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Abstract: In this study, the continuous Single-Pass Tangential Flow Filtration (SPTFF) concept
is adapted for high protein concentrations. The work is based on the previously validated
physico-chemical model for low concentrations and high viscosities. The model contains the Stagnant
Film Model for concentration polarization, as well as the Boundary Layer Model for the mass
transfer through the membrane. The pressure drop is calculated as a function of the Reynolds
number. By performing preliminary experiments with a single ultrafiltration (UF) cassette, the
model parameter are determined. The presented model is validated for a multi-step Single-Pass
Tangential Flow Filtration. With subsequent simulation studies, an optimized process is found
and confirmed by experiments. The outcome of this work shows the potential to optimize this
multi-parameter dependent unit operation. This is reached by a model-based optimization allowing
significant reduction of experimental efforts and applying the Quality by Design approach consistently.
Furthermore, a comparison between the experimental setup and a commercial module is examined.

Keywords: ultrafiltration; Single-Pass Tangential Flow Filtration (SPTFF); modelling; Continuous
Bioprocessing (CBP); Conceptual Process Design (CPD); Quality by Design (QbD); membrane process

1. Introduction

In biopharmaceutical processes, membrane-based unit operations are chosen in several positions
of the downstream processing (DSP). Due to their mild process conditions and low operation costs,
they are used for different tasks in between the main purification steps. Next to sterile filtration,
the protein concentration is enhanced by ultrafiltration and to exchange the surrounding medium
diafiltration is used [1–12]. On the one hand, they are placed in front of the most purification steps
to enhance their performance and lower production costs and on the other hand they are used in
the end of the process for the formulation of the target protein [6]. The concentration of monoclonal
antibodies for therapeutic use exceeds 150 g/L. These high concentrations of target molecules lead
to increased viscosity and reaches values up to of 80 mPa·s [13]. This not only affects the pressure
drop, but significantly lowers the filtration performance of the filtration setup and therefore boosts
expenditure (OPEX). Even though solution adjustments of the pH value or by adding excipients are
possible to lower the mentioned effects [14,15], a risk for precipitation remains with increasing salt
concentrations [16]. Another approach to handle these highly concentrated solutions is by altering the
filtration setup or geometries of the membrane cassettes.

Like in the previous study, this work focusses on modelling an SPTFF unit for ultrafiltration
purposes [1]. Further information on the setup of continuous ultrafiltration and especially the multistep

Processes 2019, 7, 781; doi:10.3390/pr7110781 www.mdpi.com/journal/processes

http://www.mdpi.com/journal/processes
http://www.mdpi.com
http://www.mdpi.com/2227-9717/7/11/781?type=check_update&version=1
http://dx.doi.org/10.3390/pr7110781
http://www.mdpi.com/journal/processes


Processes 2019, 7, 781 2 of 18

SPTFF is discussed in [1] as well. By implementing process models in the early stage of a process
development, different combinations of unit operations can be evaluated. Next to the increased
process development, process robustness and quality of the product are needed. Therefore, the
Quality-by-Design (QbD) approach is demanded by authorities [17–25]. An exemplary workflow for
fast process development with usage of model-based process design is visualized in Figure 1. The red
square marks the focused area, which is presented in this manuscript. To help evaluate the stability of
each operation point inside the design space and sensitivities relating to operation parameters have
to be identified. This leads to a more robust process. Because practical experiments would exceed a
rational amount, model assisted process design is a promising approach.
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Figure 1. Workflow chart for process design with process modelling as its central part [26]. Reproduced
with permission from A. Schmidt, Processes; published by MDPI, 2019. (With process analytical
technology abbreviated PAT and DoE standing for design of experiments.).

If model accuracy and precision are proven by few experiments, not only optimized assemblies can
be developed, but also control strategies can be designed afterwards. For this purpose, the correlations
must cover all possible parameters and ensure a stable process point. But at the first step, the critical
quality attributes and product profiles have to be defined. Additionally, a risk assessment is required,
which can be visualized with aid of Ishikawa diagrams and failure-mode-effect-analysis like shown in
Figure 2. Even though this is not part of the model itself, it is part of the QbD approach. More on, this
is helpful to define all necessary variables, which are relevant for position in the process.
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Figure 2. Quality-by-Design (QbD) assessment for ultrafiltration (UF) and diafiltration: Ishikawa
diagram and Failure-Mode-Effect-Analysis (FMEA).

While the Ishikawa (or Fish Bone) diagram is a qualitative approach to visualize the influences of
the process, the Failure-Mode-Effect-Analysis (FMEA) is more quantitative and sorts relevant effects
regarding its occurrence and its impact. In case of continuous ultrafiltration for proteins, the process is
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mainly influenced by pressure and flowrate. While higher flow rates increase the throughput, they
also lead to higher feed pressures and pressure losses. Furthermore, the used equipment sets the
boundaries for possible throughput and the used membrane configurations have an impact on the
feed pressure resulting from the feed flow. Besides this process optimization, fluctuating pH values or
other solubility reducers can affect the stability of the protein and lead to precipitation [16]. This can
result in fouling and reduction of filtration performance, but in a late stage of DSP, this is not likely to
occur, which reduces the necessity for this aspect. The general workflow for model development is
presented in Figure 3.
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Step 1

At first, the design space has to be defined [26–30]. Like mentioned in Figure 2, ultrafiltration and
specifically SPTFF is affected by several influences, like equipment (e.g., cassettes, setup), operating
parameters (feed pressure, feed flow) and solution properties (concentration target component (TC),
density, viscosity). This design space in return defines the necessary variables that the model must be
able to reproduce (for example volumetric concentration factor (VCF) and pressure drop). In the sub
sequential procedure, suitable equations have to be found from literature and prior knowledge to fulfill
this task. Whether these equations lead to the correct results, can be checked with different approaches,
like comparison of results to experimental or literature data. In case of this study, Step 1 is described in
the previous study for protein concentrations below 5 g/L, but high viscosities up to 8 m Pas [1].

Step 2

The second decision is based on sensitivity of process parameters. To develop a robust process, the
sensitivity of each parameter affecting the unit operation has to be determined. By defining the possible
range of the parameters, like design space of operating parameters or tolerances of the cassette, a
model-based parameter study can be performed. Since the number of simulations is favorable reduced,
statistical analyses of a design-of-experiments (DoE) plan are performed.
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By feeding the simulation results into analysis tools, Pareto charts of standardized effects can be
generated to visualize significance values. Using this analysis tools, it has to be kept in mind, that it is
only valid for the given design space and is not applicable for further use without additional tests.

Step 3

Followed by the sensitivity study, the parameter determination concept is developed. Less
significant parameters need a lower accuracy compared to sensitive parameters. The determination
concept itself should separate effects so that the model itself becomes more modular. This modular
approach allows a greater transferability to other systems. Geometrical properties should be measured
first, solution properties in a sequential step [1].

As a next step simulation and experimental results are compared for model validation. While this
can be performed for each effect in a final attempt it has to be validated for the whole process step.
In case of the researched multi-step SPTFF this also transfers the simulation from single cassettes to
parallel and sequential structures. Due to this fact, small variations in the first stage can result in larger
deviations in later stages, due to different ingoing parameters.

Step 4

This last step is focused on the optimized operation point. For the performed simulation study, it
has to be justified, that these studies are analyzed for the quality and performance attributes. In case
of ultrafiltration, for example, concentration of the target protein and flux are target variables. This
information, as well as the input parameters and boundaries, are fed into a statistical analysis tool.
Partial least square (PLS) regression now helps to identify the correlations between input parameters
and target values. Although PLS regression does not find causal relationships, it shows correlating
effects. This helps to find critical process parameter and assesses the stability of the operation point.

With concluding these 4 steps, the model itself is verified and validated. Process development
for the researched system, can be developed and optimized using the model. Model assisted process
development was already performed for different unit operations: solid-liquid (phyto-) extraction [27],
aqueous two-phase extraction of monoclonal antibodies [26], upstream fermentation of monoclonal
antibodies [29] and chromatographic separation [30].

With this systematic approach, modelling can reduce experiments and accelerate the process
design [28,31,32]. Furthermore, the optimal process parameters for a chosen design can be determined.
The used model describes the mass transfer through the channel with a mass balance in which flux
through the membrane results in lower velocity of the retentate stream. Furthermore, mass transfer
through the membrane is described by using a Boundary Layer Model (BLM). With this model
development of pressure, concentration, and flux can be visualized for the optical non-transparent
device. With this visualization a process design of ultrafiltration modules becomes more reasonable
and in a subsequent step the SPTFF module can be designed a priori. Additionally, the results of the
experimental setup are compared to a commercial Cadence™ Single-Pass Tangential-Flow-Filtration
Modular Kit.

2. Theory

2.1. Model Development

The presented model for SPTFF is based on earlier validated batch ultrafiltration models [7–10].
The model. It was transferred and enhanced for continuous ultrafiltration in the previous work [1].

2.1.1. Concentration Polarization

One of the major influences on tangential flow filtration is the concentration polarization. It
reduces the flux and therefore lowers retentate concentrations. It can be calculated with the stagnant
film model (SFM) developed by Michaels [33].
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Jv = kf· ln
(

cM

cB

)
(1)

With Jv for the volumetric flux through the membrane, kf as mass transfer coefficient, cB is the
concentration in the bulk phase and cM for the target component at the membrane wall. By changing
the surrounding conditions like solution- or hydrodynamic influences this effect can be altered. For
modelling a dynamic calculation of the mass transport coefficient is necessary. For this, the Sherwood
correlation is used in this work.

Sh =
kf · lch

Dp
(2)

The Sherwood number Sh is also derived from the following equations, consisting of the Schmidt
number Equation (4) and the Reynolds number.

Sh = 1.664 + 0.33 · Sc0.33
·Re0.33 (3)

Sc =
ηSol

ρSol ·DP
(4)

Re =
ueff · lch · ρSol

ηSol
(5)

The dynamic viscosity and molecular diffusion coefficient are calculated by the following
correlations [8,13].

ηSol = 1 · 10−6
· c3

B − 3 · 10−4
· c2

B + 4.11 · 10−2
· cB (6)

DP = 8.314·10−8

 cm·g
4
3

K·s2·mol
1
3

· T

ηSol·M
1
3

(7)

The effective velocity is derived from Equation (8) [8]:

ueff =

.
V
A

=

.
V

dh·wch
(8)

With A as the cross-sectional area and
.

V as the volume flow. The cross-sectional area is the product
of the hydraulic diameter and the width of the membrane channel. In case of the used TFF cassettes,
it is described by the hydraulic diameter and the width of the used screen [34,35]. For modelling, it
assumed that effective velocity is reduced due to permeate flow, while the volume of solution in the
membrane channel stays constant.

2.1.2. Boundary Layer Model

To describe the mass transport through the membrane the BLM is used. For this, on the one
hand, the osmotic pressure difference has to be considered [3,8,11,33,36–38]. The difference of osmotic
pressure lowers the driving force and results in a lowered mass transport through the membrane. For
bovine serum albumin (BSA) the following equation describes the concentration depending.

POsm =
[
3.7·10−1

·cM − 2.98·10−3
·c2

M + 1·10−5
·c3

M

]
(9)

On the other hand, the intrinsic resistance of the membrane and the boundary layer resistance
have to be determined. With the assumption of complete retention of the target molecule the flux is
finally described by Equation (10) [1,39].
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Jv =
TMP− POsm

ηp·(RM + RBL)
(10)

where the transmembrane pressure is abbreviated TMP, POsm represents the osmotic pressure, ηp

describes the dynamic viscosity of permeate, RM represents the membrane resistance, and RBL the
boundary layer resistance.

2.1.3. Pressure Drop

The transmembrane pressure is not constant over the filtration path. The definition of the pressure
loss at each point is described by the following term.

∆p = pin − pout (11)

This pressure loss is influenced by the geometry of the membrane and the density of the solution.
For modelling the drag coefficient cd membrane [33,34,36,40,41], with dh being the hydraulic diameter
of the membrane.

∆p =
cd·ρSolution · ueff

2
·lch

2·dh
(12)

The drag coefficient cd is calculated from the plot over the Reynolds number Equation (13).

cd = Xc·ReYc (13)

With Xc and Yc as experimental parameters, which must be determined for each cassette-type [41].

2.2. Influence of Protein Concentration

For filtration, the composition of the solution, especially the protein concentration, has major
influences. While these influences have not been considered in the previous study [1], this work
focusses on high protein concentrations. Figure 4 visualizes how the protein concentration affects
osmotic pressure and dynamic viscosity of BSA [1,8]. In both cases, a high concentration leads to major
reduction of filtration performance. While the osmotic pressure decreases with the salt concentration of
the buffer system, like Binabaji et al. presented for a monoclonal antibody [14], it has to be considered
for low salt solutions.
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With the curve in Figure 4 it gets obvious that after a concentration of around 80 g/L both, osmotic
pressure and dynamic viscosity, have a significant effect, which accelerates with increasing protein
concentration. For formulation purposes, it has to be shown that the filtration step is also predictable
and may be optimized with model calculations.

3. Material & Methods

3.1. Filtration Setup

For experimental work 30 kDa T01 cassettes (Pall, Waltham, MA, USA) with an area of 100 cm2

per cassette and a screen channel were used. Each single membrane and membrane stacks were
inserted into membrane holders, with 1/8” in and outlets. In addition to the stage-separated setup, the
results were compared to a Cadence™ SPTFF Modular Kit (Pall, Waltham, MA, USA). For pumping a
Quattroflow QF 150 (Almatec, Duisburg, Germany) was used. For both setups 1/8” tubing was used.

3.2. Media

Each experiment was performed with 5 L of an 80 g/L BSA solution. The value 80 g/L was chosen,
assuming the given setup reaches a VCF of at around 2 and therefore a final concentration of 150 g/L
is achievable. The protein was dissolved in a 10 mM KPi buffer at a pH value of 7. For clean water
resistance tests (CWRT), purified water was acquired with the Sartorius arium® 157 pro (Sartorius®,
Gottingen, Germany).

3.3. Analytics

For inline measurements of the divided setup five pressure transmitters AP016 (Autosen, Essen,
Germany) were used. In case of the modular kit two of the same kind were applied. The weight
development of feed, retentate and all permeate streams were measured with PCE-TB 6 scales (PCE
Deutschland GmbH, Meschede, Germany).

3.4. Dataset for Modelling

All module related parameters, like geometries, resistances, and drag factors were measured
experimentally. Solution properties of the BSA were based on the correlations from [8].

At first, a single cassette had to be measured regarding its geometrical data (Area, hydraulic
diameter). Furthermore, its intrinsic membrane resistance (RMem) and drag coefficient (cd) were
determined via clean water resistance tests (CWRTs) [1]. In the following step the 80 g/L BSA
solution were filtrated at several transmembrane pressures and flowrates using retentate valves. With
information of these experiments RBL can be determined. The model was built in Aspen Custom
Modeler™ (Aspen Tech, Bedford, MA, USA), statistical analysis was performed with JMP (SAS Institute,
Cary, NC, USA) and the PLS with Unscrambler® X (Camo Analytics, Oslo, Norway).

3.5. Design of Experiments

Ultrafiltration setups, like the SPTFF, have several process parameters. On the one hand, there are
the geometrical properties (area per cassette, screen geometries) predetermined by the supplier and
chosen setup and on the other hand, there are feed flow, feed pressure and temperature. While the
type of the cassettes was not varied during this study, the setup of the SPTFF is changeable. Due to
temperature sensitivity of the target protein, it is not rational to alter the temperature. In addition, in a
laboratory setup feed flow and feed pressure affect each other, which reduces the process parameter
to one active parameter. In case of this work feed pressure was chosen. The upper limit was 4 bar,
given by the supplier. The lower limit on the other hand, is based on a minimal throughput of around
50 mL/min for the commercial 4-in-series module of Pall and equals 2 bar. For validation of the
SPTFF filtration model the center point was performed three times under the same conditions. Each
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experiment had a duration of 60 min and samples were taken from the retentate in 5 min steps. After
each experiment the membranes were cleaned with 0.2 M NaOH and stored in 0.1 M NaOH.

4. Results and Discussion

4.1. Sensitivity Study

With the generated model a sensitivity study of several parameters is examined. This is performed
to investigate the influences of several process parameters on the process itself. In this case, only one
cassette is considered. The different variables and ranges are described in Table 1.

Table 1. Sensitivity study: Feed parameter and expected effect for pressure drop and volumetric
concentration factor (VCF) for a single cassette in Single-Pass Tangential Flow Filtration (SPTFF).

Variable Range Unit Explanation Expected Effect

Pressure drop VCF

Feed
concentration 75–85 (g/L)

80 g/L represents the medium
concentration, with 5 g/L variation to
represent process fluctuations of prior

separation units.

Low Medium

Feed flow 17–45 (mL/min)

With 50 mL/min as minimal
throughput for the stacked system,

17 mL represents the lower boundary
for a single cassette. With the used
pump the maximal feed flow was

45 mL per channel, until 4 bar feed
pressure are reached.

High High

Feed pressure 2.0–4.0 (bar)

2 bar represent the minimal pressure
which is reached at 50 mL/min for a

stacked system. 4 bar is the maximum
operation pressure, described by the

manufacturer.

High High

Membrane
length 1.39–1.43 (dm) For length and width of the

membrane a tolerance of ± 2 mm
is assumed

Low No

Membrane
width 0.34–0.38 (dm) Medium Low

Drag factor Xc 30–35 (-) For both drag factor coefficients, the
variation of the drag coefficients of

the previous study are taken

Medium Low

Drag factor Yc −0.75–−0.80 (-) Medium Low

RM 2.5–4.0 (1/m) × 1012
For membrane resistance the range of
typical values for 30 kDa membranes

are taken.
Low Medium

RBL 1–20 (1/m) × 1012

The boundary layer resistance
showed a broad variation in prior

experiments. To represent this, a large
range is assumed

Medium High

The results for this sensitivity study for the process variables pressure drop, flux, concentration of
retentate, and volumetric concentration factor (VCF), which describes the ration between final and
inital concentration, are shown in Figure 5a–d. In these charts red marked Influences had a negative
t-ratio, while blue ones had a positive one. For the analysis 67 simulations have been performed
including a 3 time repetition of the center point. The simulations proved to be sufficient for a p-value
lower than 0.0001 for simulation vs. prediction response.

As we can see in Figure 5b–d, the RBL is the most sensitive parameter. In addition, the feed flow
has a great sensitivity especially for the pressure drop of the system. While the drag coefficients of a
cassette had no sensitive effect on cRet, flux and VCF of a single cassette, it is sensitive for the pressure
drop of the system. More on, it would affect a multistep filtration for the other variables as well because
the pressure loss would result in a reduced feed pressure for the sequential cassette. Since pressure loss,
flux, cRet and retentate concentration affect each other, it should be noted that none of the considered
parameters can be neglected. Especially the feed flow and the boundary layer resistance have to be
emphasized as extremely sensitive factors which have a vital influence on the ultrafiltration step.
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Figure 5. Sensitivity study—Pareto diagrams for (a) pressure drop (b) flux (c) concentration of retentate
(d) volumetric concentration factor (VCF)—positive t-ratios are marked blue and negative ones are
marked red.

4.2. Parameter Determination

Like those presented in the previous manuscript [1] and mentioned above, membranes are
characterized as the first step. These geometry depending parameters are displayed in Table 2. The
generated curve to determine the drag factor coefficients is shown in Figure 6a.

Table 2. Module parameter.

Parameter Unit Value

Effective membrane area per cassette (m2) 0.01
Hydraulic diameter (m) 1.01 × 10−4

Drag factor coefficients
Xc (-) 36.8
Yc (-) −0.68
RM (1/m) × 1012 3.25 ± 0.4
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Figure 6. Parameter determination curves for (a) drag factor coefficients with R2 0.98 and (b) boundary
layer resistance with R2 0.97.

The second step is to determine the influences on RBL with a single cassette. In Figure 6b the
resistance is plotted to all the influences evident from the experiments. These are the concentration
of the protein at the membrane, the flow regime represented by the Reynolds number and the main
driving force which is the TMP lowered by the osmotic pressure.

At low flowrates the resistance increases drastically, while higher flowrates lead to a strongly
reduced value. In addition, higher concentrations and high transmembrane pressures raise the
resistance and therefore reduce the filtration capability of cassettes. The performed experiments lead
to the following correlation:

RBl = XR·(
Re

cM·(TMP− POsm)
)

YR

(14)

With the values 8694 g2
·s2

dm5 for XR and −0.84 for YR at a R2 of 0.97.

4.3. Model Validation

For validation of the model, the 4-in series setup by Pall is used, like in the previous work [1]. It
consists of a 3-2-1-1 structure, where stage 1 and 2 have parallel structures (3 cassettes in stage 1, 2
cassettes in stage 2). The comparison between experiment and model is visualized in Figure 7 and
the resulting process variables shown in Table 3. In this figure, the horizontal axis represents the
length of pathway from inlet of stage 1 to outlet of the final stage. It is sectioned in stages, where each
stage equals the length of one cassette. In case of the T01 a stage corresponds to 14.1 cm. The figure
contains the values for concentration (blue) of the target component. Since measurements inside the
cassette are not possible, the concentration is measured by analyzing permeate and retentate flows.
The concentration at the membrane (orange) is not measurable and therefore cannot be compared with
experiments. In contradiction to the concentration, flux (black) and transmembrane pressure (red) are
presented as the average over the membrane cassette. The feed flow was 67 mL/min at a pressure of
3 bar.
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Figure 7. Axial profiles of concentration(blue), concentration at the membrane (orange), flux (black)
and transmembrane pressure (red) for experiments and model prediction of BSA filtration.

Table 3. Comparison of experimental and simulated process variables.

VCF (-) Pressure Drop (bar)

Experiment 2.31 ± 0.12 2.92 ± 0.01
Model prediction 2.19 ± 0.12 3.00 ± 0.00

Difference 5.2% 2.8%

The predicted process variables of the simulation match the experimental data with only a
difference of 5.2% in VCF. It is detectable, that the model slightly underestimates the flux, resulting in
an increased retentate flow. Due to the higher velocity, the pressure drop is increased compared to the
experiments. But keeping the different sensitivities in mind, it is obvious that the presented model is
capable to predict the experimental data with a high accuracy, by knowing feed flow and feed pressure.
Based on these results, it is possible to perform model-based optimization studies.

4.4. Model Assited Optimization

In this chapter, the model is used to perform the setup and operation parameter study. Because
feed pressure and feed flow are, only one operational parameter is active and for this study, the feed
pressure was chosen. The feed flow for each setup was estimated by the results from parameter
determination. It is assumed, that each stage has a VCF of 1.3 which is the average factor of each stage
in the validation (chapter 4.2) experiment and the overall pressure drop of all stages leads to the feed
pressure of stage 1. The simulated results of feed pressure variation for different setups are depicted in
Figure 8a–d and it is an adaption from the optimization procedure shown in [42]. The different setups
consist of 6 to 8 cassettes, to have just a little variation to the standard setup. In addition, a subsequent
stage does not contain more cassettes than the preceding stage.
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Figure 8. Simulated values for different setups (a) Volumetric concentration factor vs. feed pressure (b)
Volumetric concentration factor vs. permeate flux (c) Feed flux vs. Mass throughput (d) feed flux vs.
permeate flux.

Figure 8a visualizes that for all setups an increase of pressure does not lead to an improved
filtration performance. In each considered case the VCF is lowered, when the pressure is raised. In
addition, the VCF is also reduced with increased permeate flux. This is because feed flux and permeate
flux have a nearly linear dependency where the gradient of each filtration setup is greater than 1. The
mass throughput per feed flux gradient equals for all setups. From the graphs above, it gets obvious
that the 3-2-2-1 setup has the best results regarding VCF, followed by the 3-3-1-1 in lower pressure
regions and the 2-2-2-2 for pressures greater 2.5 bar. Figure 8d shows that the gradient of feed flux per
permeate flux is lower for the setups, which generate the highest VCF.

Based on this study the 3-2-2-1 setup is chosen as configuration. Its optimal point process
parameter is the lowest feed pressure, which in this case is 2 bar. As the final step of this study,
simulated optimized setup and experimental values are compared in Figure 9 and Table 4. While the
study uses predicted values for feed flow, the comparison between model and optimized experiment
used the feed flow from the experiment. For 2 bar feed pressure the flow is 51.8 mL/min.
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Table 4. Comparison of experimental and simulated process variables for the optimized process.

VCF (-) Pressure Drop (bar)

Experiment 2.44 ±
0.07 1.94 ± 0.08

Model prediction 2.44 ±
0.03 1.79 ± 0.02

Difference 0% 8%

Like in the validation experiment of the center point, visualized in Figure 3, the simulated values
match the experimental values with no difference at the end of the process. Again the flux of the first
stage is slightly underestimated. For the following stages, the flux is consistent with the experiments,
but the pressure loss is lower. This leads to a significant higher flux in the last stage, but all in all
the same final concentration is reached. The pressure drop in the model in contradiction is lower
compared to the experiments. It is obvious that the model is capable to predict the experimental data
with high accuracy.

The last step is to identify the correlations between the input parameters and the resulting process
variables. By performing Monte Carlo simulations for the process parameters and evaluating them
statistically with partial least square (PLS) regression a correlation loading plot is created and shown in
Figure 10. The black points are the predictors and represent the input parameters and the resulting
variables are marked red. By extracting the “principal components” from input parameters and target
variables via PLS regression, the maximum of covariance between predictor and responses is explained.
Even though two factors are often not enough to explain 100% of the variance, the correlation loadings
plot only consists of two factors, which have the main influence. For further clarification, two circles
are inserted. The dotted circle represents the limit for 50% explained variance and the other one the
100% explained variance.



Processes 2019, 7, 781 14 of 18

Processes 2019, 7, x FOR PEER REVIEW 14 of 18 

 

 
Figure 10. Correlation loadings plot visualizing the dependencies of the variables based on Monte 
Carlo simulations. 

As we can see the flux mainly correlates with factor 1 (significant distance to the 0.0 value of 
Factor 1), while the VCF is dominated by factor 2. While the flux positively correlates with feed flow 
and feed pressure (nearly the same position on the visualized plot), which means a high pressure or 
flow results in increased flux, VCF and final concentration negatively correlates with these two 
parameters. An increased flux does not necessarily lead to high concentrations, because the retentate 
flow rises as well and perhaps even stronger than the flux (see Figure 8a–d). While the retentate 
concentration increases at high feed concentrations, the VCF is lowered. This is because an increased 
feed concentration reduces filtration performance, but also has an increased starting point probably 
leading to higher concentrations. All parameters around the center, which in this case are the 
tolerances of geometrical dimensions and the intrinsic membrane resistance, are less important, 
which agrees with the sensitivity study in chapter 4.1. 

4.5. Comparison to Commercial SPTFF-Kit 

In Addition, the experiments above were performed with a Cadence™ Single-Pass TFF Modular 
Kit. For this, the same cassettes are used and stacked into a single membrane unit. In this case, no 
pressure detectors are set in between the stages and the separation and junction of the different 
retentate streams are performed by special gaskets. For the modular kit, the feed flow leads to a 
higher feed pressure resulting in the assumption that the outlet of the retentate is smaller than 1/8”. 
At 3 bars the feed flow equals 57 mL/min and for 2 bar it reduces to 49 mL/min. The comparison 
between model and performed experiments is shown in Table 5. 

Table 5. Comparison of experimental and simulated process variables for SPTFF kit. 

 Validation Experiment Optimized Process 
 VCF [-] Pressure Drop [bar] VCF [-] Pressure Drop [bar] 

Experiment 2.37 ± 0.02 2.84 ± 0.1 2.41 ± 0.05 1.98 ± 0.01 
Model prediction 2.46 ± 0.05 2.66 ± 0.1 2.48 ± 0.02 1.69 ± 0.02 

Difference 4.7% 6.4% 3.1% 10% 

Like in the previous tests with separated stages, the model is capable to predict the VCF with a 
difference lower than 5%. In both cases the model has slightly better results than the experiments 
themselves. For obvious reasons the pressure drop shows a much higher difference up to 10%, 
because the retentate valve is not implemented in the model. More on, just a minor improvement due 

Figure 10. Correlation loadings plot visualizing the dependencies of the variables based on Monte
Carlo simulations.

As we can see the flux mainly correlates with factor 1 (significant distance to the 0.0 value of Factor
1), while the VCF is dominated by factor 2. While the flux positively correlates with feed flow and feed
pressure (nearly the same position on the visualized plot), which means a high pressure or flow results
in increased flux, VCF and final concentration negatively correlates with these two parameters. An
increased flux does not necessarily lead to high concentrations, because the retentate flow rises as well
and perhaps even stronger than the flux (see Figure 8a–d). While the retentate concentration increases
at high feed concentrations, the VCF is lowered. This is because an increased feed concentration
reduces filtration performance, but also has an increased starting point probably leading to higher
concentrations. All parameters around the center, which in this case are the tolerances of geometrical
dimensions and the intrinsic membrane resistance, are less important, which agrees with the sensitivity
study in chapter 4.1.

4.5. Comparison to Commercial SPTFF-Kit

In Addition, the experiments above were performed with a Cadence™ Single-Pass TFF Modular
Kit. For this, the same cassettes are used and stacked into a single membrane unit. In this case, no
pressure detectors are set in between the stages and the separation and junction of the different retentate
streams are performed by special gaskets. For the modular kit, the feed flow leads to a higher feed
pressure resulting in the assumption that the outlet of the retentate is smaller than 1/8”. At 3 bars the
feed flow equals 57 mL/min and for 2 bar it reduces to 49 mL/min. The comparison between model
and performed experiments is shown in Table 5.

Table 5. Comparison of experimental and simulated process variables for SPTFF kit.

Validation Experiment Optimized Process

VCF [-] Pressure Drop
[bar] VCF [-] Pressure Drop

[bar]

Experiment 2.37 ± 0.02 2.84 ± 0.1 2.41 ± 0.05 1.98 ± 0.01
Model prediction 2.46 ± 0.05 2.66 ± 0.1 2.48 ± 0.02 1.69 ± 0.02

Difference 4.7% 6.4% 3.1% 10%
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Like in the previous tests with separated stages, the model is capable to predict the VCF with
a difference lower than 5%. In both cases the model has slightly better results than the experiments
themselves. For obvious reasons the pressure drop shows a much higher difference up to 10%, because
the retentate valve is not implemented in the model. More on, just a minor improvement due to
lowering of the TMP and insertion of an additional cassette is detectable. These experiments contradict
the assumption, that retentate valves have no significant effect [12]. While this effect probably lowers
with number of stages, in case of the researched 4-stage setup the valve has a significant influence.
However, it should be noted that the model can also be used for the kit, but feed flow and feed pressure
must be known for this.

5. Conclusions

This study for modelling a continuous ultrafiltration step showed the possibility to develop a
versatile process design and optimization tool for high concentrated protein solutions. By separating
the general model into different sub models and divide the membrane model into geometry depending
and solution depending properties, accurate predictive simulations can be performed. Like in the
previous study [1] accurate predictions for the VCF are reached with less than 5% divergence to
experimental values. It has been shown that for a system without a retentate valve the performance
can be increased by adding a second membrane to stage 3 and reducing the feed pressure to 2 bar. In
case of the Cadence® SPTFF Kit a fixed reduction of the cross-sectional area in the end of the module
makes an insertion of an additional membrane negligible. As it gets obvious that the TMP should be
as low as possible, from a production point of view a compromise between throughput and VCF has to
be found. By performing the PLS regression the dependencies are presented and the model is verified.

In order to transfer this approach to diafiltration, the parameter and dependencies for
solution-based properties have to be investigated. On the one hand, the development of density and
viscosity with concentration can variate and on the other hand RBL and POsm can be altered, too.

As it is presented in this study, it is possible to predict filtration behavior of a complex setup
based on single cassette performances with a small amount of experiments. Furthermore, all necessary
experiments can be performed with a single cassette and are transferable to complex setups. This
enables a process design a priori and reduces possible experimental effort, if the configuration of
different stages is changeable.
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Symbols and Abbreviations

A Factor for osmotic Pressure
BLM Boundary layer model
BSA Bovine serum albumin
C Concentration in the liquid phase, g/L
cM Concentration at membrane, g/L
cB Concentration in bulk phase, g/L
cF Concentration of feed, g/L
cRet Concentration of retentate, g/L
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CWRT Clean water resistance test
dh Hydraulic diameter, m
DoE Design of experiments
Dp Molecular diffusion coefficient, m2/s
DSP Downstream processing
FMEA Failure Modes and Effect Analysis
Jv Volumetric flux, L/m2/h
kf Mass transfer coefficient, m/s
Lch Length of channel, m
OPEX Operational expenditure
P Pressure, bar
PAT Process analytical technology
PLS Partial least square
pOSM Osmotic pressure, bar
QbD Quality by design
RM Resistance of Membrane, 1/m
RBL Resistance of Boundary layer, 1/m
Sc Schmidt number, -
SC Side component
Sh Sherwood number
SFM Stagnant film model
T Temperature, ◦C
TC Target component
TMP Transmembrane pressure, bar
ueff Effective velocity, m/s
V Volume, dm3

wch Width of channel, m
VCF Volumetric concentration factor, -
Xc Factor for drag coefficient, -
XR Factor for boundary layer resistance, g2

·s2/dm5

Yc Exponent for drag coefficient, -
YR Exponent for boundary layer resistance, -
ρSol density of solution, g/L
ηSol dynamic viscosity of solution, g/m/s
ηp dynamic viscosity of permeate, g/m/s
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