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Abstract: This study proposes a reliable inline PAT concept for the simultaneous monitoring of dif- 11 

ferent product components after chromatography. The feed for purification consisted of four main 12 

components, IgG monomer, dimer, and two lower molecular weight components of 4.4 kDa and 13 

1 kDa molecular weight. The proposed measurement setup consists of a UV/Vis diode-array detec- 14 

tor and a fluorescence detector. Applying this system, a R² of 0.93 for the target component, a R² of 15 

0.67 for the dimer, a R² of 0.91 for the first side component and a R² of 0.93 for the second side 16 

component is achieved. Root mean square error for IgG monomer was 0.027 g/L, for dimer 0.0047 17 

g/L, for side component 1 0.016 g/L and for the side component 2 0.014 g/L. The proposed measure- 18 

ment concept tracked component concentration reliably down to 0.05 g/L. Zero-point fluctuations 19 

were kept within a standard deviation of 0.018 g/L for samples with no IgG concentration but with 20 

side components present, allowing a reliable detection of the target component. The use of this 21 

measurement system is simulated for the test system, allowing an automatic fraction cut at 0.05 g/L. 22 

In this simulation a consistent yield of > 99 % was achieved. Process disturbances for processed feed 23 

volume, feed purity and feed IgG concentration can be compensated with this setup. Compared to 24 

a timed process control, yield can be increased by up to 12.5 %, if unexpected process disturbances 25 

occur. 26 

Keywords Quality by design (QbD), process analytical technology (PAT), digital twin, chemomet- 27 

rics, multivariate data analysis, continuous manufacturing, Real time release testing, integrated 28 

counter current chromatography (iCCC), monoclonal antibody (mAB), Raman-spectroscopy, atten- 29 

uated total reflection Fourier transform infrared spectroscopy (ATR-FTIR), fluorescence, diode ar- 30 

ray detector. 31 

 32 

1. Introduction 33 

Biologic manufacturing moves toward high-yield, high-throughput continuous pro- 34 

cess alternatives as the demand for biologic pharmaceuticals appears to be steadily rising 35 

[1–4]. Furthermore, the manifold of new entities (e.g. Antibody fragments, virus-like par- 36 

ticles and mRNA) and personalized medicines demand a more efficient production pro- 37 

cess to ensure economic success [5,6]. To realize this process the most viable way is the 38 

establishment of continuous chromatography, since chromatography is still the main 39 

workhorse in biopharmaceutical downstream processes [1,2,6–8]. While these continuous 40 

processes exist and their practicability was shown in the laboratory [1,2], a robust process 41 

analytical technology (PAT) concept has still to be established.  42 

Most recent works focus on digital twin [9] and process control [10,11] to enable con- 43 

tinuous biomanufacturing. For breakthrough processes such as PCC or MCSGP [12,13], 44 
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UV/VIS sum signal detection has long been state of the art as a switch criteria [14,15]. For 45 

other chromatographic processes, like standard batch chromatography or iCCC, an inline 46 

measurement of multiple components (e.g. the main component and side components) 47 

would be promising to simplify process control. Most continuous processes do not need 48 

a rapid inline measurement since changes occur over long times. In chromatography, on 49 

the other hand, a fast, inline measurement is urgently needed. As the inline detection of 50 

side components during elution can be used to fine-tune the switch criteria, which majorly 51 

impact process yield and purity. DAD spectra analysis and peak deconvolution has 52 

proven its potential as an inline target component measurement [11,16]. Other measure- 53 

ment methods have been used to enable inline concentration measurement. Raman was 54 

successfully employed for breakthrough detection of a single component [17], FTIR has 55 

also been successfully employed to determine target component concentration or second- 56 

ary structure integrity [18–20]. For the measurement of fibroblast growth factor 2 from E. 57 

coli fluorescence measurements were successfully employed to measure the target com- 58 

ponent and host cell protein concentrations using a single model [21]. While yielding good 59 

results in model mixtures signal overlapping can be a sizable problem for a PAT- and 60 

chemometrics-based process control [22]. 61 

This paper aims to test the different existing spectroscopic methods, to propose a 62 

method for advanced process control for continuous chromatography, using integrated 63 

counter-current chromatography as an example [23]. To achieve this, firstly single detec- 64 

tors are tested on their feasibility for component measurement in the chromatography 65 

product. Secondly combinations of these detectors are tested and a proposal of the best 66 

method is given. Thirdly, the proposed APC system is simulated to show the proposed 67 

usage and the handling of potential incidents.  68 

 69 

2. Materials and Methods 70 

Experimental setup 71 

An antibody solution obtained after precipitation was used in the chromatography 72 

studies. Further description about cultivation, liquid-liquid extraction and precipitation 73 

can be taken from the overview paper [24]. Purification was accomplished using a YMC 74 

S75 strong cation-exchange column (YMC-BioPro S75, 26 x 7.0 mm ID, YMC Co., Ltd., 75 

Kyoto, Japan). Five column volumes (CV) were loaded onto the column. For flow- 76 

through-FTIR and Raman 30 CV were loaded on the column. After loading, the column is 77 

washed with 3 CV of 50 mM Sodium-phosphate-buffer at pH = 5,5 (disodium phosphate 78 

dihydrate, EMSURE®, Merck KgaA, Darmstadt, Germany, sodium dihydrogen phos- 79 

phate anhydrous, EMSURE®, Merck KgaA, Darmstadt, Germany). After washing the 80 

product was obtained by a gradient elution using the same buffer modified with 1 M so- 81 

dium chloride (EMSURE®, Merck KgaA, Darmstadt, Germany). Varying gradient lengths 82 

of 5, 10 and 15 CV were employed. After elution the column was regenerated with 5 CV 83 

and equilibrated with 3 CV. The eluted product was fractioned into 30 second steps. Sam- 84 

ples of 1 mL were obtained in two repetitions.  85 

The chromatographic setup consisted of a VWR-Hitachi LaChrom Elite® system 86 

(VWR®, Darmstadt, Germany). It was equipped with a quaternary gradient pump (L- 87 

2130), an Autosampler (L-2200) and a diode-array-detector (L-2455). Between the chroma- 88 

tographic setup and the fraction collector (Foxy Jr.®, Teledyne Isco, Lincoln, NE, USA) the 89 

following inline analytics were implemented. For UV/VIS Spectra measurements a diode- 90 

array-detector (Smartline DAD 2600, Knauer Wissenschaftliche Geräte GmbH, Berlin, 91 

Germany) was installed. For FTIR-Spectra a benchtop FTIR Detector (Alpha II, Bruker 92 

Corporation, Billerica, USA) was equipped with a flow-through cell. Raman spectra were 93 

measured using a Raman spectrometer (Diode laser, 785 nm, Ocean Optics BV, Ostfildern, 94 

Germany) in conjunction with a flow-through cell (Durchfluß-Küvette 176.700, Hellma 95 

GmbH & Co. KG, Müllheim, Germany). Fluorescence emission spectra were measured at- 96 
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line in the obtained fractions using a fluorescence detector (Jasco FP-2020, Jasco Deutsch- 97 

land GmbH, Pfungstadt, Germany).  98 

Identification of components 99 

Proteins eluting from the column can be divided into four groups. Group 1 and 2 100 

consist of low molecular weight impurities. These groups elute at different times and can 101 

be identified in the IEX and SEC chromatogram. In IEX, see Figure 1 (a), these groups are 102 

marked and representative SEC chromatograms are given. The first two peaks consist of 103 

side components of lower molecular weight than the IgG. This is shown in (b).  104 

  

(a) (b) 

Figure 1 IEX Chromatogram of 5 CV salt gradient (a), marked in green are the different eluent 105 
fraction. On the right (b) a representative SEC chromatogram of each eluent fraction is shown. 106 

For PLS regression the spectroscopic data of the different fractions are assessed. 107 

Where the first side component is further on denoted as lower molecular weight (LMW) 108 

1 and the second LMW 2. Based on this data, the molecular weight of the observed side 109 

components can be deducted. LMW 1 elutes at 12 minutes, this correlates to a molecular 110 

weight of around 4.4 kDa, while LMW 2 is around 1 kDa. To train the PLS model the peak 111 

area is calculated. This is done as there is no calibration available for LMW 1 and 2. How- 112 

ever, since concentration and peak area are proportional according to Lambert-Beer’s law 113 

this does not interfere with PLS regression. 114 

Data analysis 115 

For online measured spectra the spectra obtained in a chromatographic fraction were 116 

averaged. This was done using the DAD of the Elite LaChrom® system, the chromato- 117 

gram provided by the Smartline DAD and the system dead volume for temporal alloca- 118 

tion of the spectroscopic online data to the correct fraction.  119 

Averaging and reduction of spectra was done, using Spectragryph (Dr. Friedrich 120 

Menges Software-Entwicklung, Oberstdorf, Germany). Raman spectra were shortened to 121 

1800-400 cm-1. FTIR spectra were shortened to 1800 – 800 cm-1. Fluorescence emission 122 

spectra were shortened to 580 – 700 nm, DAD spectra were shortened to 200 - 300 nm. 123 

All spectra were pre-processed, using the methodology laid out in the overview pa- 124 

per of this study, to reduce baseline drift or scatter effects identified in the scatter effects 125 

plot [24]. Pre-processing and PLS modelling were done using the data analysis software 126 

Unscrambler X (Camo Analytics, Oslo, Norway). PLS models were built for the four dif- 127 

ferent analytes: target component, IgG dimer, low molecular weight components 1 and 128 

low molecular weight components 2. The data set for calibration consisted of three exper- 129 

iments, of gradients 5, 10, 15 CV and two repetitions each. FTIR and Raman PLS models 130 

were cross-validated. DAD and Fluorescence PLS models were validated using another, 131 

independent experiment.  132 
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Combination of spectroscopic data 133 

DAD and fluorescence spectroscopic data were combined, since they have shown to 134 

be sensitive for different side components. DAD showed a better prediction for LMW 1, 135 

fluorescence for LMW 2. For combination four experiments at different gradient slopes 136 

have been combined. Since DAD and fluorescence data differ by magnitudes, a z-score 137 

standardization was performed on each data set according to Equation 1. Where μ is the 138 

average of the population and σ the standard deviation. The PLS model was validated 139 

using cross validation. 140 

𝑧 =
𝑥 − 𝜇

𝜎
 Equation 1 

Online Analytics 141 

Data acquisition in Raman spectroscopy was set to automatically average a total of 142 

three spectra, each of which had 1s of integration time. For each sample at least 10 spectra 143 

were measured. Raman spectra were obtained from 4000 – 400 cm-1. Data acquisition in 144 

FTIR spectroscopy was set to automatically average a total of 8 spectra, each of which had 1 145 

s of integration time. FTIR spectra were obtained from 4000 – 400 cm-1. Data acquisition in 146 

UV-Vis spectroscopy was set to continuously record at a sampling rate of 0.2 s, each of which 147 

had 32 msec of integration time. DAD spectra were obtained from 190 – 520 nm. Inline 148 

measurement using the fluorescence detector was not possible, since a spectra measure- 149 

ment takes about 30 seconds. Hence, fluorescence was measured at-line. Gain was set to 150 

1 or 10, depending on the concentration. Attenuation was set to 256. Fluorescence meas- 151 

urement were done using the 16 µL flow-cell, provided with the detector. The emission 152 

spectra were measured using an excitation wavelength of 280 nm. Spectra were obtained 153 

from 280 – 900 nm. 154 

Offline 155 

Immunoglobulin G concentration was measured using analytical Protein A chroma- 156 

tography. Side component concentrations and purity were measured using size exclusion 157 

chromatography. Protein A chromatography was performed using PA ID Poros® Protein 158 

A Sensor Cartridges (Applied Biosystems, Waltham, MA, USA). For Size-exclusion chro- 159 

matography a Yarra® SEC-3000 column (Phenomenex® Inc., Torrance, CA, USA) was 160 

employed.  161 

Biological activity, overall protein concentration and side component analysis were 162 

done using ELISA, Bradford, SDS-page and DNA-assays. The methodology and results 163 

can be checked in the overview paper of this study [24]. 164 

Simulation 165 

Simulation of chromatography is usually done using either a general rate model or a 166 

lumped pore diffusion model [10,25,26]. In biochromatography, due to the large molecu- 167 

lar size of the biomolecules, the general rate model shows the closest relation to the real 168 

process, as pore diffusion is modelled. However, to minimize calculation times in the 169 

model-based control of chromatography. The linearization of the pore diffusion signifi- 170 

cantly lowers the required calculation times and thereby allows for shortened calculation 171 

times to enable process control [27]. In this case study a lumped pore diffusion model of 172 

chromatography is used. This leads to a reduction in simulation time, making iCCC sim- 173 

ulations significantly faster. Mass balance of the stationary phase for the general rate 174 

model (Eq. 1) and the lumped pore diffusion model (Eq. 2) are [25]: 175 

휀𝑝,𝑖 ∙
𝛿𝑐𝑝,𝑖

𝛿𝑡
+ (1 − 휀𝑝,𝑖) ∗

𝛿𝑞𝑖
𝛿𝑡

=
1

𝑟2
𝛿

𝛿𝑟
[𝑟2 (휀𝑝,𝑖 ∙ 𝐷𝑝,𝑖 ∙

𝛿𝑐𝑝,𝑖

𝛿𝑟
+ (1 − 휀𝑝,𝑖) ∙ 𝐷𝑆,𝑖

𝛿𝑞𝑖
∗

𝛿𝑟
)] 

Equation 2 

휀𝑝,𝑖 ∙
𝛿𝑐𝑝,𝑖

𝛿𝑡
+ (1 − 휀𝑝,𝑖) ∗

𝛿𝑞𝑖
𝛿𝑡

=
6

𝑑𝑃
∙
(1 − 휀𝑆)

휀𝑆
∙ 𝑘𝑒𝑓𝑓,𝑖 ∙ (𝑐𝑖 − 𝑐𝑝,𝑖) Equation 3 
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With 휀𝑃,𝑖 as porosity of the component, 𝑐𝑃,𝑖 as concentration of the component in 176 

the pores, 𝑡 as time, 𝑞𝑖 as loading, 𝑑𝑃 as mean diameter of the resin particle, 휀𝑆 as void- 177 

age, 𝑘𝑒𝑓𝑓,𝑖 as the effective mass transport coefficient and 𝑐𝑖 as concentration in the con- 178 

tinuous phase.  179 

Different approaches for modelling of adsorption have been described by different 180 

working groups [25,26,28–30]. In this study adsorption is modelled using a Langmuir iso- 181 

therm [29,31], see Equation 4. 182 

𝑞𝑖 =
𝑞𝑚𝑎𝑥,𝑖 ∙ 𝐾𝑒𝑞,𝑖 ∙ 𝑐𝑖

1 + 𝐾𝑒𝑞,𝑖 ∙ 𝑐𝑖
 Equation 4 

Here, 𝑞𝑚𝑎𝑥,𝑖 is the maximum loading capacity of the component and 𝐾𝑒𝑞,𝑖 is the 183 

Langmuir coefficient of the component. 𝐾𝑒𝑞,𝑖 and 𝑞𝑚𝑎𝑥,𝑖 are related by the Henry coeffi- 184 

cient 𝐻𝑖 , see Equation 5 [25]. Salt influence can be described by Equation 6 and Equation 185 

7 defining 𝑎1, 𝑎2, 𝑏1 and 𝑏2 as correlation coefficients [26,32].  186 

𝑞𝑚𝑎𝑥,𝑖 ∙ 𝐾𝑒𝑞,𝑖 = 𝐻𝑖  Equation 5 

𝑞𝑚𝑎𝑥,𝑖 = 𝑏1 ∙ 𝑐𝑝,1 + 𝑏2 Equation 6 

𝐻𝑖 = 𝑎1 ∙ 𝑐𝑝,1
𝑎2  Equation 7 

The mass transfer coefficient 𝑘𝑒𝑓𝑓,𝑖 is given by Equation 8. Here, 𝑘𝑓,𝑖  is the film mass 187 

transfer coefficient, 𝑟𝑝 the particle radius and 𝐷𝑝,𝑖 the pore diffusion coefficient.  188 

𝑘𝑒𝑓𝑓,𝑖 =
1

1
𝑘𝑓,𝑖
⁄ +

𝑟𝑝
𝐷𝑝,𝑖
⁄

 Equation 8 

𝐷𝑝,𝑖 is calculated according to the correlation of Carta [33] and 𝑘𝑓,𝑖  according to Wil- 189 

son and Geanoplis [34]. 190 

Parameter determination 191 

Based on previous works parameter determination was split in three parts [26]. 192 

Firstly, the fluid dynamic parameters were given by the resin supplier, e.g. the particle 193 

size, pore size or porosity. The kinetic parameters (𝐷𝑝,𝑖 and 𝑘𝑓,𝑖) were correlated and the 194 

protein torosity was taken from earlier works [10]. Thirdly, the isotherm parameters to 195 

demonstrate potential process control using a digital twin were determined. The determi- 196 

nation of the isotherm parameters was based on the chromatograms obtained in the ex- 197 

periments described above. The determination concept is briefly depicted in Figure 2. 198 

Comparing the simulation results and the experimental data, firstly the simulated reten- 199 

tion time is fitted to experimental data. Then the peak form is fitted to the experimental 200 

data adjusting b1 and b2. After the experimental data is sufficiently described by the sim- 201 

ulation, the mentioned parameters are fine-tuned using a Nelder-Mead estimation rou- 202 

tine, based on the start values obtained in the first two steps. The optimization function 203 

was partial least squares. 204 
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 205 

Figure 2 Determination concept of isotherm parameters. 206 

Process model overview 207 

The overall process model consists of two chromatography columns, with modelled 208 

splitting arrays based on the iCCC process explained previously [23]. The product split is 209 

done automatically in the model, based on product concentration. For simulation the stud- 210 

ies, product fraction was cut starting at 0.05 g/L iGg concentration until concentration 211 

reaches 0.05 g/L again in IEX. HIC fractions were cut accordingly. Since in iCCC a higher 212 

salt concentration fraction is loaded onto the column, loading was adjusted to 50 % of the 213 

dynamic binding capacity to avoid product elution during loading of this fraction.  214 

3. Results of PAT 215 

Scatter effects 216 

For the evaluation of scatter effects observed in Raman spectroscopy, a preprocessing 217 

method is chosen. In Figure 3 (a) un-preprocessed spectral data is shown. These show a 218 

y-axis drift, and therefor additive effects. To eliminate these, 1st derivatization of spectral 219 

data is chosen to preprocess the spectral data. Prior to derivatization the spectra were 220 

smoothed applying a Savitzky-Golay filter in a 11-point symmetric kernel with a 2nd order 221 

polynomial. The preprocessed data is shown in (b). Since no additional effects were ob- 222 

served, the data was not further preprocessed.  223 

  224 
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(a) 

 

(b) 

Figure 3 Raman scatter effects plots for evaluation of needed preprocessing of spectral data (a) 225 
shows scatter effects of raw spectral data and (b) shows scatter effects after preprocessing 226 

In Figure 4 the course of the FTIR spectral data is depicted. Here the lowest IgG con- 227 

centration is colored red and the highest blue. For preprocessing, the scatter effect plots 228 

show different slopes. This points to scatter effects; hence a normalization was performed 229 

using the Standard Normal Variate (SNV) method provided in the data analysis software. 230 

Un-preprocessed data is shown in Figure 4 (a). Figure 4 (b) shows pre-processed data. 231 

Further preprocessing was not employed, as no additive effects can be observed.  232 

 233 

 

 

(a) 

 

 

(b) 

Figure 4 FTIR scatter effect plot for chromatography, (a) show scatter effects of raw spectral data 234 
and (b) show scatter effects after preprocessing. 235 

DAD spectra ranges were shortened to 200-300 nm, as this is the only part of the 236 

measured spectra, were significant absorption can be observed. In Figure 5, the scatter 237 

plot for DAD data is illustrated. The spectral data show complex effects. This is due to the 238 

fact, that the effects are caused by the identified components and no underlying effects 239 

are present. Hence any preprocessing significantly worsened PLS regression, eliminating 240 

effects the PLS model can explain with the given concentrations. 241 

 242 
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 243 

Figure 5 DAD scatter effects plot for un-preprocessed spectral data, obtained in chromatography 244 

Fluorescence spectra width was shortened to 580-700 nm. In Figure 6 the scatter ef- 245 

fects of fluorescence data are illustrated. As in DAD spectroscopy these spectra show a 246 

complex behavior, and as well as in the DAD chromatography experiment, the observed 247 

effects can be explained using the given concentrations. Fluorescence data was also not 248 

preprocessed, which would eliminate some of the information contained in the spectra, 249 

negatively impacting PLS regression. 250 

 

Figure 6 Scatter effects plot for fluorescence spectral data obtained in chromatography 251 

PLS models 252 

PLS validation for Raman spectroscopy in chromatography was not possible, as por- 253 

trayed in Figure 7 (c). The trained PLS showed a R² of 0.968, for the validation set the R² 254 

was -0.52. The reason for this is that the large flow-cell volume in combination with the 255 

low flow rate results in a long retention time of the product inside the cell and therefore 256 

favours back-mixing.  257 

Raw Data Preprocessed Regression 

 

(a) 

  

(b) 

 

(c) 

Figure 7 Data of Raman spectra (a), preprocessed spectra (b) and PLS results (c). Spectra are col- 258 
our-coded from high concentration (blue) to low concentration (red). Second data set in (c) are 259 
validation results. 260 
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This is illustrated in Figure 8. Here the results of a tracer experiment are shown. In 261 

black the Tracer of the system including the column is illustrated, in red the Tracer of the 262 

system including column and Raman flow cell. In addition to the increased retention time, 263 

the broadening of the peak points to strong back-mixing. 264 

 265 

Figure 8 Tracer chromatogram with and without Raman flow-cell 266 

Using the FTIR data, the PLS modelling for IgG resulted in a R² of 0.92 including 267 

validation samples. The RMSE was 0.037 g/L. In Figure 9 (c) the regression results are 268 

shown. In comparison to DAD and fluorescence the salt gradient shows a strong influence 269 

on FTIR spectra. This is especially apparent between the wavenumbers 1700 – 1600 cm-1 270 

and 1000 – 800 cm-1. The drift between 1000 – 800 cm-1 results mainly from the higher salt 271 

concentration, as there is a shift from lower salt concentrations (blue) to higher salt con- 272 

centrations (red), see Figure 9 (b). Between 1700 – 1600 cm-1 the increase is mainly due to 273 

higher IgG concentration, as the high salt concentrations do not contribute to a rise in 274 

intensity. Best fit was achieved using 3 factors in the PLS model. 275 

Raw Data Preprocessed Regression 

   

(a) (b) (c) 

Figure 9 Data of FTIR spectra (a), pre-processed spectra (b) and PLS results (c). Spectra are colour- 276 
coded from high concentration (blue) to low concentration (red). 277 

For the shortened DAD spectra, a R² of 0.94 and a RMSE of validation of 0.022 g/L for 278 

the IgG monomer was achieved in chromatography. The Regression results are illustrated 279 

in Figure 10. In the Regression plot (c) a high variance for the zero-concentration samples 280 

is shown. This results from the similar spectra (b). Between 200 and 225 nm the side com- 281 

ponents show a strong absorbance, like the IgG monomer. The component specificity of 282 

this model results from the stronger absorbance of iGg around 275 nm. While the PLS 283 

model can eliminate these overlapping effects to some degree, it is not possible to elimi- 284 

nate this overlapping completely. Best fit was achieved using 6 Factors in the PLS model. 285 

  286 
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Raw Data Preprocessed Regression 

  
 

(a) (b) (c) 

Figure 10 Data of DAD spectra (a), shortened spectra (b) and PLS results. Spectra are colour-coded 287 
from high concentration (blue) to low concentration (red).  288 

For fluorescence the R² was 0.93 the RMSE of validation was 0.022 g/L. The regression 289 

results are depicted in Figure 11. In comparison to DAD the fluorescence model predicts 290 

low concentration samples more accurately. This can be explained interpreting the spec- 291 

tra, see Figure 11 (b). The samples containing high concentrations of IgG emit most light 292 

at around 660 nm, while for low IgG concentration samples, and high side concentration 293 

samples the fluorescence maximum is shifted to 680 nm and 600 nm respectively.  294 

Raw Data Preprocessed Regression 

 
  

(a) (b) (c) 

Figure 11 Data of fluorescence spectra (a), shortened spectra (b) and PLS results. Spectra are col- 295 
our-coded from high concentration (blue) to low concentration (red). 296 

Combination of spectroscopic data 297 

Combination of DAD and fluorescence data, showed significant improvement in pre- 298 

diction quality. For IgG concentration an R2 of 0.93 was achieved. For LMW 1 a R2 of 0.91 299 

and for LMW 2 a R2 of 0.93 was achieved. R2 for the IgG Dimer is 0.67 and could not be 300 

improved. The reason for this might be the low concentration of 0.022 g/L at max, and 301 

therefore the error resulting from offline analytics. The regression results are given in Fig- 302 

ure 12.. 303 
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In addition, the low prediction error for spectroscopic data with no IgG content, 304 

which was observed in fluorescence data but not in DAD data, was reproduced, see Table 305 

1. Here, the arithmetic medium and standard deviation of the zero-point measurements 306 

for the different spectroscopic methods are given. The arithmetic medium for the zero- 307 

point measurement is closest to zero using the combination of DAD and fluorescence. 308 

Which means that this measurement is the most precise. The most accurate measurement 309 

seems to be fluorescence as the standard deviation of the observed data is lowest. DAD 310 

overall is a very good method to measure the target component concentration, as it is the 311 

second in precision. However, the problem with DAD is, that the samples show outliers. 312 

The maximal deviation from zero was 0.066 and therefor the highest of the three dis- 313 

cussed. Using this detection method, the limit of detection might be significantly lower. 314 

For FTIR the zero-point measurements showed the worst results, which was also the rea- 315 

son why this experiment had to be repeated with higher concentrations. Here the highest 316 

deviation from the zero point was 0.204 g/L. 317 

Table 1 Average, standard deviation, minimal and maximal measurement of zero-point measure- 318 
ments  319 

Method Average Standard deviation Max Min 

DAD 0.0015 g/L 0.020 g/L 0.066 g/L - 0.023 g/L 

Fluorescence  0.0080 g/L 0.006 g/L 0.020 g/L - 0.003 g/L 

Combination 0.0003 g/L 0.018 g/L 0.025 g/L - 0.029 g/L 

FTIR 0.1266 g/L 0.061 g/L 0.204 g/L  0.056 g/L 

 320 

  

(a) (b) 
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(c) (d) 

Figure 12 Prediction of process data using combination of DAD and fluorescence. IgG concentra- 321 
tion (a), Dimer concentration (b), LMW 1 (c), LMW 2 (d). 322 

In Figure 13 regression coefficients for DAD and fluorescence are shown. Here, the 323 

content-specific regions in the observed spectra can be identified. LMW 2 correlates 324 

largely to the wavelengths between 190 and 210 nm in DAD. This already became notice- 325 

able in DAD evaluation. LMW 2 is largely correlated in DAD between 210 and 220 nm 326 

and fluorescence between 600 and 620 nm. Specificity between LMW 1 and 2 results 327 

mostly from the difference at around 200 nm in DAD and from the shifted x-axis intersec- 328 

tion point in fluorescence at around 670 nm. Distinction between IgG monomer and dimer 329 

is observed at around 210 nm in the DAD. 330 

  

(a) (b) 

Figure 13 Regression coefficients for DAD (a) and fluorescence (b) for correlated wavelengths. 331 

In Table 2 different coefficients of determination for the combination model, DAD 332 

model and fluorescence model are given. Regarding the determination of LMW 1 and 333 

LMW 2, coefficients are improved using the combined model. It turns out, that a combi- 334 

nation does not result in the best regression being used, but that the information of the 335 

DAD and fluorescence spectrum complement each other. 336 

Table 2 Coefficient of determination (R²) for different product contents and PLS models. 337 

Spectra Monomer R2 Dimer R2 LMW 1 R2 LMW 2 R2 

DAD 0.94 0.61 0.76 0.17 

Fluorescence 0.93 0.84 0.67 0.90 

Combination 0.93 0.67 0.91 0.93 

 338 

In Table 3 the root-mean-square error (RMSE) for different components are given. 339 

These can be understood, as the standard error resulting from the concentration measure- 340 

ments via PLS. There should be noted, that this also includes the error resulting from an- 341 

alytical chromatography and any errors in time allocation, as the PLS is based on these 342 

measurements. 343 

  344 
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Table 3 Root-mean-square error of validation (RMSE) for different product contents and PLS mod- 345 
els 346 

Spectra Monomer RMSE Dimer RMSE LMW 1 RMSE LMW 2 RMSE 

DAD 0.023 g/L 0.0073 g/L 0.022 g/L 0.037 g/L 

Fluorescence 0.022 g/L 0.0034 g/L 0.022 g/L 0.013 g/L 

Combination 0.027 g/L 0.0047 g/L 0.016 g/L 0.014 g/L 

 347 

The RMSE has a similar course as the coefficients for determination, where there is a 348 

low determination coefficient, there is also a high RMSE, corresponding to a bigger error. 349 

This should not be surprising, but it should be noted that for the combination of DAD and 350 

fluorescence data the RMSE is consistently low. This results in a 5 to 10 % relative error 351 

for the high concentration samples. 352 

4. Simulation results of advanced process control in iCCC through PAT 353 

This simulation study aims to demonstrate the efficiency of using online measure- 354 

ment data in process control of chromatographic processes. Furthermore, it aims to 355 

demonstrate that the achieved accuracy is high enough to implement a reliable process 356 

control. While process control and process disturbances can be handled with a simple 357 

process control, which will be shown in this part, a process online optimization has to be 358 

employed using Model Predictive Controllers (MPC). MPC are one of the most utilized 359 

methods of advanced process control (APC) [35] and enable automated process optimiza- 360 

tion utilizing optimization routines [35–37]. The main problem of MPC-based APC is pro- 361 

cess drift due to aging, fouling or blocking [37–39]. This drift can be implemented in the 362 

simulation using the online data obtained with the PAT methods described in this paper, 363 

enabling a real-time feedback of the process and allow for a continuous parameter fit 364 

[38,39]. 365 

Parameter estimation 366 

The results of parameter estimation are shown in Figure 14 Results of parameter 367 

estimation (a) is monomer, (b) dimer, (c) LMW 1 and (d) LMW 2. Simultation results are 368 

given as lines, fractions are given as dashes. 369 

 The simulation results are given as solid lines. Dashed lines show the measured con- 370 

centration. Correlation of component concentrations were considered acceptable. It 371 

should be emphasized that the main goal of this simulation is the demonstration of the 372 

possible process control. For process design a more sophisticated parameter determina- 373 

tion method should be used, as previously described by Zobel-Roos et al. [10] This would 374 

enable a better fit, as the amount of correlated parameters decrease, e.g. Dax, Dp,i .and kf,i. 375 

  

(a) (b) 
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(c) (d) 

Figure 14 Results of parameter estimation (a) is monomer, (b) dimer, (c) LMW 1 and (d) LMW 2. 376 
Simultation results are given as lines, fractions are given as dashes. 377 

iCCC modelling 378 

In Figure 15 simulation results from iCCC modelling are illustrated. In (a) the chro- 379 

matogram of IEX is given. Cutting points are marked with dashed lines. For fractionation 380 

the PAT array is simulated, detecting main and side components. Based on the monitored 381 

concentrations fractions are cut. Using this strategy, a high purity of over 99.9 % can be 382 

achieved, while maintaining a high yield.  383 

 

(a) 

 

(b) 

Figure 15 Simulation results of iCCC. (a) is IEX after five cycles, (b) is HIC after five cycles 384 

Using this simulation of process control, different disturbances can be simulated for 385 

iCCC. To simulated process disturbances, feed concentration after precipitation and dis- 386 

solution is varied from 0.5 to 1.5 g/L, flow rate is varied from 0.5 to 1.5 mL/min and feed 387 

purity is varied from 85 to 95 %. These disturbances correspond to ± 50 %. In Table 4 the 388 

results of these runs are given. The yield in cycle 5 is between 90 and 99 %. As the process 389 

holdup between the cycles is built up, the step yield is steadily increasing. This takes more 390 

time, if there is less antibody fed into the process per step, explaining the lower overall 391 

yield for low concentration and process flowrate. The step yield increases until it reaches 392 

the endpoint of 99 %. The product is lost during the time until its concentration reaches 393 

0.05 g/L and after it falls below 0.05 g/L.  394 

  395 
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Table 4 Simulation results of iCCC with process disturbances after five cycles. 396 

Run Yield Cycle 5 Concentration Cycle 5 Overall Yield 

Standard 97.0 % 4.4 g/L 87.5 % 

High IgG concentration 97.9 % 4.7 g/L 91.1 % 

High process flowrate 98.2 % 4.9 g/L 93.0 % 

High Purity  95.5 % 4.4 g/L 89.3 % 

Low IgG concentration 90.3 % 3.8 g/L 78.4 % 

Low process flowrate 90.6 % 3.8 g/L 78.6 % 

Low Purity 97.0 % 4.4 g/L 87.4 % 

 397 

Considering the concentrations, it is apparent that the process flow rate, and feed 398 

concentration has an influence on product concentrations. This is due to the changed 399 

product mass loaded on the column. Higher concentration and lower process volume or 400 

vice versa often appear in conjunction. These effects compensate each other, if controlled 401 

by a PAT-aided process control. This is shown in Table 5. To adjust process time a higher 402 

or lower flow rate can be used. This results in a flow rate of 0.875 mL/min for the lower 403 

process volume, and 1.20 mL/min for the higher volume. This adjustment of column flow 404 

rate is not commonly used in chromatography, since it may alter the process result, and 405 

retention times, resulting in a lower process yield. This risk can be eliminated with an in- 406 

line concentration measurement, as the cutting points are automatically adjusted. 407 

Table 5 Simulation results of iCCC for high and low feed concentrations, adjusting loading volume 408 

Run  Yield Cycle 5 Concentration Cycle 5 Overall Yield 

High IgG concentration,  

low process flow rate 
95.1 % 4.2 g/L 83.3 % 

Low IgG concentration, 

high process flow rate 
96.9 % 4.4 g/L 87.4 % 

 409 

In Figure 16 the chromatograms for the iCCC start-up are given. As the IgG load on 410 

the column increases, due to the low-salt fractions from IEX and HIC loaded on the col- 411 

umn, the elution time of the product changes. This change in elution time can be detected 412 

using the above described PAT system, avoiding product loss and simplifying process 413 

start-up. 414 

 415 

Figure 16 IEX chromatograms of iCCC start-up. 416 

Process reaction to disturbances 417 

In Figure 17 the course of the process after one cycle with lower IgG concentration in 418 

the feed is shown, (a) is with timed control of fraction cuts (b) is with automatic control 419 

based on concentration data from PAT. In this case, a low concentration cycle takes place 420 
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in cycle 11. Due to the lower concentration the elution time of the product changes and 421 

fraction cuts have to be adjusted. This is enabled by real-time concentration measurement, 422 

realizable using the methods described above. Employing this process control, yield and 423 

concentration in the following cycles is controlled and the need for manual input is elim- 424 

inated. Furthermore, the smaller variance in product concentration significantly lowers 425 

concentration and formulation efforts.  426 

  

(a) (b) 

Figure 17 Purity, Yield and concentration course over cycles. (a) is without process control, (b) is 427 
with valve control via PAT concentration measurement. Concentration disturbance occurs in cycle 428 
11. 429 

In graph (a) and (b) it is apparent that after the process disturbance in cycle 11 the 430 

step yield of the following step increases to over 100 %. This is a result of the lower product 431 

mass injected, while the tanks installed in the iCCC process still hold the product from the 432 

previous step. In (a) the process drifts away from the optimal continuous production, 433 

while in (b) process control efficiently handles the disturbance. Average yield after the 434 

disturbance is 87.8 % for (a) and 98.9% for (b). This corresponds to a yield increase of 11.1 435 

%. 436 

  

(a) (b) 

Figure 18 Purity, Yield and concentration course over cycles. (a) is without process control (b) is 437 
with valve control via PAT concentration measurement. Volume disturbance occurs in cycle 11. 438 
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Process control via fractionation based on concentration measurement is equally suc- 439 

cessful if the feed volume is decreased for one cycle, which is realistic for this operation 440 

as the last step in mAb manufacturing. Here, pump flow was decreased to stay in the same 441 

process tact. Figure 18 depicts the results of this simulation. In (a) the process again drifts 442 

away from the optimal continuous production, while (b) handles the disturbance success- 443 

fully. Average yield after the disturbance is 86.3 % in (a) and 98.8 % in (b), corresponding 444 

to a yield increase of 12.5 %. 445 

This simulation shows that an in-line process control using a PAT system of DAD 446 

and/or fluorescence lead to a very high process yield, since cutting points in the chroma- 447 

togram can be automatically detected, controlling the fractionation. Using this system for 448 

process control can efficiently handle large process disturbances and parameter fluctua- 449 

tions of up to 50 %. 450 

5. Discussion 451 

Advanced process control using inline measurements and chemometrics is the most 452 

promising way to establish robust continuous downstream manufacturing in the purifi- 453 

cation of biopharmaceuticals. In highly purified solutions of these target proteins a way 454 

to detect impurities, even at very low concentration, is a combination of DAD and fluo- 455 

rescence. In this study, a concentration down to 0.05 g/L could be measured using this 456 

combination. Using the combination of DAD and fluorescence a R² of 0.93 for the target 457 

component was achieved. Regression coefficients for HCP impurities were comparable, 458 

with 0.91 and 0.93 respectively. Regression coefficient for the dimer was 0.67, this proba- 459 

bly resulted from the low concentrations observed in chromatography, with around 0.005 460 

to 0.025 g/L, which is very close to the detection limit of the employed SEC chromatog- 461 

raphy. In DAD measurements, without simultaneously evaluating fluorescence a high 462 

variation in zero concentration measurements for the product was observed. This would 463 

be a problem in inline product detection, with resulting background noise interfering with 464 

peak detection. Using a combination of DAD and fluorescence this problem is eliminated. 465 

FTIR, while possible to use in the observed experiment design has the downside of having 466 

a lower sensitivity, detecting incoming peaks later and therefore would result in a lower 467 

process yield in preparative process. The lower sensitivity is observable in the zero-con- 468 

centration samples, where up to 0.2 g/L were calculated in samples, which do not contain 469 

IgG. This lower sensitivity observed in chromatography probably results in the overlap- 470 

ping absorbance ranges of the changing buffer solution and the target component, dis- 471 

cussed above. FTIR is a promising way to detect the secondary structure of proteins, but 472 

since no denaturation of IgG was observed in ELISA using this process, an evaluation was 473 

not possible. Raman spectroscopy was not employed successfully. In literature this was 474 

possible using a smaller flow-cell for a breakthrough chromatography process.  475 

In Figure 19 a control strategy for iCCC is proposed. To calculate the required loading 476 

time, the feed concentration is measured using FTIR or DAD as described in the overview 477 

paper of this study [24] in front of the feed tank (blue). Data used for release testing is 478 

obtained by measurement arrays located after the columns (green). Based on the results 479 

shown in this paper, the most reliable detection method for IgG monomer and the side 480 

components is a combination of fluorescence and UV/Vis spectroscopy. Coupling these 481 

spectroscopic methods with a PLS model allows for a real-time online concentration meas- 482 

urement. This data also enables the control of fraction cutting points by controlling the 483 

fractionation valves. Employing a digital twin, i.e. a process model predicting process re- 484 

sults parallel the physical process, also would allow for fractionation control. Here, the 485 

elution times of the main and side components are calculated with which the fractionation 486 

valves can be controlled. The main advantage of the digital twin however, is not the exact 487 

timing of the fractionation valve but the optimization of process parameters such as the 488 

flow rate to optimize the process performance or react to changing process conditions 489 

resulting from aging, fouling or blocking phenomena.  490 
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The described control system is able to regulate process disturbances of up to 50 % 491 

variance on the feed concentration and volume, while maintaining a constant concentra- 492 

tion and process yield. Compared to a timed fraction cut the yield could be increased by 493 

up to 12.5 %. Besides iCCC this detection method can also be used for multicolumn coun- 494 

ter-current solvent gradient purification (MCSGP) or regular batch chromatography. 495 
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Figure 19 Proposed control strategy for iCCC. 497 

Besides spectroscopic data, other sensor data, such as conductivity, pH or osmolarity 498 

have shown small improvements to the regression of the target component [40] but did 499 

not show significant impact to regression quality in this work [24]. From our viewpoint 500 

the prediction of osmolarity using spectroscopic data, conductivity and pH appear to be 501 

promising. Osmolarity is a critical quality attribute (CQA) for pharmaceuticals. A real- 502 

time measurement of this CQA with sensors already employed in chromatography (e.g. 503 

UV/Vis, pH and conductivity) would reduce the analytical effort and further real-time 504 

release testing (RTRT). 505 

As a part of a RTRT as proposed by regulatory authorities, inline concentration and 506 

purity measurement will play a big role. Other CQA as biological efficiency or glycosyla- 507 

tion were reportedly possible to control using FTIR [18–20,41]. Besides controlling these 508 

parameters with spectroscopy, semi-automation of process analytics are becoming more 509 

viable as an important addition to inline data producing data about biological efficiency 510 

via ELISA in an acceptable timeframe [42]. 511 

6. Conclusions 512 

In this study a reliable inline PAT concept for the evaluation of chromatography 513 

product stream has been developed. By combining DAD and fluorescence measurement 514 

a steadier zero-point detection is possible, allowing earlier and more reliable measure- 515 

ment of different chromatography fractions. For component measurements a R² of 0.93 for 516 

the target component was reached. The RMSE was 0.027 for the target component. For the 517 
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dimer a R² of 0.67 was reached with the combination model and a R² of 0.84 was reached 518 

with fluorescence measurements only. For the side components identified to be both light 519 

molecular weight components a R² of 0.91 for component 1 and a R² of 0.93 for component 520 

2 was reached. Allowing a measurement of all observed side components with the same 521 

PLS model. Based on this PLS-model a simulation for the iCCC process was conducted, 522 

using the detection limit observed in the experiments. This led to a consistent cycle yield 523 

in iCCC of > 99.9 % even with different process disturbances. To demonstrate the reliabil- 524 

ity of this process control concept variations of ± 50 % for processed feed volume, feed 525 

purity and feed IgG concentration were simulated. Compared to a timed process control, 526 

yield is increased by up to 12.5 %, if unexpected process disturbances occur. 527 
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