data matrix into two parts which makes the
results easier to interpret. One part models the correlation between X
and Y and the other part expresses the systematic variation in X that
is orthogonal to Y. In the OPLS model, the component related to Y
are called predictive which are appointed with the subscript P. Com-
ponents unrelated to Y are called orthogonal and are appointed with
the subscript O. Suppose X; holds the number of rows K and the num-
ber of columns J, then OPLS can decompose the data set at each time
point t according to Eq. (3). For this step of the model, each line of the
X matrix is the metabolite profile corresponding to one cultivation and

the y-variable is the corresponding VCD profile.
X; = TpPL + ToPl, +E¢ (3)
Here, X; € RKXJt where t = 1, ..., T corresponds to the various mul-

tivariate data sets at different time points, whose rows contain the

measurement of objects k=1, ..., Kand columns contain the measure-

ment of variables j; = 1,..., Js. Tp: € RK*R is the score matrix related to
Y with r = 1 number of significant components and Pp; € R/>Rcontains
the relevant loadings related to Y for each data X;. To; € RK*R is the
score matrix unrelated to Y withr = 1,..., R number of significant com-
ponents and Po; € R’*Rcontains the relevant loadings unrelated to Y
for each data X;. E; € RK*t is the residual matrix.

With a single y-variable, only one predictive component is feasible,
but possibly several orthogonal components. The p(corr) is desirable as
the input of the second step in the model, that is, top level PCA model.
The p(corr) is a correlation loading profile of the OPLS model. The X
loading weight w, which combines the X variables to form the scores t,
can also be used as the input of the second step in the model.

In this model, the p(corr) from each OPLS model of t =1, ..., T is
called differential metabogram which can be augmented column-wise

to build the Z data matrix according to Eq. (4).

S1

S2

Z=|" (4)

LSt

Here, s; € RKXR is the p(corr) and Z € RKXtxJ) js the matrix of
differential metabograms, where t = 1, ..., T corresponds to the vari-
ous multivariate data sets at different time points, whose rows contain
the measurement of objects k = 1, ..., K and columns contain the
measurement of variables j; = 1,..., J;.

To validate the models against overfitting, the number of model
components was evaluated by the 7-fold cross-validation parameter
Q2 (goodness of prediction). Moreover, the performance of models was
also evaluated by RZX and R2Y (goodness of fit). The statistical signifi-
cance of the OPLS models was assessed by permutation tests with 103
repetitions to compare the fit of the original model with the randomly

permuted models.[45]

3.4.2 | Top level PCA model

The second step of hierarchical modeling is an analysis by PCA on the
matrix of differential metabograms calculated from the OPLS models.
PCA can reduce multivariate data to a smaller number of uncorrelated
variables, that is, the scores of the PCs, and provide an overview of the
bioprocess data from all cultivations at all time points. Suppose Z con-
tains the number of rows T and the number of columns J, then PCA can
decompose the data set according to Eq. (5).

Z=TP" +F (5)
Here Z € RT*/, whose rows contain the OPLS p(corr) for different

time points t = 1, ..., T and columns contain the measurement of vari-
ables j=1, ..., J. T € RT*R is the PCA score matrix withr = 1, ..., R
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FIGURE 2 Schematic representation of the proposed hierarchical modeling. The OPLS regression model in the first step of the hierarchical
model captures the relation between the metabolic profile and the parameter of interest (here: VCD) at each time point. PCA in the second step
reduces the multivariate data to a smaller number of uncorrelated variables and provides an overview of bioprocess data from all cultivations at all

time points

number of significant components and P € R’*R contains the relevant

loadings for each data Z. F € RT*/ is the residual matrix.

4 | RESULTS AND DISCUSSION
4.1 | Bioprocess parameters

The data derived from twelve fed-batch cultivations were used for the
analysis. Figure 3A - D shows the time trajectories for the process vari-
ables of VCD (10° cell.mL™1), viability (%), average live cell diameter
(um), 1gG titer (g.L~1) in all analyzed batches. Figure 3E shows the final
titer and average Qp for each batch. The average Qp was calculated
as the ratio of final titer (titer at last process time point) to the final
IVCC for each batch. The differences in the trajectories, final titer and
average Qp related to temperature variation can be seen in the plots.
No clear differences related to the pH could be observed in the plots.
The VCD increased during the first 175 h and reached 20 x 10° cell/ml
within 7 days. The temperature and pH changes were applied to the
bioreactors onday 71170 h). After 230 h, the VCD started to decrease,
and its decline was faster in the bioreactor with the lowest temperature
(31°C). The cell diameter started to increase after reaching a minimum
of 20 um and increased over time up to a maximum of 26 um, while the
cell growth was lower at 31°C. Final IgG titers of about 3 and 2.8 and
2 g L=1 were obtained at temperatures 36.8, 33.9, and 31°C, respec-

tively (Figure 3E), which is equivalent to the cell specific productivity of
about 19, 18,14 (pg cell=1 day~1).

4.2 | Batch modeling

The BEM was implemented on the processed metabolite data from all
cultivations. OPLS models can be fitted by correlating metabolomic
data with either time or maturity related critical process variables.
However, maturity related critical process variables should be mono-
tonic to be implemented in the BEM. Here, an OPLS model was built
with time as maturity y-variable (y). Cross-validation indicated the
significance of one predictive and one orthogonal OPLS components
corresponding to the R2X for predictive component = 0.369, RZX for
orthogonal component = 0.408, R for predictive component = 0.976,
and Q2 = 0.972. Scores and loadings from the BEM model can be
seen in Figure 4-A, which illustrates that there was a strong similar-
ity among the different batches and none of the batches deviated from
the overall trend in the bioprocess. Slightly higher variability in the
batch trajectories could be seen after imposing temperature and pH
changes on day 71170 h). The score plot shows the overall time trend
in the predictive score, while the orthogonal score represents the vari-
ation regarding the temperature parameter. In the predictive loading,
we could see the metabolites that are strongly correlated to the batch

time with increased levels of alanine, glycine, serine, tyrosine, choline,
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cyanocobalamin, pantothenic acid, acetic acid, butyrate, citrate, for-
mate, fumaric acid, and isovaleric acid, as well as decreased levels of
succinic acid, pyroglutamic acid, folic acid, nicotinamide, and several
amino acids such as aspartic acid, asparagine, cysteine, glutamic acid,
glutamine, histidine, hydroxyproline, isoleucine, leucine, lysine, threo-
nine, and valine over batch time. Whereas connecting each metabolite
change with time to specific biochemical pathways would require more
effort, including additional experiments, which is outside the scope of
presented work, the majority of observed changes in metabolite lev-
els could be connected to gradual consumption of amino acids present
in the media and accumulation with time of cell by-products. There-
fore, BEM is a proper model to understand if there is any deviation in
the process trajectory and find variables that are responsible for the
overall time trend. Even though we can observe the impact of the tem-
perature inthe OPLS orthogonal components in the score plots, further
analysis can also be implemented by applying BLM to find the over-
all pattern in relation to the experimental design or any other batch
related time-independent parameters (see text below).

Finding connections between metabolite levels and specific process
parameters, such as VCD, can provide valuable insights into the bio-
logical mechanisms involved in the bioprocess. Analysis of variation
of metabolic profile of the cell culture in correlation to VCD or titer
can contribute to a better understanding of the studied biological sys-
tem. Here, a proper BEM model with the VCD could not be built in a
strict BEM context, due to the drop of the VCD at the last phase of
the process. To find the correlation of metabolite changes with VCD, an
OPLS model of the metabolomics data was built with VCD as y-variable
(Figure 4-B). Similar to the modelin Figure 4-A, the score plot shows the
overall time trend in the predictive score and the temperature variation
in the orthogonal score.

These two models (BEM with y = time and OPLS model with
y = VCD) had the same dimension in terms of weights, loadings, and
regression coefficients. Hence a comparison of the two models was
possible by using the SUS-plot methodology using the p(corr) values of
BEM with y = time and p(corr) values of the OPLS model withy = VCD.
The SUS-plot demonstrated a strong correlation of the metabolite pat-
terns between the two models (Figure 4-C), meaning that no major
differences could be seen between the metabolic profiles connected to
time and VCD. However, we could not conclude that the loadings and
regression coefficients of the VCD OPLS model showed the actual VCD
relation with metabolic composition. Even though VCD does not grow
monotonically with time, its correlation with time is still important
and thus time acts as a confounding factor when comparing metabolic
profiles with VCD. This can lead to the strong correlation of results
between the two models.

To find the correlation of metabolite changes with titer, the BEM of
the metabolomics data was also built with titer as y-variable (Figure
S1). However, it should be considered that titer is a cumulative param-
eter and thus cannot be modeled independently of time as such, and
thus it might not be a proper variable for correlating to the metabo-
lite changes. In this case, the correlation with time is even greater as
the titer grows monotonically with time. In general, metabolic profiles
as well as VCD and titer are dynamic parameters and hence are inher-
ently correlated with time, a correlation that does not need to mean
actual causality.

A BLM was also implemented on the processed metabolite data
from all cultivations sets (Figure S2). The score plot showed that the
variation related to the separation of groups by temperature differ-
ences could be explained by the first PCin BLM. The batches with lower
temperatures (Temp. = 31) were separated more from the two other
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groups. The impact of pH on the grouping could not be observed. The
effect of temperature and pH can be further investigated by PLS-DA or
OPLS-DA model with the temperature or pH as y-variable. Inspection
of the loading plots (Figure S2), which contain the information on the
metabolite levels in relation to the studied y-variable, revealed that the
levels of some metabolites such as isovaleric acid, butyric acid, glycine,
and butyric acid decreased in the last phase of the process, while the
level of most metabolites increased. BLM is informative on the experi-
mental design observed in the row space/mode of the data as the data
is arranged to account for all variables at all time points of completed
batches and therefore is proper for showing the quality or yield param-
eters of finished batches. However, the data arrangement is not proper
for the analysis of process evolution in correlation to the VCD pro-
file. The dynamic nature of process parameters such as VCD needs to
be accounted for in the modeling. Thus, it is not proper to regress the
dynamic parameters versus the BLM data as time will be a confounding
factor in the column mode of the data.

Exploring the metabolite differences in correlation to the process
parameters, OPLS-DA models can also be built for each growth phase
and be compared using SUS-plots (Figure S3). Growth phases are
determined based on the process parameters (Theory section) and
can reveal metabolite alternations in connection to these parameters.
Even though we cannot assess the dynamic nature of the data and find
the metabolite evolution over all process time points by applying dis-
criminant analysis, we still divide the data into three time intervals
of exponential, stationary and dead phases, and therefore it can pro-
vide a picture of metabolite shifts between the specific time intervals
of bioprocess, in another word, the dynamic of the system in lower
resolution.

We applied OPLS-DA model to evaluate metabolic differences
between various growth phases (i.e., exponential vs. stationary, station-
ary vs. dead, and also exponential vs. dead phases). Therefore, three
OPLS-DA models for the three growth phases were built. Table S1 pro-
vides the parameters of these three studied models. To compare the
similarity of metabolic profiles between different growth phases, we
further investigated SUS-plots with p(corr) vectors from the OPLS-
DA models of exponential versus stationary and stationary versus
dead (Figure S3-D). Obtaining common and unique metabolic pro-
files between different phases could give relevant information about

perturbations in metabolite levels between phases.

4.3 | Hierarchical modeling

The proposed methodology combines OPLS and PCA to model and
visualize metabolic profiles in correlation to the dynamic process
parameters such as VCD while accounting for the high dimensionality
of metabolomics observations (Figure 2).

The method has two steps. At first, it looks at the predictive vari-
ation between metabolite levels and VCD. For that, OPLS models are
built between metabolite data (X) and VCD (y) at each time point.
The OPLS model parameters (number of OPLS components, R2, Q2,
and ANOVA of cross-validated residuals (CV-ANOVA) p-values) can be

seenin Table S2 and Figure 5. Growth phases and productivity reported
in the table are determined based on Qp and u values as explained in
the theory section.

The main conclusion from the applied analysis is that metabolic pro-
files have different relations to VCD over time. This can be seen firstly
by the different significance of the corresponding OPLS models, that is,
some of the models in the initial phase are not significant, which can be
interpreted as a result of lack of correlation of metabolite profiles to
VCD in the first phase of the bioprocess. It might be due to the fact that
inthis phase cells are in low number and slowly start to grow and hence
the effect of their metabolism was still not visible in the composition
of the media. A low correlation between metabolite levels and VCD
could also be seenin the late stage of the stationary phase, after impos-
ing the temperature and pH change on the system. At this stage, some
of the cultivations have disturbed metabolite equilibrium as a result
of changes imposed in the bioreactor. This could be again connected
to the fact that cells did not have time to establish a new correlation
structure and provide their metabolic imprint into the cell media after
rearrangement imposed by changes in the bioreactor conditions. The
presented approach for modeling metabolic data can be hence help-
ful in the diagnosis of the instability and changing correlation structure
between metabolite profiles and VCD as a result of the disturbance in
the system.

Further confirmation of dynamic relation of metabolites to VCD can
be obtained by comparison of metabolic profiles related to VCD at dif-
ferent time points, as investigated by SUS-plots with p(corr) vectors
coming from the OPLS models for different time points/growth phases
(Figure 6). Analysis of SUS-plots from VCD models for time points from
different growth phases clearly shows that transitions between phases
are due to alterations in culture conditions such as nutrient depletion
and/or waste accumulation. At the same time, two consecutive time
points from the same phase (with approximately 8 to 9 h time differ-
ences) show that metabolic profiles in the same phase are comparable
(diagonal plots in Figure 6). However, the similarities of the metabo-
lite profiles within the dead phase (i.e.,, SUS-plot of t = 274 h and
t =283 h) are more than in other phases and the weakest similarity can
be observed for the profiles within the exponential phase (i.e., SUS-plot
oft=82handt=90h).

As mentioned above, the differences between the VCD-related
metabolite profiles between different growth phases were higher than
those for the same phase. However, more similarities could still be
observed between VCD related metabolic profiles of stationary and
dead phases (i.e., SUS-plot of t = 178 h and t = 274 h) in comparison
to the exponential and stationary phases (i.e., SUS-plot of t =82 h and
t =178 h). Discussion on the main cause of phase transition differences
is outside the scope of present work. Analysis of SUS-plots is a good
visualization method for comparison of the VCD-related metabolic
profiles from different process times in the bioreactor. However, with
a higher number of time points, the number of plots will increase, and
the proper evaluation of the changes can be difficult.

For the second step of hierarchical modeling, the p(corr) vectors
(differential metabograms) obtained from OPLS models of each time

point could be compared using an additional MVDA step, here PCA,
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highlighting the dynamic relation between metabolic profile and the

process parameter of interest.

Dynamic changes in metabolite composition in correlation to VCD

obtained from hierarchical modeling are visualized in the score plot

in Figure 7. The differential metabograms obtained from the OPLS
models with Q2 values lower than 0.3 are illustrated with diamond
symbols, as a valid correlation between the metabolite profiles and
VCD values could be questioned at these time points. As mentioned
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before, these points are positioned at the edges of the stationary phase
and are the last points before the dead phase. Therefore rearrange-
ment of the metabolites in the cells might be the reason for lack of a
valid correlation at these time points. Metabolite compositions were
more comparable to each other over stationary and dead phases, while
higher variation could be seen in the exponential phase, which could
be the result of general intensive rearrangement of the cell metabolism
in this phase of cell growth. The p(corr) plots of three time points (i.e.,
time =82,178,and 235 h) areillustrated in Figure 7 to show metabolite
profiles related to VCD at different growth phases. These three p(corr)
plots are chosen as an example and p(corr) plots of all time points are
presented in Figure S4.

In the PCA score plot, the last two points of the exponential phase
(points at 139 and 145 h process time) were closer to the stationary
points. We could conclude that the metabolite composition of these
two time points, which were determined as exponential phase based
on the specific growth rate values, were more similar to the metabolite

composition of the later stage in the bioprocess, which could suggest

that specific growth rate calculation, in this case, may not be the most
accurate approach for determination of the break between the phases.
Hence, the hierarchical modeling approach presented here, taking into
account real information of metabolite composition correlated to the
VCD, can potentially reveal more accurate information about the cell
metabolic status.

Even though the traditional batch process analysis such as BEM,
BLM, and also OPLS-DA models could provide valuable knowledge
about the bioprocess overall trend and design, the confounding influ-
ence of time on the relation between dynamic process parameters and
metabolic profiles could not be resolved with such models. Therefore,
there is a need to properly model and assess the dynamic nature of
the data. The proposed model successfully addressed the challenges
of time-series data regarding dimensionality as well as the correla-
tion of CPPs with time. It has been shown that hierarchical modeling
could visualize the metabolic trajectories related to the CPPs and
highlight the metabolites that are correlated to the VCD and evolve

over process time. Understanding the cellular metabolism based on
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metabolic trajectories and enhanced characterization of the biopro-
cess allow improvement of the culture conditions, that is, diminishing
toxic metabolites or providing nutritional demands of cells over pro-
cess time. This could lead to enhanced cellular productivity, longer
culture durations, and higher titer production.

5 | CONCLUSIONS

The practical approach for maintaining minimum product variability
is by running the processes on pre-defined and well-established tra-
jectories. This requires increased bioprocess understanding together
with advanced process monitoring and application of comprehensive
data mining models to be able to extract relevant information from
the obtained data. While it is currently possible to effectively mon-
itor and control bioprocesses, understanding complex interactions
between cells and process parameters that influence final process out-
come and product quality is still not fully achieved, even if high-quality
biological data such as metabolomics data are acquired. Analyzing
time-series data from bioprocess studies is challenging due to dimen-
sionality of the data, the correlation structure in the metabolite data
and the correlation structure due to repeated measurements over
time. Many currently existing approaches to analyzing such data sets
either have the limitation of confounding treatment variation with vari-
ability due to the dynamic nature of the data or they ignore the fact that
metabolites do not work independently of each other.

Here, a hierarchical approach, based on OPLS and PCA is proposed
to achieve dimension reduction while appropriately modeling the
correlation of metabolite levels to the CPPs such as VCD. We demon-
strated the application of the proposed methodology on metabolic data
from CHO based antibody production and compared obtained results
to traditional approaches used in modeling bioprocess data (i.e., batch
modeling) to characterize the dynamic relation between metabolic
profiles and CPPs. The proposed model successfully addressed the
aims of the bioprocess study, that is, it enabled visualization of the
metabolomic trajectories through time, presenting the time effect on
the metabograms, and highlighting metabolites that evolve over time.
Many areas of further research naturally arise from the proposed
model such as investigating the application of the model to different
process parameters. It could be also interesting to assess how this type

of model can be applied to other processes.
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