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Multivariate Data Analysis
In Biopharmaceutical
Development

Multivariate data analysis and Design-of-Experiment
techniques enable biopharmaceutical companies

to improve their efficiency and ultimately speed
data analysis and development, reduce process-
related costs, and reduce time to market.

Overview

Bioprocesses—such as for the production of vaccines, antibiotics, cell-based therapies, and
more—are quite complex. Bioprocessing within fermenters or bioreactors involves controllable
process parameters (e.g., pH and temperature) as well as a series of output measures (e.g.,
biomass and impuirities). In addition, several uncontrollable factors can affect the quality and
reproducibility of the process and the product (see Figure 1).

The development of a robust biopharmaceutical process requires numerous experiments,
measurements, and data analyses. To deal with the great complexity, three main strategies are
useful for biopharmaceutical process development: Design of Experiment (DoE), multivariate
analysis (MVA), and process analytical technologies (PAT) in combination with MVA.

DoE
With respect to biopharmaceutical process development, DoE is a series of tests in which
purposeful changes are made to controllable input factors so developers can pinpoint the
root cause(s) of changes in output responses. It is a useful tool to gain process knowledge by
understanding the main interactions and the impact of possible sources of variability (like raw
materials and process parameters). This allows individuals to identify critical material attributes
and critical process variables and therefore defining design and control spaces.
Moreover, DoE is helpful for generating large amounts of information about a process with
the minimum number of experiments, which saves time, resources, and money.
DoE can be implemented using a step-by-step workflow summarized in Figure 2.
e The first screening step is screening out trivial factors.
e The next step characterizes the various effects and
interactions that exist within the process.
e |f you have curvature, or non-linear relationship between inputs,
optimization experiments help developers identify the control space.
e |ast are verification tests, which confirm the findings.
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MVA

Figure 1: Bioprocessing within bioreactors.

A second tool for dealing with
the large amounts of data cre-
ated during biopharmaceutical
process development is MVA.
MVA can be used to understand
the variability of the process and
inputs/outputs and help design
a process monitoring technique
as part of the overall process
control strategy. Design process pH
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Large amount of experiments, lot's of measurements and in general large
amout of data to be analysed

provides information
about whether the
batch process is behaving as expected.

e Process analytical technologies (PAT),

which, combined with MVA, allow for
CQA predictions in real time.

All these techniques can be used for real-time process
monitoring, and they detect any faults or deviations from
normal process behaviors. These methods have outputs,
whether they are diagnostics or the predictions, which can be
communicated through a control system and help developers
move toward powerful model predictive control.

Why conduct MVA? Figure 3 illustrates the difference that
MVA versus single variable analysis can make. In this example,
temperature and pH appear to be within control limits;
however, a trend is observed when plotting the two charts
against each other in the multivariate view. One data point is
separate from the main cluster, which was not apparent in the
univariate control charts. The reason why is that most process
parameters are not independent of one another. Because they
are correlated, MVA provides a powerful look at the complete
picture. Through MVA, data can be summarized for an entire
batch in a single trend.

Moreover, each data point contains information about each
process variable, which can be used for deeper, more-focused
analysis of and troubleshooting about a specific variable. One
can also create multivariate charts that contain limits and can
be used to follow the trajectory of a batch over time.

MVA case study. To investigate how MVA can be used, sci-
entists looked at publically available process data generated
during the fermentation process of penicillin production. Data
from 13 batches were available. Ten batches yielded a good

' Figure 2: Sample DOE workflow.
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product and were used as the basis for the calibration model.
Three batches failed, and these data were used for testing and
verification of the process model.

The process variables in this analysis were extensive and
the end-product quality indicator was biomass.

Through MVA, the structure and various correlations of the
data were revealed in a loadings plot, which shows how the
process variables are correlated (see Figure 4).
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Multivariate analysis provides a more complete view of the data than single variate analysis.
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The space bounded by the univariate limits
is too wide to detect a multivariate fault.

Only in a multivariate context can the fault be
detected.
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are not independent

The normal operating range is defined

by the ellipse

| Figure 4: Through multivariate analysis, correlations of the data were revealed in a loadings plot.
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The glucose concentration at the bottom of the chart and
the active material at the top of the chart (together with the
ethanol and acetate data points) indicate that when the cells
are reproducing, the glucose concentration starts to get
depleted. The more the cells grow, the more metabolites
occur; therefore, concentrations of ethanol, acetate, and other
variables increase. The plot gives a map that indicates the
correlations among the variables.

Using the 10 batches, an initial model was made and a
multivariate control chart displayed. The three monitoring
test batches were used to see whether deviations could be
detected versus the model. It was found that the deviations
were quite easy to detect. The red and green lines in Figure 5
represent two batches that had large deviations at different
stages of the batch process, and the blue line represents a
batch that was borderline.

Importantly, one can track the evolution of the deviation. At
the top of the chart, batches are within the limits, and then
they deviate for most of the process. At the end the process,
they are back within the limits. Therefore, with these methods,
there is early detection of a deviation, with which one could
deal during the process. Conversely, without this data, the
only information one would have is that the yield was lower at
the end of the process.

The bar graph details which variables are responsible for
the deviations in the red batch.

PAT with MVA

A third tool is PAT combined with MVA. With sensor tech-
nology and hardware, PAT allows for indirect measurements
of various CQA and allows for real-time predictions as the
process is evolving. In turn, that means that one can replace
the offline testing and save resources and time.

The various signals from the PAT sensors provide a large
amount of information. If MVA is layered onto this, then the
multivariate nature of the signal can provide even richer
process information with a correlation model. The PAT
sensors can be used for a wide range of applications, like
for end point measurements, measure nutrient levels, and
identify impurities.

A sample workflow of PAT and MVA analysis is presented
in Figure 6. Spectral measurements and offline reference
measurements are taken and a calibration model is cre-
ated that is basically a regression or a prediction model. For
real-time analysis, the model is loaded into a multivariate
platform. This method can replace expensive and destruc-
tive testing.

In the sample workflow, a Raman instrument connects
directly to the data management solution. The model is run
in real time and the calculations can be used as an output.
Some examples for outputs are predictions, diagnostics,
alarms, visuals, and reporting. Dependent on the intended use,
one must decide how the information is further processed.

! Figure 5: Multivariate analysis provide rich information about deviations.
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For example, alarms are set for process control deviations
SO operators can take appropriate actions, or predictions go
into the control system for model predictive control.

Advanced Process Technology

The following case studies involve APC’s use of the CAMO
Multivariate Data Analysis (MVDA) Unscrambler® X software
package to support biopharma partners and bioprocess
development and optimization. The CAMO Unscrambler®X
software package offers several tools that allow the user to
extract the potential correlative

which robust process sensors exist, such as temperature,
pH, and dissolved oxygen. However, to determine the critical
quality attributes of the typical bioprocess, we require informa-
tion of factors like the substrate and byproducts, which often
affect the product quality and product titer. Identification of
metabolites in a cell culture process is not trivial; because cell
culture media are very complex, the concentration of different
chemical species is low and many are structurally similar.
APC used a Kaiser Raman spectroscopic system to monitor
in real time a typical fed batch mammalian cell bioreactor

structure between the garnered
spectral data.

Figure 6: Sample of real-time workflow with PAT and MVA.
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process using a DASGIP® Parallel Bioreactor System from
Eppendorf. Because Raman spectroscopy requires the use
of MVA, the Unscrambler® X package was helpful.

Applying PAT complemented by MVA was key in transi-
tioning from a traditional bioreactor approach, which lacks
online measurements of the key critical bioprocess parameters.

Figure 7 illustrates the output of the chemometric PLS
model built by APC for a standard bolus Chinese hamster
ovary cell fed batch bioprocess. There is good agreement
between the online Raman determined readings and the
offline reference method deter-

operations, process variables, and process parameters
contributed to variability in product quality between the sites.

MVA indicated the bioreactor was the key unit of operation
causing the variability in product quality attributes. Bioreactor
processes are very complex, nonlinear, and multivariate, as
stated. Bioprocess performance depends on the cell quality,
the media composition (i.e., raw material lots), and bioreactor
environmental parameters (pH, dissolved oxygen, temperature).

The CAMO Unscrambler® X package was used to drill
down and understand what parameters were contributing

mined readings for biomass,

' Figure 8: Delivering continuous feed with the introduction of a control algorithm.

the main nutrients (i.e., glucose
and glutamine), and the main
byproducts (i.e., lactate and
ammonia) for this bioprocess.

Overall, with the ability to
generate a validated chemo-
metric model for biomass and
the main nutrients and byprod-
ucts for this bioprocess, the
researchers used the dual action
of the PAT instrumentation (i.e.,
Raman) and the MVA package
(i.e., CAMO Unscrambler® X)
to close the loop on a critical
process parameter (i.e., glucose).
With the introduction of a control
algorithm (i.e., model predictive
control), they could deliver a
continuous feed to support cell
growth and productivity (see
Figure 8).
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l Figure 9: Solutions for bioprocesses.
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to the variability. MVA score plots increased process under-
standing of the batch data, and combined with evolution
plots, it was determined that the two sites were using dif-
ferent pH deadbands.

Bioprocess Solutions

Several solutions are available to support DoE workflows
and MVA. Regarding DoE, a small-scale system may be
most efficient for helping to run the numerous experiments
required in a DoE workflow, which are often done in parallel.
The Eppendorf DASbox® Mini Bioreactor System, for example,
is well-suited for this purpose. With an integrated DoE plugin,
one can easily map different set points coming from a design
space or statistical tool.

For MVA, one can generate a “golden” batch model based
on historical data collected from bench-scale systems (e.g.,
Eppendorf BioFlo® 120 or 320). Those bench models are easily
generated in the CAMO Unscrambler® X software with the

bench model plugin and then can be transferred and applied
in the CAMO Process Pulse Il software for real-time MVA.

Seamless integration between all tools is essential for
both DoE and MVA workflows, and control software (e.g.,
DASware® control 5) is helpful for this purpose.

Figure 9 illustrates the interplay of different components.
The DoE tool is seamlessly integrated into the bioprocess con-
trol software (blue). Online data from the bioprocess system
is used to monitor and control the bioprocess based on the
golden batch model (brown).

Summary

MVA and DoE techniques enable biopharmaceutical com-
panies to improve their data analysis and ultimately speed
development, reduce process-related costs and reduce time
to market. MVA has significant advantages over traditional
statistical methods and can be an especially powerful tool for
when combined with PAT.




