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a b s t r a c t
In preparative protein chromatography, broad dynamic ranges of protein concentrations as well as coelution of product and impurities are common. Despite being the standard in biopharmaceutical production, monitoring of preparative chromatography is generally limited to surrogate signals, e.g. UV absorbance at 280 nm. To address this problem, variable pathlength (VP) spectroscopy in conjunction with
Partial Least Squares regression (PLS) was used to monitor preparative chromatography. While VP spectroscopy enabled the acquisition of absorbance data for a broad concentration range, PLS modelling
allowed for the differentiation between the protein species. The approach was first implemented for
monitoring the separation of lysozyme from cytochrome c at an overall loading density of 92 g/l. The
same method was then applied to the polishing step of a monoclonal antibody (mAb) at 40 g/l loading
density. For PLS model prediction of the mAb monomer and the high molecular weight variants
(HMWs), the root mean square error (RMSE) was 1.07 g/l and 0.42 g/l respectively. To demonstrate the
usability of the approach for in-line control, pooling decisions for both separation problems were subsequently taken based on the computed concentrations or thereof derived purities. In summary, VP spectroscopy in conjunction with PLS modelling is a promising option for in-line monitoring and control of
future chromatography steps at large scale.
Ó 2017 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction
In current purification processes of biopharmaceuticals, preparative liquid chromatography is key for separating the target product from media components, DNA, host cell proteins, and
product related impurities (Carta and Jungbauer, 2010). The
method is used because of its high separative power while minimizing product loss. Despite being the standard, monitoring of
preparative chromatography is generally limited to surrogate signals, e.g. UV absorbance at 280 nm. The Process Analytical Technology (PAT) initiative of the US Food and Drug Adminstration (FDA)
however promotes the acquisition of critical quality attributes in
(near) real-time (PAT, 2004). Especially for chromatography, PAT
is an active field of research (Rathore et al., 2010; Rathore and
Kapoor, 2015).
Preparative chromatographic processes are generally run at
high loading densities to realize efficient processes (Carta and
Jungbauer, 2010). High loading densities subsequently lead to a
broad range of protein concentrations eluting from the column.
Thus, monitoring techniques must feature a broad dynamic range
to capture the peak concentration as well as lower concentrated
impurities in the peak flanks. Furthermore, due to the limited resolution of preparative chromatography, baseline separation
between product and impurities is rarely achieved. PAT techniques
should therefore selectively quantify the product and the main
impurities. Due to the rapid changes in chromatography, the typical decision time within chromatographic processes is limited
(Rüdt et al., 2017a; Rathore et al., 2010).
In literature, a number of different approaches have been proposed for (near) real-time monitoring of chromatography. Online monitoring and control of preparative chromatography has
been realized by automated sampling and subsequent analysis by
high performance liquid chromatography (Fahrner et al., 1998;
Kaltenbrunner et al., 2012; Rathore et al., 2010). The broad concentration ranges in preparative liquid chromatography can be managed easily by varying injection volumes. Disadvantages
comprise time delay due to sample handling and assay times as
well as the risk of contamination.
Fourier Transform Infrared (FTIR) spectroscopy has been
applied for at-line monitoring of downstream processes (Capito
et al., 2015). Samples were taken at various stages of downstream
processing, dried and subsequently measured by FTIR. The method
allowed to quantify product, high molecular weight variants
(HMWs), and host cell proteins over a broad range of concentrations. Despite showing promising results, at-line measurements
bear the risk of introducing operator errors and may increase the
risk of contamination. Furthermore, the delay due to sample handling and measuring times may be too long for the typical decision
times in chromatography.
Previously, UV/Vis spectroscopy has been proposed as a method
for in-line monitoring of chromatographic processes (Brestrich et al.,
2014; Brestrich et al., 2015; Rüdt et al., 2017b). Its usefulness was
shown for multicomponent mixtures of model proteins and for
real-life separation problems. Based on UV/Vis spectral data and Partial Least Squares regression (PLS) modelling, process decisions were
taken such as the beginning and end of product pooling. Other applications include high throughput process development (Hansen
et al., 2011; Baumann et al., 2016) and coupling with chromatography modelling (Brestrich et al., 2016). While being very fast and
accurate, previous applications of in-line monitoring using UV/Vis
spectroscopy only took process decisions for separation problems
in diluted conditions. The problem of broad concentration ranges
occurring in preparative liquid chromatography was not addressed.
To increase the dynamic range of spectroscopic acquisitions,
measurement cells have been designed which allow to continuously change the optical pathlength to achieve ideal sensitivity

for virtually any analyte concentration (Doucen et al., 1985;
Flowers and Callender, 1996). This approach in conjunction with
PLS modelling was later successfully applied for monitoring the
chemical oxygen demand of wastewater (Chen et al., 2014). The
methodology has also been further developed by a commercial
vendor for protein related applications. With the commercialized
product, spectra of proteins were acquired at a broad range of concentrations (Thakkar et al., 2012). Samples were studied for spectral effects of protein-protein interactions in UV/Vis with protein
concentrations up to 250 g/l. Recently, an additional product line
has been launched for in-line variable pathlength (VP) measurements. The device is able to provide measurement results up to
absorbances of approximately 80 AU/mm corresponding to a
mAb concentration of almost 600 g/l.
In this publication, we demonstrate in-line monitoring of
preparative chromatography runs by UV/Vis VP spectroscopy in
conjunction with PLS modelling. While VP spectroscopy allowed
to monitor chromatographic processes at almost arbitrary protein
concentrations, PLS models selectively quantified multiple coeluting species from spectral data. The approach was first implemented for the separation of a mixture of the model proteins lysozyme (lys) and cytochrome c (cyt c) at high loading densities.
Former was considered the product, latter the contaminant with
high respectively low concentration in the feed. Subsequently, a
preparative polishing step of mAb monomer and its HMWs was
monitored. To demonstrate the usefulness of this approach for process control, the pooling of products in both separation problems
was controlled in-line based on either the predicted concentrations
of eluting proteins for the model system or on the calculated purity
for the mAb purification.
2. Materials and methods
In both studies, cation exchange chromatography runs with different gradient lengths were executed for PLS model calibration
and confirmation. Thereby, different mixing ratios and concentrations of proteins were obtained in order to span a calibration space
for the PLS models.
2.1. Chromatography instrumentation
All preparative chromatography experiments were performed
on an ÄKTA Pure 25 system equipped with a sample pump S9, a
fraction collector F9-C, a column valve kit (V9-C, for up to 5 columns), a UV-monitor U9-M (2 mm pathlength), a conductivity
monitor C9, and an I/O-box E9. The system was controlled with
Unicorn 6.4.1. (all GE Healthcare, Chalfont St Giles, UK). The column effluent was monitored using a FlowVPE VP UV/Vis spectrometer (C Technologies, Bridgewater, USA). It was integrated into the
flow path of the ÄKTA system between the conductivity monitor
and fraction collector.
The reference analytics of collected fractions was performed
using a Dionex UltiMate 3000 rapid separation liquid chromatography system (Thermo Fisher Scientific, Waltham, USA). The system
was composed of a HPG-3400RS pump, a WPS-3000 analytical
autosampler, a TCC-3000RS column thermostat, and a DAD3000RS detector.
2.2. VP spectroscopy
The FlowVPE VP spectrometer uses a mobile optical fiber to
change the pathlength L of the flow cell (cf. Fig. 1). A VP measurement cycle consists of a screening phase and a subsequent acquisition phase. During the screening phase, optimal pathlengths for the
acquisition phase are estimated based on 3 measurements at
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Fig. 1. VP spectroscopy in chromatography: Each measurement cycle, variable pathlengths L are set by actuating the optical fiber of the FlowVPE. After the screening phase
for the identification of the optimal measurement pathlengths, UV absorbance spectra at five different pathlengths are acquired. The slope mw is calculated for each
wavelength giving a slope spectrum. For a whole chromatography run, this results in a 3-dimensional chromatogram in (time, wavelength, slope).

Ls 2 f5; 25; 100g lm at 280 nm. During the acquisition phase,
absorbances Aw;i are measured at five different pathlengths
i 2 f1; . . . ; 5g for each wavelength of interest w. Based on the
Lambert-Beer law, a linear correlation is assumed between the
e w and the pathlength L (Eq. (1)). By solving
absorbance estimate A
the least squares problem in Eq. (2), slope mw and intercept bw of
the regression are estimated.

e w ðL; bw ; mw Þ ¼ bw þ mw L
A
2
X
e w ðLi ; bw ; mw Þ
Aw;i  A
min

bw ;mw

ð1Þ
ð2Þ

i

As slope spectra are obtained during a whole chromatography
run, the result of an experiment is a point set in (time, wavelength,
slope), thus a 3-dimensional chromatogram. By equating Eq. (1)
and the Lambert-Beer law and taking the derivative with respect
to L, Eq. (3) is obtained.

mw ¼ C eTw

ð3Þ

This shows, that the obtained slope spectra are correlated with
the protein concentrations C over the absorbance coefficients ew .
Since only the slopes are of interest, the fiber offset has no impact
on the final result. Generally, for mid-UV spectra measurement
cycles take approximately 30 s.
2.3. Case study I: separation of Cyt c from Lys
2.3.1. Proteins and buffers
As model system, a protein mixture consisting of lys from hen
egg white and cyt c from equine heart was used (both SigmaAldrich, St. Louis, USA). For the preparative runs, the equilibration
buffer was 20 mM sodium phosphate (pH 7). Elution was carried
out with 20 mM sodium phosphate and 500 mM sodium chloride
(pH 7). For the in-line pooling decision, the sodium chloride concentration was increased to 550 mM to simulate a process disturbance. For reference analytics (analytical cation exchange
chromatography), equilibration was performed with 20 mM Tris
(pH 8) and elution was carried out with 20 mM Tris and 700 mM
sodium chloride (pH 8). All buffer components were purchased
from VWR, West Chester, USA. The buffers were prepared with

Ultrapure Water (PURELAB Ultra, ELGA LabWater, Viola Water
Technologies, Saint-Maurice, France), filtrated with a cellulose
acetate filter with a pore size of 0.22 lm (Pall, Port Washington,
USA), and degassed by sonification before usage.
2.3.2. Chromatography runs
A HiTrap 16  25 mm column prepacked with SP Sepharose FF
(GE Healthcare) was first equilibrated for 5 column volumes
(CVs) and then loaded with 418 mg lys and 41.8 mg cyt c. After a
wash of 1 CV with equilibration buffer, the proteins were eluted
by performing a linear gradient from 0 to 100% elution buffer.
The gradient length was 2, 4, 6, and 8 CVs. While the results of
the runs with gradient lengths 2, 4, and 8 CVs were applied for
the PLS model calibration, the run with a gradient length of 6
CVs was used to confirm the model. At the beginning of each linear
gradient, data acquisition of the FlowVPE was started and slope
spectra from 240 nm to 300 nm with 2 nm resolution were
obtained. After the linear gradient elution, the column was regenerated for 3 CVs with the elution buffer. The flow rate was kept
constant at 0.5 ml/min for all steps and experiments. During the
elution and regeneration, 1000 ll fractions were collected in deep
well plates (VWR).
2.3.3. Reference analytics
The collected fractions were analyzed by analytical cation
exchange chromatography. For each injection, the Proswift SCX1S 4:6  50 mm column (Thermo Fisher Scientific) was first equilibrated for 2 min, loaded with sample, washed for 0.5 min with
equilibration buffer, and eluted with a linear salt gradient from
10 to 100% elution buffer in 2 min. The column was subsequently
regenerated with 100% elution buffer for 1 min. The flow rate
was constant at 1.5 mL/min for all steps.
2.4. Case study II: separation of HMWs from mAb monomer
2.4.1. Proteins and buffers
mAb Protein A pool was obtained from Lek Pharmaceuticals d.d.
(Mengeš, Slovenia) and stored at 80  C before experimentation.
Because of the low, not detectable HMW content of the mAb Protein A pool, it was partly low pH stressed to reach an overall
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HMW level of 10%. For the preparative runs, an equilibration buffer
consisting of 20 mM sodium citrate (pH 6) was used. Elution was
performed with 20 mM sodium citrate and 500 mM sodium chloride (pH 6). For the in-line pooling decision, the sodium chloride
concentration was increased to 550 mM to simulate a process disturbance. For reference analytics (analytical size exclusion chromatography), a buffer with 200 mM potassium phosphate and
250 mM potassium chloride (pH 7) was used. All buffer components were purchased from VWR. All buffers were prepared with
Ultrapure Water. Prior to the experiments, the buffers and the feed
were filtrated with a cellulose acetate filter with a pore size of 0.22
lm (Pall). The buffers were also degassed by sonification before
usage.
2.4.2. Chromatography runs
The HiTrap 16  25 mm SP Sepharose FF column was first equilibrated for 5 CVs and then loaded with 200 mg mAb (monomer
and HMWs). After a wash of 3 CVs with equilibration buffer, variable linear gradients from 0 to 100% elution buffer were performed.
Gradient length was set to 4, 5, 6, and 7 CVs. The results of the runs
with gradient lengths 4, 6, and 7 CVs were used to calibrate the PLS
model, while the run with a gradient length 5 CVs was applied to
confirm the model. As for the model protein study, data acquisition
of the FlowVPE was started at the beginning of the gradient and
slope spectra from 240 nm to 340 nm with 2 nm resolution were
recorded. After the linear gradient elution, the column was regenerated for 3 CVs with the elution buffer. The flow rate was kept
constant at 0.5 ml/min for all steps and experiments. During the
elution and regeneration, 1000 ll fractions were collected in deep
well plates (VWR).
2.4.3. Reference analytics
As reference analytics, size exclusion chromatography was performed with the collected fractions to determine the concentration
of mAb monomer and HMWs. Samples were injected into a
4:6  150 mm TSKgel SuperSW mAb HTP column (Tosoh, Tokio,
Japan). The flow rate was set to 0.3 ml/min.

Golay filter was not applied for the in-line pooling decision to
avoid a time delay. For calculating the mass balances for purity
and yield off-line, the concentrations were again smoothed as
described above. Smoothing in spectral dimension was not applied
as information crucial to the PLS may be lost in the smoothing process. Furthermore, PLS models already suppress noise in the spectral dimension by mapping spectral data onto latent variables
(Wold et al., 2001).
2.6. In-line monitoring and control
The pooling of the products in both case studies was controlled
in-line based on the predicted concentrations of the PLS model. A
.NET assembly provided by the vendor of the FlowVPE triggered
a call-back function in Matlab after each spectral measurement.
Matlab subsequently computed the slope spectra and the protein
concentrations. The communication between Matlab and Unicorn
was implemented analogous to the protocol published earlier
(Brestrich et al., 2014). Shortly, Matlab triggers a block in a Unicorn
method by sending a digital signal when a predefined pooling criterion is fulfilled.
To demonstrate that the method can handle process disturbances, modified elution buffers with increased salt concentrations
(550 mM sodium chloride instead of 500 mM sodium chloride in
both case studies) were used. For the second case study, the loading density was additionally decreased to 150 mg as it may occur
in production when the remainder of a batch is loaded on a column. In the first case study, lys was declared as product. Lys was
automatically collected, as soon as its concentration exceeded 2
g/l and the cyt c concentration fell below 1.8 g/l. Pooling was continued as long as the lys concentration remained above 2 g/l. Pooling in the second case study was triggered when the mAb
monomer concentration exceeded 2 g/l. Pooling was stopped as
soon as the purity of the pool fell below 95%. For calculating the
mass balances, negative concentrations computed by the PLS
model were set to 0. The termination of pooling was only allowed
after the eluate was collected for three minutes to prevent a fractionation stop due to noise in the prediction.

2.5. Data analysis
Protein slope spectra were extracted from 3-dimensional chromatograms while, according to off-line analytics, pure protein
eluted. Each slope spectrum was normalized by dividing by its
average slope.
As the total duration of a measurement cycle of the FlowVPE
(including the screening for the linear range) varied slightly, the
results of the off-line reference analytics were linearly interpolated
such that they matched the slope spectra. The slope spectra were
then preprocessed by mean centering and correlated with the
results of the off-line analytics using PLS1 regression (Eriksson
et al., 2006; Höskuldsson, 1988; Martens and Næs, 1989). PLS1
was used as little correlation was observed between the measured
concentrations of the different species (Wold et al., 2001). The
number of latent variables in the corresponding PLS model was
based on the minimization of the root mean square error (RMSE)
of the model prediction in a cross validation.
For both case studies, the concentrations of the different species
were subsequently smoothed over time by a Savitzky-Golay filter
in MatlabÒ (MathWorks, Inc., Natrick, USA) (Savitzky and Golay,
1964). This filtering approach was chosen as the PLS model does
not consider time-wise correlation of the data. The SavitzkyGolay filter allows to smooth data over time. For the calibration
and validation runs, the Savitzky-Golay filter was used in a symmetric form smoothing the central data point in a given frame
(frame size: 11 points, 2nd order polynomial). The Savitzky-

3. Results and discussion
As described above, linear gradients with variable lengths were
performed in both case studies to obtain different mixing ratios
and concentrations of the examined proteins. The acquired slope
spectra and the results of the fraction analysis of three runs were
used to calibrate a PLS model, i.e. to span a calibration space for
the model. The fourth run was subsequently applied to test the
PLS model in both studies. Before the results of both studies are
discussed in detail, typical chromatograms obtained by the combination of chromatography and VP spectroscopy will be presented.
3.1. Application of VP spectroscopy for chromatography
In VP spectroscopy, absorbance is measured at different pathlengths. Fig. 2A illustrates a typical chromatogram obtained by
VP spectroscopy at 280 nm. The green lines represent the measured absorbance over time at different pathlengths. The corresponding pathlengths are illustrated by the grey lines. In orange,
the slope over time is depicted. As shown by Eq. (3), the slope is
linearly dependent on the total protein concentration. It is worth
noting that the absorbance values stay almost constant during protein elution, while the pathlengths decrease. During the screening
phase, the longest pathlength for the measurement phase is
selected such that the absorbance is expected to be 1 AU at 280
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Fig. 2. Typical chromatograms obtained by VP spectroscopy for one wavelength (A) and multiple wavelengths (B). A: The green lines represent the obtained absorbance
values at the different pathlengths (grey lines). At each point in time, the slope (orange line) was determined by a linear regression between five absorbance values and
pathlengths. B: If slope spectra are recorded during a chromatography run, a 3-dimensional chromatogram is obtained. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

nm. In consequence, the set pathlengths are inversely proportional
to the slope and thus to the protein concentration (cf. Fig. 2A).
While Fig. 2A displays a typical chromatogram for one wavelength, a chromatogram for multiple wavelengths is presented in
Fig. 2 B. Instead of single wavelength slopes, slope spectra were
acquired. As the slopes were recorded during a whole chromatography run, this resulted in a 3-dimensional chromatogram in (time,
wavelength, slope). The obtained 3-dimensional chromatograms of
the chromatography experiments were the starting point for the
PLS model calibration and confirmation.

3.2. Case study I: separation of Cyt c from Lys
Cyt c and lys feature significant spectral differences in UV due to
the different mass fraction of aromatic amino acids as well as the
heme group in cyt c (cf. Fig. 3A). The two proteins thus allow to
test the proposed setup for a simple application.
Based on the performed cross validation, PLS1 models with 2,
respectively 3 latent variables were selected for lys and cyt c. The
resulting PLS model predictions for the three calibration runs (gradient length of 2, 4, and 8 CVs) are displayed in Fig. 4A, B, and D.
The plots compare the PLS model prediction for lys (solid blue
lines) and cyt c (solid red lines) with the results of the corresponding reference analytics (blue bars for lys and red bars for cyt c). A
good agreement was observed between PLS model prediction and
reference for all calibration runs.
To confirm the model, predictions for a 6 CV gradient run were
made, which closely follow the corresponding reference analytics
(cf. Fig. 4C). The different shades of blue and red of the PLS model
prediction in Fig. 4 illustrate the unsmoothed and smoothed data
(lighter colors for the unsmoothed and darker colors for the
smoothed data). The RMSE of this run was 0.53 g/l for cyt c and
1.11 g/l for lys. The RMSE of the smoothed prediction data with a
Savitzky-Golay filter was 0.48 g/l for cyt c and 1.05 g/l for lys.
Applying the Savitzky-Golay filter clearly improved the RMSE for
both the prediction of lys and cyt c (cf. Table 1). The results show
that the RMSE of the model predictions is partly due to random
noise but also partly systematic. As Savitzky-Golay filtering helps
to reduce random noise, the method was selected as a suitable
post-run data treatment.
The combination of VP spectroscopy and PLS modelling allowed
for a selective quantification of lys and cyt c during chromatography runs with highly loaded columns and lys peak concentrations
of up to 80 g/l. This shows that the method is applicable for the
typical concentration range of preparative chromatography.

3.3. Case study II: separation of HMWs from mAb monomer
In contrast to cyt c and lys, mAb monomer and HMW presumably contain the same mass fraction of aromatic amino acids and
disulfide bridges. Spectral differences are therefore either related
to changes in tertiary structure or due to light scattering (Jiskoot
and Crommelin, 2005). As a result, the differences in the spectra
of mAb monomer and HMW are comparably small (cf. Fig. 3B).
This makes the quantification by PLS modelling more challenging.
Based on the performed cross validation, a PLS1 model with 4
latent variables was selected for the mAb monomer, while a PLS1
model with 8 latent variables was used for the HMWs. Fig. 5A, C,
and D display the PLS model prediction for the three calibration
runs (gradient length of 4, 6, and 7 CVs), while Fig. 5B displays
the results of the confirmation run (5 CV gradient). The figures
show a comparison between the PLS model prediction for the
mAb monomer (solid blue lines) and the HMWs (solid red lines)
with the results of the reference analytics (blue bars for mAb
monomer and red bars for HMWs). In all four runs, the model prediction matched the reference analytics closely. The results thus
demonstrate the applicability of the method for proteins with only
slight differences in the absorption spectra. The RMSE of prediction
was 1.26 g/l for the mAb monomer and 0.50 g/l for HMWs. The
RMSE could be further reduced by smoothing the data with a
Savitzky-Golay filter. This led to RMSE values of 1.07 g/l for mAb
monomer and 0.42 g/l for HMWs. Fig. 4 compares the unsmoothed
and the smoothed data for all runs. Applying the Savitzky-Golay filter improved the RMSE for both the prediction of the mAb monomer and HMWs indicating the presence of random noise (cf.
Table 1).

3.4. In-line pooling decisions
To show the usefulness of VP spectroscopy in conjunction with
PLS modelling, the implemented methods were used for process
decisions. For both case studies, the pooling decision for chromatographic runs with process disturbances, i.e. away from the set
point, were performed. For the first case study, lys was purified
from cyt c in a 6 CV gradient with an increased salt concentration
in the elution buffer (550 mM sodium chloride). The start of the
pooling was triggered by the PLS model as soon as the concentration of lys exceeded 2 g/L and the cyt c concentration fell bellow
1.8 g/l (cf. Fig. 6A). For the second case study, a 5 CV gradient
was performed also with an increased salt concentration in the elution buffer (550 mM sodium chloride). Furthermore, the loading
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Fig. 3. Comparison of normalized protein slope spectra for case study I (A) and case study II (B).

Fig. 4. Comparison of the PLS model prediction for lys and cyt c with the results of the off-line reference analytics for a gradient length of (A) 2 CV, (B) 4 CV, (C) 6 CV
(confirmation run), and (D) 8 CV. The different shades of blue and red of the PLS model prediction illustrate the effects of smoothing. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)

density of the column was decreased from 40 g/l to 30 g/l. Such a
situation may occur in production processes, when the pool from
the previous process step cannot be transferred to an integer number of column cycles. Thus, a number of cycles are performed with
fully loaded columns. The remainder is then loaded onto a column
resulting in a lower loading density, which might change the separation and pool purity. This problem can be solved by applying
the described in-line control. The method was applied to trigger
pooling as soon as the mAb monomer concentration exceeded 2

g/l. Pooling was stopped, when the purity fell bellow 95% (cf.
Fig. 6B).
The collected pools were subsequently analyzed by off-line analytics. In both case studies, accurate predictions could be made
with minor deviations. For the separation of cyt c and lys, a purity
of 99.0% was predicted while off-line analytics measured a 99.7%
purity. For the mAb monomer product pool, the PLS model predicted a purity of 94.4 % compared to 94.2 % measured by off-line
analytics. Here, Savitzky-Golay filtering did not lead to an
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Fig. 5. Comparison of the PLS model prediction for mAb monomer and HMWs with the results of the off-line reference analytics for a gradient length of (A) 4 CV, (B) 5 CV
(confirmation run), (C) 6 CV, and (D) 7 CV. The different shades of blue and red of the PLS model prediction illustrate the effects of smoothing. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 1
RMSE for the prediction in the confirmation runs of the two case studies: The RMSE of unfiltered predictions is compared with the RMSE of the filtered data.
Case study I

No filter
Savitzky-Golay filter

Case study II

lys [g/l]

cyt c [g/l]

mAb monomer [g/l]

HMW [g/l]

1.10
1.04

0.53
0.48

1.26
1.07

0.50
0.42

Fig. 6. Prediction of the PLS model during the in-line control run for case study I (A) and case study II (B). The different shades of blue and red of the PLS model prediction
illustrate the effect of smoothing. Based on the unsmoothed data, the pool purity was calculated (black). The thin black vertical lines indicate the start and end of pooling.
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Table 2
Results of the in-line pooling decisions: For both case studies, the pool purity was
calculated based on the PLS model prediction and compared with the corresponding
results from off-line analytics as reference.

Reference
Prediction (no filter)
Prediction (with filter)

Case study I purity [%]

Case study II purity [%]

99.7
99.0
99.0

94.2
94.4
94.4

improved prediction because the measurement noise cancelled
itself out over time (cf. Table 2).
The results show that the proposed method may be applied for
in-line control of a chromatography system. The used residence
time of 10 min is above the industrial standard. However, a reduction of the flow rate during elution may be justifiable as the elution
phase is relatively short compared to the complete process. It is
worth noting that the discussed approach is significantly faster
than on-line HPLC PAT methods proposed in literature. In production scale, on-line HPLC was applied with 2.5 times to 3 times
slower response time (1.3 min resp. 96 s) (Rathore et al., 2010;
Kaltenbrunner et al., 2012). Thus, the applicability of VP spectroscopy should be further evaluated on a case-to-case basis.
4. Conclusion and outlook
In-line monitoring of preparative chromatography was successfully realized in this study. It was demonstrated, that the combination of VP UV/Vis spectroscopy and PLS modelling allows for a
selective in-line protein quantification in a broad dynamic range
of concentrations. The method enabled the monitoring of chromatography runs with highly loaded columns. Product peak concentrations varied between 30 g/l to 80 g/l, while contaminant
peak concentrations were only 4 g/l to 20 g/l. Consequently, the
proposed method has potential for the in-line monitoring and control of preparative chromatography. It might also be applicable for
controlling switching times in continuous chromatography. Future
challenges are especially related to the scale up and robustness of
the method as well as to the optimization of the measurement
time of VP spectroscopy. As each VP measurement relies on accurate mechanical positioning of the optical fiber, an increase in measurement speed is challenging. Additionally, further investigations
have to be made to improve understanding and sensitivity for
HMW detection.
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