
 

BUDAPEST UNIVERSITY OF TECHNOLOGY AND ECONOMICS 

FACULTY OF CHEMICAL TECHNOLOGY AND BIOTECHNOLOGY 

GEORGE OLAH DOCTORAL SCHOOL 

 

 

 

Mathematical modeling for the quality assurance of 

continuous pharmaceutical manufacturing processes 
 

 

Matematikai modellezési módszerek fejlesztése folyamatos 

gyógyszergyártás minőségbiztosításához 

 

 

 

Ph.D. Thesis 

by 

Brigitta Nagy 

 

Supervisor 

Dr. György Marosi 

 

Co-supervisors 

Dr. Zsombor Kristóf Nagy 

Dr. Zoltán K. Nagy 

 

 

 

 

Department of Organic Chemistry and Technology 

 

Budapest, Hungary 

2021  



1 

 

TABLE OF CONTENTS 
 

 

ACKNOWLEDGMENTS ............................................................................................................................ 3 

LIST OF FREQUENTLY USED NOTATIONS AND ABBREVIATIONS .......................................................... 4 

THESIS FINDINGS .................................................................................................................................... 6 

ÚJ TUDOMÁNYOS EREDMÉNYEK ........................................................................................................... 8 

1 INTRODUCTION..................................................................................................................... 10 

2 LITERATURE REVIEW .......................................................................................................... 11 

2.1 The changing landscape of pharmaceutical manufacturing ............................................ 11 

2.1.1 Continuous pharmaceutical manufacturing ........................................................................... 11 
2.1.2 Quality by design (QbD) ....................................................................................................... 12 
2.1.3 Process Analytical Technology (PAT) .................................................................................. 13 
2.1.4 Real-time release testing........................................................................................................ 18 

2.2 Modeling for continuous pharmaceutical manufacturing ............................................... 19 

2.2.1 Continuous upstream processing ........................................................................................... 22 
2.2.2 Continuous downstream processing of solid oral dosage forms ........................................... 28 

2.3 Objectives of the thesis ........................................................................................................ 34 

3 MATERIALS AND EXPERIMENTAL METHODS ...................................................................... 36 

3.1 Materials............................................................................................................................... 36 
3.2 Experimental procedures .................................................................................................... 37 

3.2.1 Experiments used for the development of the integrated flowsheet model ........................... 37 
3.2.2 PAT in an integrated continuous powder blending and tableting process ............................. 42 
3.2.3 Surrogate modeling of the in vitro dissolution of tablets ...................................................... 46 

3.3 Analytical methods .............................................................................................................. 47 

3.3.1 HPLC measurement .............................................................................................................. 47 
3.3.2 Raman spectroscopy .............................................................................................................. 47 
3.3.3 NIR spectroscopy .................................................................................................................. 48 
3.3.4 In vitro dissolution testing ..................................................................................................... 48 
3.3.5 Crushing strength and friability of tablets ............................................................................. 50 
3.3.6 Determination of the crystal size distribution ....................................................................... 50 

4 MATHEMATICAL MODELING ............................................................................................... 51 

4.1 Construction of the integrated flowsheet model ............................................................... 51 

4.1.1 Flow synthesis ....................................................................................................................... 51 
4.1.2 Continuous crystallization ..................................................................................................... 55 
4.1.3 Continuous filtration .............................................................................................................. 59 
4.1.4 In vitro dissolution of capsules .............................................................................................. 64 
4.1.5 Integrated continuous crystallization and filtration ............................................................... 66 
4.1.6 Integration of the unit operations into a flowsheet model ..................................................... 67 

4.2 Simulation case studies on the integrated flowsheet model ............................................. 69 

4.2.1 Integrated continuous crystallization and filtration ............................................................... 69 
4.2.2 Optimization of the integrated ASA process line .................................................................. 70 
4.2.3 Sensitivity analysis of the integrated ASA process line ........................................................ 71 

4.3 Data analysis methods used for the evaluation of the downstream processing and tablet 

quality  ............................................................................................................................................... 73 



2 

 

4.3.1 PAT in an integrated continuous powder blending and tableting process ............................. 73 
4.3.2 In vitro dissolution surrogate modeling ................................................................................. 74 

5 RESULTS AND DISCUSSION .................................................................................................. 81 

5.1 Parameter estimation of the integrated flowsheet model units ....................................... 81 

5.1.1 Flow synthesis ....................................................................................................................... 81 
5.1.2 Crystallization ....................................................................................................................... 85 
5.1.3 In vitro dissolution of capsules .............................................................................................. 87 

5.2 Simulation case studies on the integrated flowsheet model ............................................. 88 

5.2.1 Effect of slurry properties and filter settings on the filterability ........................................... 89 
5.2.2 Simulation of the integrated continuous crystallization and filtration process ...................... 92 
5.2.3 Validation of the filtration model .......................................................................................... 94 
5.2.4 Optimization of the integrated continuous line ..................................................................... 96 
5.2.5 Sensitivity analysis of the integrated continuous line ......................................................... 100 
5.2.6 Conclusions of the integrated flowsheet modeling .............................................................. 104 

5.3 PAT in an integrated continuous powder blending and tableting process ................... 106 

5.3.1 Effects of experimental factors on the physical properties of tablets .................................. 106 
5.3.2 Model development for the evaluation of spectroscopic data ............................................. 108 
5.3.3 Critical quality attributes of the continuously produced tablets .......................................... 111 
5.3.4 Spectroscopic analysis of the continuous experiments ........................................................ 113 
5.3.5 Conclusions of the PAT-assisted continuous powder blending and tableting ..................... 115 

5.4 Surrogate modeling of the in vitro dissolution of tablets ................................................ 116 

5.4.1 Qualitative evaluation of the experimental data .................................................................. 117 
5.4.2 Weibull-RS-PLS models ..................................................................................................... 118 
5.4.3 Weibull-PLS models ........................................................................................................... 121 
5.4.4 Direct PLS models ............................................................................................................... 122 
5.4.5 Direct ANN models ............................................................................................................. 123 
5.4.6 Comparison of the surrogate modeling strategies ............................................................... 126 
5.4.7 Conclusions on the modeling of the in vitro dissolution of tablets ..................................... 130 

6 SUMMARY ........................................................................................................................... 132 

7 PUBLICATIONS .................................................................................................................... 134 

REFERENCES ...................................................................................................................................... 138 

 

  



3 

 

ACKNOWLEDGMENTS 

I would like to express my gratitude to the people without whom this work would not have 

been possible. 

First of all, I wish to thank my supervisor Dr. György Marosi and my co-supervisor Dr. 

Zsombor Kristóf Nagy for their guidance, encouragement and advice they have provided 

through the years. I am also extremely grateful to Dr. Zoltán K. Nagy for inviting me to his 

research group at Purdue University and for supervising my work during my year there as a 

visiting scholar. 

Special thanks go to Dr. Attila Farkas and Dr. Botond Szilágyi for helping me starting out 

in multivariate data analysis and mathematical modeling, and for the long hours of 

consultations.  

I would also like to thank the people who helped me in many ways during my work: Éva 

Kiserdei, László Simon, András Domokos, Dorián Galata, Martin Gyürkés, Kornélia Tacsi, 

Tamás Igricz, Dr. Balázs Démuth, Dr. Hajnalka Pataki, Enikő Borbás, Balázs Szabó, Dr. István 

Csontos, Emőke Szilágyi, Ayse Eren, Jaron Mackey and Teng Zhang. I also wish to 

acknowledge the BSc and MSc students whose work has greatly contributed to this thesis: Petra 

Dulichár, Lívia Horváth, Szofia Komaromy-Hiller, Noémi Lorencz, Krisztina Magyar and 

Blanka Vészi. Furthermore, I am grateful for all the members of the Firepharma Research 

Group, the Department of Organic Chemistry and Technology and the CryPTSys Research 

Group for the supporting working environment. 

I would like to acknowledge the financial support from the National Research, 

Development and Innovation Fund of Hungary in the frame of the FIEK_16-1-2016-0007 

project, and the ÚNKP-20-3 New National Excellence Program of the Ministry for Innovation 

and Technology. I am also thoroughly grateful for the scholarship of the Rosztoczy Foundation 

for funding my year in the United States. 

Last but not least, I would like to thank my family, my friends and Gábor Szénás-Máthé 

for their immense patience, encouragement and support.  

  



4 

 

LIST OF FREQUENTLY USED NOTATIONS AND ABBREVIATIONS 

Notations:  

𝑨𝒊 Pre-exponential factor of the 𝑖th reaction  𝒌𝒗 Volume shape factor [-] 

𝑨 Filter medium area [m2] 𝑳 Linear size of crystals [m] 

𝑨𝑺 Antisolvent- solvent volume ratio  𝑳𝒄 Cake height [m] 

𝑩 Nucleation rate [# m-3s-1] 𝑳𝒏 Nuclei size [m] 

𝒃 Nucleation rate exponent [-] 𝑴 Moisture content [% w/w] 

𝒄 
Concentration in solution [M] (in synthesis);  

[kgm-3] (in crystallization) 
𝑵 

Number of discrete particle sizes [#] of 

the CSD 

𝒄𝒅 
Mass fraction of API in the dissolution medium 

[-] 
𝑵𝒄𝒂𝒑 Capillary number [-] 

𝒄𝒄
∗ 

Equilibrium solubility in the crystallization 

[kgm-3] 
𝒏 Population density [#m-4] 

𝒄𝒅
∗  

Equilibrium solubility in the dissolution medium  

[g ASA/ g solution] 
�̅� Common occupancy [#] 

𝒄𝒊 
Impurity concentration [M] (in the synthesis); 

[kgm-3] (in crystallization) 
𝑶(𝑫) Objective function 

𝒄𝒊𝒏 Inlet concentration of solution [kgm-3] 𝑷 Purity [%] 

𝒄𝒔 Solid concentration [kgm-3] ∆𝑷 Pressure difference [Pa] 

𝑫 Dissolution rate [ms-1] 𝒑∗ Dimensionless pressure difference [-] 

𝑫𝑹 Dissolved ratio [%] 𝒑𝒃 
Threshold vacuum needed to initiate 

deliquoring [Pa] 

𝑫[𝟏, 𝟎] Arithmetic mean particle size [µm] 𝒑𝒊 
Coefficients of size-dependent 

dissolution [-]   

𝑫𝟒𝟑 Volume-weighted mean particle size [µm] 𝑸 Filtrate flux [m3s-1] 

𝒅 Dissolution rate exponent [-] 𝑹𝒄 Cake resistance [m-1] 

𝒅𝒎 Filter medium diameter [m] 𝑹𝒎 Filter medium resistance [m-1] 

𝒅𝒗𝒈 
Geometric mean of the fitted log-normal particle 

size distribution [m] 
𝒓𝒊 

Rate law equation of the  

the 𝑖th reaction 

𝑬(𝒕) Residence time distribution  𝑺 Saturation [-] 

𝑬𝑬 Elementary effect  𝑺∞ Irreducible saturation [-] 

𝑬𝒂,𝒈 Growth activation energy [Jmol-1] 𝑺𝑹 Reduced saturation [-] 

𝑬𝒂,𝒊 Activation energy of the 𝑖th reaction [Jmol-1] 𝑻 Temperature [°C] 

𝑭 Flow rate [m3s-1 or mL min-1] 𝑻𝒅 
Time necessary for the 63.2 % 

dissolution of the drug 

𝑭𝒎𝒂𝒙 
Parameter of the Weibull dissolution model 

(dissolved ratio at infinite time) 
𝑻𝒊 

Lag time parameter of the Weibull 

dissolution model  

𝒇𝟏 
Difference factor  

for dissolution curve comparison [-] 
𝑻𝟖𝟓 

Time necessary for the 85 % 

dissolution of the drug 

𝒇𝟐 
Similarity factor  

for dissolution curve comparison [-] 
𝒕 Time [s] 

𝑮 Growth rate [ms-1] 𝒕𝒅 Deliquoring time [s] 

𝒈 Growth rate exponent [-] 𝒕𝒇 Filtration time [s] 

𝑲𝑳 Langmuir constant [kgm-3] 𝒕𝒓𝒐𝒕 Rotation time [s] 

𝒌𝒂𝒈 Agglomeration rate coefficient [m9#-1s-1] 𝒕𝒔𝒊𝒎 Simulation time [s] 

𝒌𝒂𝒗 Cake permeability [m2] 𝑽 Volume [m3] 

𝒌𝒃 Nucleation rate coefficient [# m-3 s-1] 𝑽𝒇 Filtrate volume [m3] 

𝒌𝒅 Dissolution rate coefficient [m s-1] 𝒗 Antisolvent volume fraction in feed [-] 

𝒌𝒈 Growth rate coefficient [ms-1] 𝒗𝒄 
Crystal volume fraction in the 

dissolution medium [-] 

𝒌𝒊 Reaction rate constant of the 𝑖th reaction [Jmol-1] 𝑿 Conversion [%] 
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Greek letters: 
𝜶 Specific cake resistance [mkg-1] 𝝁𝑴 Mean of elementary effects 

𝜶𝑲 
Effectiveness factor of the Kubota-Mullin 

model [-] 
𝝆𝒄 Crystal density [kgm-3] 

𝜶𝑾 
Time scale parameter of the Weibull 

dissolution model 
𝝆𝒅 Density of the dissolution medium [kgm-3] 

𝜷 
Shape parameter of the Weibull dissolution 

model 
𝝆𝒍 Liquid density [kgm-3] 

𝜺 Cake porosity [-] 𝝈 Relative supersaturation [-] 

 𝜺𝑲 
Dissipation of turbulent kinetic energy  

[Jkg-1s-1] 
𝝈𝟐 

Standard deviation of the reactor residence 

time distribution [s] 

𝜽 Dimensionless deliquoring time [-] 𝝈𝒈 
Geometric standard deviation of the fitted  

log-normal particle size distribution [-] 

𝜿 Dynamic shape factor [-] 𝝈𝒍 Surface tension of the liquid [Nm-1] 

𝝁  Filtrate viscosity [Pa s] 𝝈𝑴
𝟐  Standard deviation of elementary effects  

𝝁𝟐 2nd moment of the CSD [m2m-3] 𝝉 Mean residence time [s] 

𝝁𝟑 3rd moment of the CSD [m3m-3]   

Subscripts: 

𝒂 Acetylation  𝒎 Measured data 

𝒄 Crystallization 𝒒 Quenching 

𝒅 Dissolution 𝑿 Component in the reaction mixture 

𝒋 Time point 𝟎 Initial state 

Abbreviations: 

AA Acetic anhydride 

ANN Artificial neural network 

ANOVA Analysis of variance 

API Active pharmaceutical ingredient 

ASA Acetylsalicylic acid 

CMA Critical material attribute 

CPP Critical process parameter 

CQA Critical quality attribute 

CSD Crystal size distribution 

CU Content uniformity 

DoE Design of experiments 

DS Design space 

EtOH Ethanol 

LV Latent variable 

MCC Microcrystalline cellulose 

MgSt Magnesium stearate 

MSMPR Mixed-suspension, mixed-product removal (crystallizer) 

NIR Near-infrared spectroscopy 

ODE Ordinary differential equation 

PAT Process Analytical Technology 

PB(E/M) Population balance (equation/model) 

PC Principal Component 

PCA Principal component analysis 

PEO Polyethylene oxide 

PLS Partial least squares regression 

QbD Quality by Design 

(R)MSE(C/CV/P) (Root) mean square error (of calibration/cross-validation/prediction) 

RS Response surface 

RTR(T) Real-time release (testing) 

SA Salicylic acid 

SNV Standard normal variate 

USP United States pharmacopeia 

UV-VIS Ultraviolet-visible (spectroscopy) 
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THESIS FINDINGS 

1. A new mathematical modeling approach has been proposed for the mechanistic 

estimation of the filterability of suspensions by accounting for the crystal size distribution 

(CSD) and solid concentration of the suspension. The model combines Darcy’s equation with 

the calculation of the specific cake resistance from the CSD, which is performed by using a 

generalized form of the Carman-Kozeny permeability equation. The cake porosity is also 

estimated from the CSD using the random packing theory of spherical particles. The model 

provided good agreement with experimental filtration results. [I, II, III, XXVIII, XXXVII] 

2. An automated Nutsche filtration-type continuous filter and its integration with 

continuous crystallization has been modeled the first time. It has been established that 

suspensions with high solid concentration and small particle size have better filterability in the 

continuous filtration device. Furthermore, by controlling the rotational cycle time of the filter 

chambers, it is possible to keep the filtration time and the residual cake moisture content 

constant even in the case of dynamically changing suspension properties. [I, II, III, XXVIII, 

XXXVII] 

3. Population balance modeling has been applied the first time for the mechanistic 

modeling of the in vitro dissolution of pharmaceutical capsules and integrated into the dynamic 

flowsheet modeling of continuous active pharmaceutical ingredient manufacturing. The 

application of the dynamic flowsheet model confirmed that the integration of the units of the 

continuous upstream manufacturing – compared the standalone operation of the synthesis and 

crystallization steps – can contribute to the more efficient operation, for example the 

productivity can be increased and the amount of the reagents can be reduced. [III, IV, XXVIII, 

XXXV, XXXVII] 

4. The lubrication properties of a continuous, integrated powder blending-tableting system 

have been analyzed using NIR and Raman spectroscopy. The occurrence of overlubrication 

could be detected non-destructively by simultaneously applying reflection and transmission 

NIR and Raman spectroscopy. This could be explained by the changing spatial distribution of 

the lubricant within the tablets, and by the fact that the different spectroscopic techniques collect 

information from different depths of the samples. [V, VI, IX, X, XXX, XXXI, XXXIII] 

5. Artificial neural networks (ANNs) are applicable for the prediction of the full in vitro 

dissolution profiles of pharmaceutical formulations from Raman and NIR spectra. For this, the 

spectra need to carry information about the critical material attributes and process parameters 
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affecting the dissolution properties. The method has proved to be effective for the fusion of data 

obtained by the analytical tools and to enable real-time testing of the in vitro dissolution. [VII, 

VIII, X, XI, XXVIII, XXIX, XXXII] 

6. Different modeling methods have been compared for the prediction of in vitro 

dissolution curves, which predict either directly the profile or based on the fitting of a profile-

defining equation. Using profile-defining equations has proved to be advantageous for the 

understanding of the underlying relationship between the dissolution and the critical material 

attributes and process parameters, while the direct prediction of the dissolution rate at given 

time points provided better agreement with the reference dissolution curves. The realization of 

non-linear modeling techniques has also proved to be important. [VII, VIII, IX, X, XXVIII, 

XXIX, XXXII, XXXVI] 
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ÚJ TUDOMÁNYOS EREDMÉNYEK 

1. Új modellezési eljárást dolgoztam ki szuszpenziók szűrhetőségének mechanisztikus 

becslésére, a szuszpenzió teljes szemcseméret-eloszlásának és szilárd anyag tartalmának 

figyelembevételével. A modell a szűrés leírásához hagyományosan használt Darcy-egyenletet 

kombinálja a specifikus pogácsaellenállás számításával a szemcseméret-eloszlás 

függvényében, ami a Carman-Kozeny permeabilitási egyenlet általánosított formája szerint 

történik. A pogácsa porozitását szintén a szemcseméret-eloszlásból, gömb részecskék random 

rendeződési elmélete alapján közelítjük. A modell jó egyezést mutatott kísérleti szűrési 

eredményekkel. [I, II, III, XXVIII, XXXVII] 

2. Elsőként modelleztem „automatizált Nutsche szűrő”-típusú folyamatos szűrőberendezés 

és annak folyamatos kristályosítással integrált működését. Felismertem, hogy a nagy 

szilárdanyag-koncentrációjú és kis szemcseméretű (rosszul szűrhető) szuszpenziók folyamatos 

szűrőberendezéssel jobban szűrhetők, s a szűrőkamrák rotációs gyakoriságának megfelelő 

szabályzásával sikerült megoldást találni a szűrési idő és a maradék nedvességtartalom állandó 

értéken tartására dinamikusan változó szuszpenzió-tulajdonságok esetén is. [I, II, III, XXVIII, 

XXXVII] 

3. Elsőként alkalmaztam populációs mérlegegyenlet-modellt kapszulák in vitro 

kioldódásának mechanisztikus becslésére és integráltam folyamatos hatóanyaggyártás 

dinamikus folyamatmodelljéhez. Az integrált, dinamikus folyamatmodell alkalmazása igazolta, 

hogy a folyamatos hatóanyaggyártás lépéseinek integrálása – a szintézis és kristályosítás külön-

külön kezelésével szemben – jelentősen hozzájárulhat a hatékonyabb üzemeltetéshez, például 

növelhető a termelékenység és csökkenthető a reagensek szükséges mennyisége. [III, IV, 

XXVIII, XXXV, XXXVII] 

4. Elsőként vizsgáltam folyamatos, integrált porkeverő-tablettázó rendszerben a 

lubrikációs tulajdonságokat valós idejű folyamatanalitikát is lehetővé tevő NIR- és Raman- 

spektroszkópiával. Megállapítottam, hogy a túllubrikálás megjelenése roncsolásmentesen 

vizsgálható reflexiós és transzmissziós Raman- és NIR-spektroszkópiai mérések párhuzamos 

alkalmazásával. A jelenség a lubrikáns változó felületi eloszlásával és a különböző 

spektroszkópiai módszerek eltérő mintamélységből érkező információjával magyarázható. [V, 

VI, IX, X, XXX, XXXI, XXXIII] 

5. Igazoltam, hogy mesterséges neurális hálózatok alkalmazhatók gyógyszerkészítmények 

in vitro teljes kioldódásprofiljának becslésére Raman- és NIR-spektroszkópia alapján. Ennek 
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feltétele, hogy a spektrumok magukban hordozzák a kioldódást kritikusan befolyásoló folyamat 

és anyagi jellemzőket. A módszer hatékonynak bizonyult az analitikai eszközökből nyert adatok 

egyesítésére, és az in vitro kioldódás valós idejű becslésére. [VII, VIII, X, XI, XXVIII, XXIX, 

XXXII] 

6. Elsőként hasonlítottam össze in vitro kioldódásgörbék folyamatanalitikai adatokból 

történő számításához használható direkt és kioldódásprofil-illesztő egyenleten alapuló 

módszereket. Megállapítottam, hogy az illesztő egyenletek alkalmazása hozzájárul a kioldódás 

és az azt befolyásoló folyamat- és anyagparaméterek közötti kapcsolat megértéséhez, míg a 

kioldódott hányad adott időpontokban történő direkt becslése jobb egyezést mutat a mért 

kioldódásgörbékkel. Szintén fontos előrelépést sikerült megvalósítani a nemlineáris hatások 

figyelembevételére alkalmas modellezési eljárások realizálásával. [VII, VIII, IX, X, XXVIII, 

XXIX, XXXII, XXXVI]  
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1 INTRODUCTION 

The new century has brought a paradigm shift in the pharmaceutical industry, aiming for 

more efficient and agile drug development and manufacturing. This aspiration manifests in the 

development of continuous technologies and the implementation of the Quality-by-Design 

(QbD) and Process Analytical Technology (PAT) concepts. These principles aim the 

development of processes that inherently provide good quality products, based on the 

mechanistic understanding of the product and the manufacturing, knowledge- and risk-based 

operation, and the utilization of real-time quality assurance tools. However, to eventually reach 

this goal, it is necessary to implement several modern techniques, such as big data analytics, 

artificial intelligence, and digital twins, which leads to the ever-increasing importance of 

mathematical modeling.  

Both mechanistic and empirical modeling methods find possible applications in the 

research and development and the production stages, e.g. in the determination of the design 

space, optimal operational settings and control strategy, and could be used for risk analysis, 

reduce experimental costs, and, overall, to achieve an efficient operation. Consequently, in 

recent years, considerable effort has been made to establish different modeling methodologies 

to characterize the manufacturing units and the critical quality attributes of the products. 

However, there are still several missing links, especially regarding the development of plant-

wide integrated continuous processes and the real-time release testing strategies of complex 

formulations.  

This work aimed to contribute to these areas by using mathematical modeling approaches 

for the upstream (active pharmaceutical ingredient (API) production), and downstream (final 

dosage form manufacturing) processes. First, a flowsheet model of an integrated upstream 

manufacturing line was constructed, including the development of a novel mechanistic model 

for continuous filtration, with the aim of gaining knowledge about the operation of plant-wide 

continuous lines. Secondly, a continuous powder blending and tableting process was studied by 

the utilization of PAT tools and data-driven models to achieve fast and non-destructive 

characterization of the quality of the final product. Furthermore, we aimed to develop both 

mechanistic and empirical surrogate models for the in vitro dissolution prediction of tablets and 

capsules, as it is one of the most strictly regulated quality attributes, but it is still a bottleneck 

for realizing real-time release testing. The results could significantly support the development 

of integrated, end-to-end continuous manufacturing lines and the related quality control; hence 

it could directly contribute to the modernization efforts of the pharmaceutical industry.  
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2 LITERATURE REVIEW 

2.1 The changing landscape of pharmaceutical manufacturing 

Although pharmaceutical drug development is commonly associated with innovation and 

high-tech solutions, lately the manufacturing has been criticized for relying on outdated 

techniques [1]. The hesitancy to adopt novel technologies can be attributed to the strict 

regulations and the lengthy and costly approval process of every change. While this approach 

proved to ensure the safety and good quality of the products, by the beginning of the 21st 

century, the increasing number of drug recalls, the diminishing R&D profits and the decreasing 

productivity has driven the attention of the authorities for the need for a paradigm shift [1, 2]. 

As a result, multiple initiatives have emerged in parallel, aiming for a more efficient, agile and 

flexible pharmaceutical industry. As these initiatives set the course of the research and 

development both in academia and industry, this section aims to review their most important 

components. 

2.1.1 Continuous pharmaceutical manufacturing 

Continuous pharmaceutical manufacturing has been identified as one of the key elements 

of modernization [3], thanks to its advantages over batch processing, such as eliminating scale-

up problems and hold-up times between steps or decreasing safety hazards and the time to 

market. Moreover, by operating in a steady-state, the batch-to-batch variability can be 

decreased, resulting in a more robust process and consistent product quality [4, 5]. 

Consequently, the topic has received tremendous attention in the last years from researchers in 

both academia and industry. The in-depth review of continuous technologies throughout the 

various steps of manufacturing is beyond the scope of this thesis, hence the interested reader is 

referred to detailed books and review papers about the topic [6-8]. From there, it can be 

deduced, that all the widely used unit operations have now continuous alternatives and several 

pharmaceutical companies have already engaged in continuous technologies [3]. Currently, 

there are 6 regulatory-approved drugs which production incorporates continuous technologies 

to some extent [9], but the US Food and Drug Administration (FDA) is committed to further 

promote their implementation.  

To that end, the FDA issued a draft guidance to the industry in 2019 [10] to help resolve 

potential issues during the implementation of new technologies, e.g. characterizing the process 

dynamics and defining the batch and the control strategies. From this guidance, it is also 

apparent that further regulatory initiatives, i.e. Quality by Design (QbD), Process Analytical 
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Technology (PAT) and Real Time Release Testing (RTRT) are also strongly aligned with 

continuous manufacturing, and need to be integral parts of the development to truly exploit the 

benefits of the continuous lines.  

2.1.2 Quality by design (QbD)  

The motto of the QbD framework is that the quality should not be tested (Quality by 

Testing, QbT) but built into the product, which was first outlined as a general quality 

management concept by Juran [11]. Since then, it has been adapted in the pharmaceutical 

industry and is now involved in the regulatory toolkit (Q8 (R2) (Pharmaceutical development) 

[12], Q9 (Quality risk management) [13] and Q10 (Pharmaceutical quality system) [14] 

guidelines) of the International Conference of Harmonization (ICH). Here, QbD is defined as 

“a systematic approach to development that begins with predefined objectives and emphasizes 

product and process understanding and process control, based on sound science and quality risk 

management”. This is delivered through six fundamental elements [12]: 

I. First, the Quality Target Product Profile (QTPP) needs to be defined, which is a set of 

critical parameters from the clinical perspective. It comprises e.g. the route of 

administration, dose, bioavailability, storage, shelf life, etc. 

II. Based on the QTPP, the Critical Quality Attributes (CQAs) are identified. These are the 

product characteristics that critically affect the quality, defined from the technology point 

of view, such as the in vitro dissolution, assay, impurity levels, etc., for which acceptance 

limits or ranges can be also defined. 

III. The enhanced, scientific product understanding is achieved by linking the CQAs to 

Critical Material Attributes (CMAs) and Critical Process Parameters (CPPs), e.g. 

polymorphism, particle size distribution, flowability, compression force, process 

temperature, flow rates, etc. This can be performed by establishing mathematical 

relationships using mechanistic modeling approaches or design of experiments (DoE). 

Risk assessment tools are also important at this stage to analyze the significance of the 

potential CMAs and CPPs. 

IV. The previous stages can significantly contribute to the informed selection of an 

appropriate development (e.g. scale-up) strategy and manufacturing process. The QbD 

also assists the much sought-after flexibility of the manufacturing process: a Design 

Space (DS) can be defined, which is a multidimensional combination and interaction of 

the CMAs and CPPs, that has been confirmed to result in acceptable ranges of CQAs. 
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That is, within this space the production of a good quality product is ensured, therefore 

operation within a verified DS is not considered a change. 

V. An established control strategy is necessary to ensure that the manufacturing remains 

within the DS. It comprises several elements, such as controlling the CMAs and CPPs, 

verifying the real-time analytical tools and the applied prediction models, application of 

multivariate statistical process controls (MSPC), etc. 

VI. The QbD emphasizes the need for continual improvement through the lifecycle of the 

product, e.g. by incorporating the expanding process and product knowledge into the 

design space, continuously assessing the performance of the production, and performing 

risk analysis.  

QbD is getting increasingly adopted by manufacturers. A detailed study of the FDA 

internal database from 2012 and 2016 analyzed the prevalence of QbD in the New Drug 

Applications (NDAs, submission for original drug products) and Abbreviated NDAs (ANDAs, 

submission for generic drugs) of oral solid dosage forms [15]. The study revealed that 71 % of 

the total 131 NDAs contained QbD to some level, with the highest ratio in the case of 

immediate-release (IR) tablets (80 %). However, this ratio was found to be higher for ANDAs 

(e.g. 95 % for IR tablets), which suggests that QbD is getting more accepted for generic drug 

development but is not yet a routine practice for originals. Although the specific elements of 

the applications are confidential, the authors also pointed out, that the QbD interpretations in 

ANDAs tend to be more detailed, but at the same time, the utilization of advanced DoE 

approaches is rare. The current status of QbD was also recently review by Grangeia et al. [16], 

considering publications both from the industry and academia, and analyzing the most 

commonly used methods for risk assessment and DoE. The survey of 60 research papers 

highlighted that most QbD works come from collaborations of academia and industry, while 

the most studied process step is granulation, owing to its high impact on CQAs, e.g. flowability 

and dissolution. Nevertheless, it could be concluded that QbD is not yet fully adapted and 

several gaps were identified. For example, it is still rare, that CMAs and CPPs are studied 

together in one DoE, accounting for their interaction. Furthermore, the review also drew 

attention to the fact, that the common practice is to consider each unit operation separated, 

therefore the understanding of a full continuous line as a whole is still very limited.  

2.1.3 Process Analytical Technology (PAT) 

Along with QbD, the PAT paradigm is another key element of the aimed science- and risk-

based approach for innovation and efficiency in the pharmaceutical development, 
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manufacturing. As for the guideline published by the FDA [17], PAT is “a system for designing, 

analyzing and controlling manufacturing through timely measurements (i.e. during processing) 

of critical quality and performance attributes of raw and in-process materials and processes to 

ensure final product quality”. That is, real-time measurements are promoted for process 

understanding during the development phase, for process monitoring and control in production, 

coupled with suitable data analysis tools and control approaches. The PAT toolbox involves 

three basic elements: in-process analyzers, multivariate data analysis and the control strategy. 

In-process analyzers are one of the main elements of PAT, that can operate either in an at-

line, on-line, or in-line manner. For at-line measurements the sample is removed but is analyzed 

in close proximity to the process stream, on-line analysis is carried out by diverting the sample 

from the manufacturing but can be returned to the process stream, while in-line measurements 

are performed during the process without sample removal [18]. Several analytical techniques 

can be applied [18], such as absorption spectrophotometry, ultraviolet-visible (UV-VIS) and 

infrared (IR) spectroscopy, laser diffraction, focused beam reflectance measurement (FBRM), 

or machine vision methods [19, 20]. However, probably the most commonly and versatilely 

used methods are the vibrational (IR and Raman) spectroscopic methods [21, 22], which 

principles are detailed in Section 2.1.3.1. 

As most of the utilized analyzers provide multivariate data at every measurement point 

(e.g. spectra with thousands of wavelengths at each second), the utilization of multivariate data 

analysis methods is also an integral part of PAT to truly benefit from the modern measurements. 

The importance of proper model development and maintenance is emphasized in the chapter 

about chemometric methods in the European Pharmacopeia [23] and by the FDA’s guidance 

document [24] about the submission of Near-infrared (NIR) analytical procedures (which is 

also applicable to other multivariate analytical tools). For more details on the modeling see 

Section 2.2. 

Similar to the QbD framework, the PAT guideline [17] also emphasizes the importance of 

a suitable control strategy to maintain the desired state of the process and to fully benefit from 

the real-time measurements. Following the principles of QbD and PAT, three levels of control 

could be defined (Figure 2.1) [25]. The traditional pharmaceutical control (Level 1) is based on 

extensive end-product testing which results need to fulfill tight constraints. Improving this 

approach, the pharmaceutical engineering control (Level 2) adheres to the QbD initiative, that 

is the process parameters can be flexibly modified during manufacturing within the established 

design space. At the highest level, the automatic engineering control can be regarded as the 
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adaption of PAT, that is the critical quality attributes are monitored and adjusted in real-time. 

This could be performed in a feedforward manner, where the process is modified based on the 

deviations of the input. Another possibility is the feedback control when the process output is 

measured and the observed deviations are utilized to take corrective action on the process [26]. 

 

Figure 2.1 Hierarchy of possible control strategies of pharmaceutical manufacturing (Based on [27]). 

 

2.1.3.1 Vibrational spectroscopic tools as process analyzers 

Vibrational spectroscopic tools, including infrared (IR) and Raman spectroscopy, have 

rapidly gained interest as potential process analyzers due to their fast and non-destructive 

analysis in various physical states (liquid, solids, pastes, etc.) and the possibility to gain 

chemical and physical information on the process. Both techniques analyze the vibrational state 

changes associated with the interaction of the sample with electromagnetic radiation: the 

absorbed and transmitted fractions of the photons are the subjects of IR spectroscopy and the 

scattered radiation forms the basis of Raman spectroscopy. 

IR spectroscopy is traditionally divided into three categories based on the used 

electromagnetic radiation ranges: far (FIR, 10-400 cm-1), mid or analytical ((M)IR, 400-4000 

cm-1) and near (NIR, 4000-12500 cm-1) infrared. Among these, FIR is the least widespread 

method in the pharmaceutical industry but can be used e.g. for the analysis of polymorphism 

[28], as crystal lattice and torsion vibrations are excited by the FIR radiation. Predominantly 

MIR has been used for analytical purposes because the functional groups provide characteristic 

bands in the 1500-4000 cm-1 range and the 300-1500 cm-1 fingerprint region can be also used 

for identification, and consequently it can be utilized as a PAT tool for quantitative and 

qualitative analysis of API synthesis [21, 29]. However, most of the materials exhibit strong 

absorbance, resulting in a small (~10-100 μm) penetration depth, which limits its application to 

homogeneous and water-free systems, and hinders several applications, e.g. in biotechnology. 
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Compared to this, the NIR spectrum bands are associated with the overtones and combinations 

of the fundamental vibrations (e.g. the O-H, N-H and C-H stretching) which result in much 

broader and less intense signals compared to the MIR spectra. On the one hand, this makes the 

spectral analysis less straightforward, e.g. multivariate data analysis is required for quantitative 

analysis. On the other hand, it results in a deeper penetration depth, which makes NIR the 

primary choice as a PAT tool of inhomogeneous solid systems, e.g. powder blends and tablets 

during drug formulation [21]. 

Although NIR spectroscopy is still predominant in the pharmaceutical industry, Raman 

spectroscopy is getting more widespread and has already demonstrated its feasibility to analyze 

critical quality attributes throughout the drug manufacturing process [21, 30]. When the light is 

scattered from the sample, the predominant mode is the elastic, i.e. Rayleigh scattering, but a 

small proportion of photons (approximately 1 in 10 million) is scattered inelastically. These 

photons shift to lower or higher energy, resulting in Stokes and anti-Stokes scattering, 

respectively. This phenomenon is called Raman scattering, which was first theoretically 

predicted by Brillouin [31] and Smekal [32] in the 1920s, then proved experimentally by Raman 

[33]. A Raman spectrum provides both qualitative and quantitative, molecular-level 

information of the analyzed sample. The basis of the qualitative information is the fingerprint 

nature of the Raman shift, i.e. the energy shifts of the scattered photons are unique to each 

material. IR and Raman spectroscopy are often regarded as complementary techniques due to 

their different selection rules: IR signals are derived from dipole moment changes of the 

molecular bonds, but Raman signals are the result of polarizability tensor changes. For instance, 

symmetrical vibrations are IR inactive, as it does not generate a net electric dipole, but Raman 

spectroscopy can reveal its polarizability. For the same reason, Raman spectroscopy can be 

utilized in an aqueous environment (the asymmetric vibration and bending of H2O molecules 

are weak signals), e.g. in crystallization or bioprocesses [34]. As another advantage over NIR 

spectroscopy, Raman spectra contain sharper peaks, which can significantly simplify the data 

analysis [35]. The application of Raman spectroscopy for quantitative analysis is established in 

the bond polarizability theory of Placzek [36], which states that the Raman intensity of a photon 

depends on the quality of the material and is in a linear relationship with the number of 

illuminated molecules, i.e. with the concentration.  It also points out that the intensity of 

irradiation enhances the intensity of Raman signals, which compensate for the very feeble 

Raman effect. Therefore, significant development of Raman spectroscopes began only after the 

discovery of monochromatic, high energy density light sources, i.e. lasers [37, 38]. 
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Vibrational spectroscopic techniques were needed to undergo substantial sensor 

development to enable real-time analysis. Despite having a better resolution, the spread of in 

situ MIR spectroscopy has been hindered by the strong absorbance of ordinary glass in this 

radiation region, compared to its transparency in the NIR region. This could significantly 

contribute to the widespread utilization of the relatively low-cost NIR fiber optic probes in 

industrial process monitoring [39, 40]. The development of the Attenuated Total Reflection 

(ATR)-IR setup [41] has significantly advanced the implementation of the in-line IR 

spectroscopy by eliminating the need for sample preparation and long optical pathway [42], and 

as a result, ATR-IR is probably the most widely used approach for flow cells, fiber optic probes 

[40, 42, 43] and IR chemical imaging [44]. As for the NIR spectrometers, several setups are 

known, such as contact and non-contact transmission or reflection modes [45], among which 

diffuse reflectance measurements emerged as an especially ideal solution to enhance the signal-

to-noise ratio. In this case, an integrating sphere is incorporated in the instrument to collect and 

focus the diffusely reflected radiation onto the detector [39]. The advanced state of the NIR in-

process techniques is shown by the fact, that in the literature even in-line transmission NIR 

studies can be found [46], and NIR chemical images were also collected real-time [47].  

Raman spectrometers were originally developed with a backscattering configuration, 

focusing the exciting laser light into the analyzed sample. This results in a less than 500 µm 

spot size [48], which provides a good spatial resolution for chemical imaging. However, during 

a real-time application, this could cause significant sub-sampling problems [48], especially 

when heterogeneous or moving samples are analyzed with a short accumulation time. Several 

different fiber-optic Raman probes have been constructed to overcome these disadvantages and 

to meet the demand of many applications, such as remote sensing, process monitoring, or in 

vivo medical diagnosis [27, 49-51]. One method is the wide-area illumination scheme (WAI), 

such as the PhAT (Pharmaceutical Area Testing) probe developed by Kaiser Optical Inc. (Ann 

Arbor, MI, USA) [52]. In reflective operating mode, this tool irradiates a significantly larger 

sample volume by using intense laser light to form a circular illumination area, then an array of 

50 optical fibers collect the Raman signals. This configuration was demonstrated to overcome 

the problem of sub-sampling and increase the signal-to-noise ratio since the signals collected 

by the fibers are summed, leading to faster spectrum acquisition [52]. Furthermore, Wikström 

et al. [48] presented the outstanding focus tolerance of the PhAT system and performed the 

successful monitoring of wet granulation, a highly dynamic process. Transmission Raman 

spectroscopy is another emerging possibility to reduce sub-sampling, where the irradiation and 
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collection of the photons separately occur on the different sides of the samples. Matousek et al. 

[53] demonstrated that the photons penetrate deeper into the examined sample compared to the 

backscattering configuration, thereby collecting more Raman signals from the inner layers and 

increasing the representativeness of sampling. Good quality Raman signals could be collected 

even through a tablet of 7.8 mm thickness [53] and could be used for non-invasive analysis of 

capsules even the high fluorescence of surface layers hindered the measurements [54]. 

However, despite its advantages, the in-line applicability of transmission Raman spectroscopy 

has not been solved so far, remaining an off-line or at-line PAT tool [34]. 

2.1.4 Real-time release testing 

In the quality management of medicines, release testing is one of the most vital steps to 

ensure the quality of the product batch before the Qualified Person authorizes its release to the 

market. Traditionally it means a series of analytical tests for identity, assay, impurities, stability, 

disintegration, dissolution, etc. Nevertheless, along with the implementation of the QbD and 

PAT frameworks, the manufacturers now have the opportunity to reduce the labor- and time-

intensive end-product testing with real-time release testing (RTRT) approaches.  

RTRT is defined by the European Medicine Agencies (EMA) as  “a system of release that 

gives assurance that the product is of intended quality, based on the information collected 

during the manufacturing process, through product knowledge and on process understanding 

and control” [55]. That is, the in-process controls may provide equal or greater assurance of the 

product quality than the end-product testing when the QbD and PAT principles are implemented 

in the manufacturing process (e.g. the CMAs and CPPs are thoroughly mapped, their connection 

to the CQAs are established, and quality risk management principles, in-process analysis and 

comprehensive control strategy are applied). Although RTRT is not yet a requirement along 

with the implementation of continuous manufacturing, PAT or QbD methods, it is highly 

encouraged [10]. Furthermore, parallel testing (i.e. application of RTRT parallel with the 

conventional tests) and partial RTR approaches (i.e. not all the CQAs need to be released in 

real time) are also possible.  

The authorities do not limit the application of RTRT to certain CQAs but emphasize that 

the dependencies need to be established on a product-by-product basis [55]. For example, a 

mock technical document has been released by the Japanese pharmaceutical authority [56] to 

promote the submission of design space and RTRT methods, where RTR for identification, 

assay and uniformity of dosage unit is mentioned, based on NIR spectroscopy. Moreover, the 

dissolution rate at a given time point was calculated using a surrogate response surface based 
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on tablet hardness test, particle and granule size measurements. In a recent review, Markl et al. 

also summarize some of the most important CQAs that can be potentially subject to RTR, such 

as moisture content, granule size and density, tablet porosity, or coating thickness [57], as well 

as it mentions two industrial case studies. The example from AstraZeneca was the first RTR 

gaining regulatory approval in Europe in 2007, where the identity, assay and uniformity of 

dosage units in a batch process were confirmed by NIR spectroscopy, coupled with multivariate 

analysis methods. The dissolution was evaluated using information about the input materials 

and tablet core in a multivariate linear regression model. In the process of Eli Lilly, the mixing 

homogeneity and the tablet weight uniformity were released real-time in a continuous 

manufacturing process, using NIR and a soft sensor approach, respectively. The publicly 

available product quality reviews of the continuously manufactured SymdekoTM and 

OrkambiTM (Vertex Pharmaceuticals, US) [58], as well as the press releases about the 

continuous production of PrezistaTM (Janssen Pharmaceutica, Belgium) [59] also indicate that 

RTR is getting an integral part of the new continuous manufacturing strategy.  

To aid the implementation of RTRT, Markl et al. also introduced a detailed workflow for 

the development of RTRT [57], and sample decision trees are also available in the Japanese 

mock technical document [56]. These also highlight, that mathematical models need to be 

central elements of every RTRT strategy to enable the evaluation of the real-time collected data 

or the calculation of those CQAs that cannot be directly measured. The regulatory guidelines 

emphasize that the models used for RTR are high impact models (see Section 2.2), therefore 

special care has to be taken during the model development, validation and lifecycle 

management, when especially the sampling frequency, acceptance and rejection criteria need 

to be justified, supported with comparative test results [55].  

2.2 Modeling for continuous pharmaceutical manufacturing 

It is apparent from Section 2.1, that mathematical models have a central role in the 

realization of the QbD and PAT initiatives and are getting even more important as continuous 

manufacturing is getting more widespread. This section aims to give an overview of the 

mathematical modeling approaches most frequently utilized within the QbD and PAT 

framework.  

A model is a simplified representation of a system or a phenomenon using mathematical 

language, connecting multiple process inputs (variables) and outputs (responses) [60]. It can 

contribute to the scientific understanding of the phenomenon and enable the prediction of the 

system’s state under a given set of conditions [61]. The mathematical models applicable in the 
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pharmaceutical industry can be classified based on their complexity, intended use, or impact in 

quality management. Based on the complexity, the models are most commonly divided into 

three categories [61, 62]: 

• First principles or mechanistic models are derived from the underlying physical or 

chemical laws, and consequently, provide the most detailed scientific understanding of the 

process. Examples of mechanistic models include thermodynamic equations, 

computational fluid dynamics (CFD), finite or discrete element methods (FEM, DEM). 

• Empirical or data-driven models rely on data analysis, i.e. aim to establish the relationship 

between the model input and output based on the collected data during the processes. 

Examples are response surfaces coupled with DoE, (multivariate) regression models and 

machine learning tools. 

• Hybrid models combine theoretical knowledge with measured data, e.g. to estimate 

parameters of first principles-based equations. 

Ierapetritou et al. [60] proposed a similar categorization for the models of solid drug 

product manufacturing, defining first principles, multidimensional, engineering/semi-empirical 

and empirical/ reduced-order models as seen in Figure 2.2. Figure 2.2 also represents that the 

type of the applied method needs to be selected based on its goal and is also a trade-off between 

the model detail and their computational demand. Although first principles might not be suitable 

for every problem due to their complexity, some authors believe that it is beneficial to construct 

hybrid models when possible for the increased process knowledge [63]. However, Ierapetritou 

et al. also highlighted that the detail of the model does not necessarily relate to model accuracy, 

which must be analyzed using data-based validation [60].  

The applied models can be also categorized from a regulatory perspective, based on their 

impact on the quality of the product [61]. This categorization is addressed in several regulatory 

documents to aid submissions, as the elaboration of the model is highly dependent on its 

category [10, 23, 24, 55, 64]: 

• Low impact models are used to support the product and process design and development 

but do not directly impact the quality of the production batch, e.g. a DoE for formulation 

optimization. For documentation, it is sufficient to discuss how it was used for decision 

making. 

• Medium impact models have a role in assuring the quality of the product but are not 

exclusively used to determine it. A typical example of a medium impact model is a design 
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space model. For the regulatory submission, the adequacy of the model needs to be proved, 

e.g. by providing model assumptions, inputs and outputs, statistical analysis. Furthermore, 

it also needs to be discussed how the control strategy can mitigate the model uncertainty.  

• High impact models are the sole determinant of the product quality, e.g. a multivariate 

calibration model for assay, content uniformity, or a surrogate model for dissolution. In 

this case, a rigorous validation is indispensable, including proof and rationale of the 

adequacy of the sampling frequency, acceptance and rejection criteria plans for model 

maintenance, etc. [64]. 

 

Figure 2.2 Mathematical models used for solid drug manufacturing [60]. 

 

The components of the QbD and PAT framework introduced in Section 2.1.2 and 2.1.3 can 

be also associated with their specific modeling toolkit [61, 62], as summarized in Figure 2.3. It 

is apparent that both mechanistic and empirical techniques are applied throughout the process. 

Among these, the risk analysis methods and the different types of DoEs are the most widely 

used [16, 65], compared to, for example, the neglected in vitro-in vivo correlation (IVIVC) 

techniques [65]. Moreover, a trend toward empirical models is noticeable as the implementation 

of QbD progresses toward its last building blocks (control strategy, continual improvement), 

where, from the regulatory perspective, the models bear a higher impact. However, dynamic 

first-principles methods (e.g. flowsheet models based on ODE systems) can also play an 

outstanding role within PAT, for example in the implementation of model predictive controls 

[63, 66]. 
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Figure 2.3 Mathematical models within the QbD and PAT framework (based on [62]). 

 

In the following, applications of the above-introduced modeling techniques are reviewed 

in connection with the continuous manufacturing of API and their continuous formulation into 

oral solid dosage forms. Due to the wide scope of QbD and PAT, the overview of the 

downstream processes is focused on the monitoring and prediction of CQAs of the final product 

(especially tablets) primarily by the means of PAT tools (mainly NIR and Raman spectroscopic) 

and data-based models. 

2.2.1 Continuous upstream processing 

2.2.1.1 Active pharmaceutical ingredient synthesis 

Technologies for continuous synthesis of APIs are already well established, using either 

micro-, meso- or large-scale flow reactors, tubular continuous reactors, or continuous stirred-

tank (CSTR) reactors [29, 67]. Authors affiliated with Pfizer highlighted that flow reactions are 

especially beneficial during early research of candidate APIs due to their easier scale-up, as the 

subsequent development steps can utilize the existing flow routes in different quantities and 

optimization levels [67]. However, they also note, that the expensive initial investments can 

undermine the benefits of continuous technologies when a switch from existing batch to 

continuous process is considered. This is observable in the available literature of continuous 

synthesis, too, as lab-scale works dominate, mainly dealing with optimization and reaction 

kinetics identification. 
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The modeling of liquid systems, the most common phase during API synthesis, is 

considered simpler than that of the solids [60], and their methods, e.g. computational fluid 

dynamics (CFD) are well-established [68]. Nevertheless, the application of relatively simple 

factorial designs is the most prevalent for enhancing the understanding of continuous synthesis. 

For example, systematic factorial designs were conducted to establish the design spaces for a 

continuous Mitsunobu reaction in a tubular reactor [69], and the final step of vortioxetine 

synthesis [70]. Several examples have been also collected by Weissman et al., where DoEs 

were applied for identifying CPPs, e.g. residence times in the reactor [71]. It was also possible 

to use multidimensional dynamic experiments to test the DS [72], and to execute automated 

DoE and statistical modeling (‘Highly Automated DoE’ or HAD) of automated parallel 

experimentations [73]. These works confirmed that DoE is a useful tool for quick optimization 

and to accelerate process development. Armstrong et al. moved beyond the experimental 

approach of DS determination by developing a CFD model for a flow synthesis [74]. The results 

showed, that CFD can provide comparable performance to a screening DoE, while it further 

decreases the experimental cost and widens the depth of screening. 

Another important method in continuous synthesis modeling is the development of kinetic 

models for different purposes. For example, Waldron et al. developed a kinetic model for 

continuous esterification of benzoic acid in an autonomous microreactor, that could be utilized 

for model-based DoE after parameter estimation [75]. Zaborenko et al. performed the kinetic 

evaluation of a reaction along with a finite element analysis of heat transfer within the reactor, 

which facilitated the reaction scale-up [76]. One of the most important applications of kinetic 

models is the integrated characterization of synthesis with downstream process steps, which is 

an important step toward the industrial implementation of continuous flow reactions. As an 

example, the kinetic scheme of two CSTRs was incorporated in a plant-wide mathematical 

model of a continuous pilot plant [77], and a series of papers dealt with the reaction kinetics 

modeling of the integrated continuous synthesis of carfilzomib intermediates [78-80]. Diab et 

al. modeled the production of several APIs (e.g. rufinamide, nevirapine, ibuprofen, artemisinin, 

diphenhydramine) coupled with either crystallization or liquid-liquid extraction to analyze 

techno-economic factors, e.g. E-factor, recovery and plant costs [81-83]. The integrated models 

could be used for uncertainty and sensitivity analysis by Monte-Carlo simulations [84], 

dynamic optimization [85] and for the development of control structures [86]. 

Both the above-mentioned DoE and kinetic modeling approaches rely on data, which could 

be significantly facilitated by real-time, in-line, or on-line measurements [72], e.g. to 
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understand the dynamics of the intermediate formation or to control the process. The integration 

and automatization of PAT tools, such as ATR-FTIR, NIR, Raman, UV-VIS and even Nuclear 

Magnetic Resonance (NMR) and Mass spectroscopy have already been described for individual 

process steps [19, 29] or combined to tackle complex multistep reactions [87]. Most of these 

works utilized calibration-free approaches, which could be associated with the direct and 

relatively simple correlation between the measured data and the changes in the chemical entity. 

For instance, Schwolow et al. could utilize Raman spectroscopy integrated into a microreactor 

to determine the kinetic parameters of a Michael addition by monitoring the changes of the 

reagents’ characteristic peaks [88] and the catalytic activity could be characterized by using a 

simple univariate regression between a Raman peak ratio and gas chromatography (GC) 

measurements [89]. However, the application of multivariate analysis, such as principal 

component analysis (PCA) and partial least squares (PLS), could be necessary, especially in the 

case of complex systems. In the literature, Raman [90], ATR-IR [91] and NIR [92] 

spectroscopy-based PLS models have also been presented. In the latter case, the real-time NIR 

measurements were employed in a feedforward-feedback control loop to ensure the 

stoichiometric dosing of Grignard reagents. PAT tools (GC, FTIR, on-line HPLC, in-line 

benchtop NMR) together with different optimization algorithms were applied to achieve 

autonomous self-optimization [93], an emerging trend toward digitalization and Industry 4.0, 

and residence time distribution (RTD) model of a microreactor was also developed [94]. 

However, the recent case study of the synthesis of ivacaftor [95] revealed the importance of 

critically evaluating the (self)optimization results of a multi-step process when transferring 

from laboratory to production scale, as even slight changes can result in detrimental capital 

investments. The authors also suggest transferring the state of the art in automatization of bulk 

chemicals and petrochemicals, where similar problems have been tackled for decades. To 

facilitate the implementation of continuous (commercial scale) flow synthesis, Cervera-Padrell 

et al. also proposed a systematic process systems engineering-based framework [96], which 

utilization was demonstrated by converting the existing batch-wise process to continuous mode. 

2.2.1.2 Separation and purification  

To obtain solid crystalline API, the synthesis is mostly followed by crystallization from the 

mother liquor and the associated filtration and drying process of the crystals. Crystallization is 

a key step in connecting the upstream and downstream processing, as it does not only determine 

the yield and the purity, but the crystal properties (e.g. crystal size distribution, CSD) 
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significantly influence the further manufacturability (e.g. flowability) and even the quality (e.g. 

in vitro dissolution) and the bioavailability (via the polymorphism) of the final product [97].  

Continuous crystallization is a widely researched area, which is well demonstrated by two 

review papers, both featuring nearly a hundred publications about the topic [98, 99]. Both 

papers distinguish three main types of continuous crystallizers: mixed-suspension, mixed-

product removal (MSMPR) crystallizer, plug flow crystallizer (PFC) and continuous oscillatory 

baffled crystallizer (COBC). Among these, MSMPR is the most common type, due to the 

possibility of using existing CSTRs, as well the ease of operation and control, but the 

application of PFC and COBC is also emerging, primarily, yet, in academia [98]. Nevertheless, 

modeling studies can be already found for the design, optimization, and control of each type. 

Several works address the possible modeling methodologies for crystallization [97, 100-

102], including the detailed introduction of population balance models (PBM) [100], which can 

be regarded as first principles [97] or high-dimensional methods (Figure 2.2). For crystallization 

studies, PBMs coupled with mass and energy balances are appearing far more common than 

statistical DoE models. Differences emerge in the detail and fidelity of the models, such as in 

the considered crystallization kinetics (nucleation, growth, agglomeration, etc.), and the applied 

solution method of the population balance equation (PBE), but the publications indicate a trend 

toward the more detailed models [98]. However, Wood et al. also highlight, that agglomeration 

and breakage kernels are widely applied from the modeling perspective but are rarely studied 

together with experimental data [98]. 

In the following, a few prominent modeling examples are presented, for a more detailed 

overview, the reader is directed to the referenced review papers [98, 99]. To aid the 

transformation from batch to continuous crystallization, Su et al. presented a rigorous PBM 

framework for cooling and antisolvent crystallization in an N-stage MSMPR crystallizer [103]. 

Together with a concentration control strategy, this approach provided higher production 

capacity, shorter mean residence time and comparable product yield as a batch process. A PBM  

could also contribute to the optimal steady-state operation of a combined cooling- antisolvent 

crystallization, while the start-up duration and the associated waste could be reduced by 50 % 

using the optimized dynamic antisolvent and temperature profile [104]. Similarly, the model-

based design and optimization proved to be useful in the case of a multisegment, multiaddition 

PFC, too [105]. In another work, a kinetic Monte-Carlo simulation was combined with a PBM 

to characterize the crystal shape and size of a lysozyme crystal in the steady state of a PFC, 

combined with a PBM to analyze the spatial-temporal evolution [106]. An example for COBC 
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application is the work of Brown et al., where the PBM was used to predict the solute 

concentration and mean particle size of the product [107]. Modeling studies also addressed one 

of the main challenges of tubular crystallization, i.e. encrustation, and resulted in mitigation 

strategies, such as the application of heating and cooling cycles [108] or controlled injection of 

pure solvent [109]. PAT was also applied for crystallization, e.g. to develop a validated PLS 

model for the continuous monitoring of solute concentration and detection of the metastable 

carbamazepine polymorph based on Raman spectroscopy [110]. However, a trend can be 

observed, that PAT tools, unlike in other unit operations, are predominantly utilized 

incorporated to the PBM model rather than as a standalone method, e.g. for data collection for 

parameter estimation [107] or in a control strategy. For instance, model-free approaches are 

widely used, such as direct nucleation control (DNC) [97] or supersaturation control (SSC) 

coupled with focused beam reflectance (FBRM) or ATR-IR real-time sensors [104].  

While continuous crystallization is developing fast, continuous filtration and drying are 

emerging as the bottleneck in the fully integrated, end-to-end continuous manufacturing, which 

is mainly associated with its less established technologies and the lack of industrial-scale, off-

the-shelf equipment [98, 111]. The two main methodologies for continuous filtration are 

automated batch filtration, which repeatedly performs the traditional Nutsche filtration via 

automation, and dynamic cross-flow filtration, which is mainly prevalent in biotechnology 

[111]. Multiple studies proved that automated batch filtration can effectively perform filtration 

with sufficient purity and unaltered CSDs [112] and can be effectively integrated with 

continuous MSMPR [113, 114] and COBR [115] crystallizers using several APIs with different 

crystal habits, sizes and crystallization process parameters. The equipment with which these 

works were performed (CCF20, Alconbury Weston Ltd., UK) can also operate as an integrated 

dryer, but a continuous drying rig prototype has also been introduced recently [116].  

The continuous filtration studies mostly present experimental approaches with limited 

mathematical insight. Ottoboni et al. applied Darcy’s equation to calculate the filtration rate, 

the cake and media resistance based on experimental data [112], and differential energy and 

mass balances for the description of the drying process [116]. However, even for the batch 

operations mainly data-based modeling was found. For example, an experimental design-based 

empirical model was utilized to minimize the batch filtration time, where the effect of 

crystallization parameters (seed type and amount, temperature, solvent ratio, agitation intensity) 

was accounted [117]. Empirical, image analysis-based PLS regression models were developed 

for predicting the filterability of sulfathiazole [118], needle-like L-glutamic acid and D-
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mannitol particles [119], while the cake residual moisture content could be evaluated using a 

machine learning method [120]. Although such empirical models are greatly dependent on the 

studied material, Perini et al. concluded that this approach could be used for calculating the 

relative cake resistance of other compounds with similar crystal habits and CSDs [119]. To 

move forward a more robust, mechanistic description, Darcy’s equation could be applied 

together with the Carman-Kozeny permeation theory. In this case, the mean particle size from 

the CSD could be used for the calculation of the specific cake resistance [121-123], although 

the cake porosity is still experimentally determined for each sample. 

Overall, the literature of the separation and purification of APIs reflects the maturity 

of the mathematical methods of the continuous crystallization step, but the subsequent 

filtration and drying processes are less studied areas, both from the experimental and 

modeling perspectives. Furthermore, even for crystallization, a limited number of API 

molecules are studied [98], and mostly a predefined model mother liquor is prepared by adding 

API into a given solvent. However, this approach rarely demonstrates the reality when the 

upstream reaction mixture is directly processed in the crystallizer. To that end, Schall et al. 

modeled the solvent dependency of the nucleation and growth kinetics using PBM and 

nonlinear regression in a single-stage MSMPR and concluded that neglecting this factor could 

result in the over-, or underprediction of the yield by 15 % [124]. Although this also shows 

the importance of studying the upstream (synthesis) and downstream (filtration) process 

step together with the crystallization, the number of such works is still scarce, and the 

complexity of the developed crystallizer model is lagging behind that of the standalone 

crystallization studies. For example, Diab et al. considered crystallization at a conceptual level 

to estimate the yield of the continuous manufacturing of rufinamide [81]. In other studies, the 

authors mainly focused on the effect of the synthesis on the purity of the crystals [77, 80], and 

in one study the uncertainty of the CSD was analyzed in the integrated manufacturing steps of 

ibuprofen [84]. As for the downstream processing of crystallization, only a handful of studies 

are known, where a filtration model is incorporated into an integrated process model. In most 

of the cases, the washing efficiency and flow rates [77, 125], and the optimum pressure gradient 

[126] were determined in integrated processes. Ward et al. [127] presented a continuous 

filtration study using a continuous drum filter, where the effect of control structures on the 

overall operation of a combined (reactor-crystallizer-filter) plant is investigated, also 

accounting for the varying CSD. 
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2.2.2 Continuous downstream processing of solid oral dosage forms 

Following the manufacturing of the API, it is processed in the downstream manufacturing 

to obtain a final solid oral dosage form. This process comprises several technological steps, 

among which the most widely used are the blending of the components (API and excipients), 

dry or wet granulation, drying, milling, tableting and coating. Due to the extensive research on 

continuous downstream manufacturing, it is beyond the scope of this thesis to review each 

process step, therefore the interested reader is referred to [6, 7, 128]. Instead, in the following, 

studies of downstream processes are reviewed from the perspective of the determination of 

some of the most common CQAs of the continuous production of solid dosage forms (mainly 

tablets), namely the dosage strength, content uniformity, in vitro dissolution and the physical 

properties of tablets (tensile strength, friability). 

2.2.2.1 Dosage strength, blend and content uniformity 

The dosage strength and content uniformity (CU) are probably the most important CQAs 

of any pharmaceutical product, which are traditionally characterized using destructive 

analytical tools, such as UV-VIS spectroscopy or chromatography. However, following the 

PAT initiatives, the applicability of NIR and Raman spectroscopy combined with quantitative 

chemometric models has emerged as the most direct approach to achieve their real-time, in situ 

determination. 

Several reports can be found on the application of NIR spectroscopic methods for the 

monitoring of blend potency, for example, by a NIR probe mounted after the continuous mixer 

[129], in the feed frame of the tablet press [130], and even at an FDA-approved commercial 

manufacturing site [131]. Inserting a NIR probe into a tablet press resulted in a 100 % product 

check for the API content, which revealed CU problems at the end of the tableting [132], and 

segregation during the process [133]. NIR spectroscopy combined with two other PAT tools 

(light-induced fluorescence spectroscopy and color imaging) could be applied for the 

quantitative evaluation of a system as complex as a multivitamin, where the flow dynamic of 

each component was also characterized using a 1st order kinetic model [134]. In contrast, 

considerably fewer works have been conducted using Raman spectroscopy in continuous 

processes. The first continuous blend monitoring by Raman spectroscopy was performed in our 

previous work, where the Raman-based feedback control of the feeder was also achieved [135]. 

Besides, the assay of the API inside the feed frame of a tableting machine [136], a hot-melt 

extrusion [137] and a twin-screw wet granulation process [138] was studied by the means of 

in-line Raman spectroscopy. However, Raman spectroscopy has proved to be applicable even 
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for the analysis of low-dose tablets [139, 140], which highlights the potential of the technique 

for the quality assurance of continuous manufacturing.  

The above examples utilized almost exclusively PLS calibration models, but their 

applicability has been tested from several aspects, e.g. the analytical error of the measurement, 

the real-time measured unit dose [141], adequate sampling strategies have been examined [142, 

143]. Furthermore, it was determined that a transmittance measurement could provide better 

quantification than diffuse reflectance spectra, due to the larger sample size [144], and the 

robustness of the PLS models for the conditions of the continuous manufacturing could be also 

demonstrated [145]. To move beyond PLS regression, Fonteyne et al. developed the moving F-

test method, which is suitable for the spectroscopic, calibration-free monitoring of the blend 

homogeneity in a continuous process, when knowing the exact concentration is not necessary 

[146]. O’Mahony tested several machine learning algorithms (Support Vector Machine (SVM), 

Convolutional Neural Network) for estimating powder blend composition from NIR spectra, 

and concluded, that they provide similar accuracy and robustness as the PLS models but have 

the advantage of being more adaptable to new data and requiring minimal pre-processing [147]. 

Roggo et al. [148] also concluded that the application of neural networks could be advantageous 

to merge spectroscopic PAT data and process parameters to de-noise the measurements.  

Mechanistic models are also frequently utilized for the prediction of the blend/content 

uniformity of the continuously produced blends and tablets. They proved especially useful for 

the construction of flowsheet models, which enable the better understanding, optimization and 

control of integrated powder-to-tablet lines. The review paper of Rogers et al. gives a detailed 

overview of the mathematical descriptions of the unit operations, such as loss-in-weight feeders, 

mixers and tablet press, and therefore they are not detailed here [149]. Generally, the API 

content is mostly derived from the registered flow rates of the feeder and utilizing mass 

balances, first-order transfer and residence time distribution (RTD) models. However, it is 

important to note, that these methods often incorporate a data-based (especially NIR) model, 

e.g. for the experimental determination of the RTD [150-152]. After fitting the model, it can be 

applied as a soft sensor, i.e. it can make predictions to replace the costly PAT instrument or it 

can ensure redundancy to detect the failure of the spectroscope [153].  

It is also apparent from the available literature, that instead of solely relying on PAT 

measurements, the works dealing with the advanced control strategies of the continuous 

powder-to-tablet lines rather incorporate mechanistic model components, e.g. in a model-

predictive control [154, 155]. Furthermore, data reconciliation methods have been 
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demonstrated to be important elements of control strategies [66] to mitigate the random 

measurement errors and non-random sensor malfunctions, and consequently improve the PAT-

based quality control [66, 156, 157]. 

2.2.2.2 Physical properties of tablets 

Beyond the dosage strength and content uniformity, the physical properties of tablets 

(breaking force, friability) are also CQAs, as they significantly influence the disintegration and 

dissolution of the process, as well as determine the further processability of the tablet, e.g. 

during coating and packaging. Currently being tested by destructive methods defined in the 

pharmacopeias, their quality control could significantly benefit from the implementation of the 

QbD and PAT approaches. 

Both mechanistic and data-driven approaches have been tested for the non-destructive 

characterization of these properties. Rogers et al. [149] introduce some of the equations 

applicable for the description of compaction during dry granulation or tableting, such as the 

Heckel and Kawakita equations and the Kuentz-Leuenberger model for tablet hardness 

predictions. The models have been applied in several flowsheet models to predict and control 

the final tablet properties [158, 159] or in data reconciliation studies [160]. By integrating such 

a component to the flowsheet model of the continuous downstream process, a comprehensive 

RTR strategy can be developed, where the tablet quality is characterized from several aspects. 

For example, the dosage strength, tablet weight, hardness [161, 162] and dissolution [163] could 

be modeled simultaneously. However, Rogers et al. also pointed out, that these compaction 

models are quite simplistic, and may not be sufficient to account for every source of variance 

[149]. In this case, the application of data-based or hybrid models [164] emerges as a more 

viable way.  

Empirical, DoE-based models have been developed to statistically determine the design 

space of continuous manufacturing regarding the flowability, ejection force, tablet strength, and 

dissolution [165, 166]. Different PAT techniques, e.g. ATR-IR [167], UV-VIS imaging [168], 

NIR chemical imaging [169], NIR [170] and Raman spectroscopy [171] have proved to be 

applicable to develop chemometric models for the direct characterization of tablet hardness, 

and it was possible to simultaneously determine the content uniformity, tablet hardness and 

disintegration time based on PLS model developed for transmission NIR spectra [172]. The 

performance of the NIR and Raman spectroscopy in transmission and reflection measuring 

modes were also compared, but there was no systematic difference observed between the 

predictive force of the methods [173, 174]. As for the applied chemometric methods, the 



31 

 

dominance of PLS regression is noticeable, like in the content uniformity studies. Exceptions 

are the characterization of the tablet hardness and porosity by a linear equation using selected 

NIR absorbances [175], and the application of artificial neural network (ANN), which provided 

comparable result to PLS [176]. Akseli et al. [177] also proposed machine learning (Genetic 

algorithm, SVM, ANN) for the prediction of the breaking force and disintegration when 

multiple material and process parameters need to be accounted, but their work was mainly 

focused on rational product design and development rather than on process monitoring. 

The effect of lubrication on the physical properties of the tablets also needs to be 

mentioned, as it can be one of the most critical factors due to the effect of overlubrication. 

However, it is difficult to monitor because of the low quantities of the lubricant and the 

importance of the surface distribution. A few studies demonstrated the potential of NIR 

spectroscopy for establishing the relationship between the lubricant content and tablet 

properties. PLS models were developed to quantify the MgSt concentration [167, 178], and 

changes in the tablet hardness with different blending times of the lubricant could be detected 

by the NIR absorbance of the tablets [170, 179]. Dave et al. reported a thorough investigation 

of a batch process to detect the sensitivity of tablet breaking force to MgSt concentration, 

blending time and compression force. The results of the PCA showed that these operating 

parameters can be detected in the NIR spectra, but the type of the multivariate regression 

method (PLS or Principal Component Regression (PCR)) has a significant impact on the 

predictability [180]. The change in the distribution of the lubricant could be followed by Raman 

chemical imaging [181], but no studies were found where Raman spectroscopy was utilized 

for real-time quantification of the lubrication properties [181]. Furthermore, although a 

DoE-based study [165] showed the importance of controlling lubrication in a continuous 

feeding-blending-tableting system, no PAT study has been performed so far to analyze the 

impact of lubrication in a continuous manufacturing line.  

2.2.2.3 In vitro dissolution 

In vitro dissolution testing is one of the most substantial analytical methods in the 

pharmaceutical industry, which is widely applied during research and development as well as 

for routine quality control, such as for formulation optimization, prediction of in vivo 

performance, to assess product performance, stability or batch-to-batch variability [182]. The 

dissolution of an oral solid dosage form is governed by several consecutive, potentially rate-

limiting dissolution steps (e.g. the dissolution of the coat, tablet disintegration, de-aggregation 

and API particle dissolution), and consequently could be affected by numerous CPPs and CMAs 
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at any stage of the manufacturing process [183], as summarized in Figure 2.4. The in vitro 

dissolution tests are carried out using standardized procedures defined in pharmacopeias, which 

are, however, destructive, labor-intensive and time-consuming measurements. Consequently, it 

could greatly benefit from an RTRT approach, which is emphasized in the regulatory guidelines 

and examples [55, 56], too. However, based on the available literature, the application of 

detailed dissolution surrogate models is still very limited. 

 

Figure 2.4 Critical material attributes and process parameters affecting the in vitro dissolution of 

solid pharmaceutical formulations [183]. 

 

The perspective paper of Zaborenko et al. [183] gives a detailed overview of the 

mechanistic and empirical dissolution modeling approaches available during product 

development and release testing. As a dependent variable, typically the dissolution percentage 

at given time point(s) is considered (e.g. in [56]), or parameters of the curve’s mathematical 

description are fitted (e.g. the real-time release dissolution model of OrkambiTM [58] predicts 

the dissolution profile using a modified Noyes-Whitney equation, or Pawar et al. fitted PLS 

models to predict the parameters of the Weibull dissolution model [184]). Observing the 

dissolution at given time points is the most straightforward approach for the quality control 

environment but might lack information on the entire profile. In contrast, fitting profile-defining 

parameters can aid the better understanding of the full profile, but establishing the 

discriminating ability and the release specification of the model can be a challenge [183]. 

However, no study could be found where the results of these two approaches were 

systematically compared, serving as guidance for model development. 

Mechanistic models are recognized to be applied mainly at the early-stage formulation 

development, e.g. for optimizing the target formulation or for the prediction of the in vivo 

behavior, but there are few industrial applications of the methodologies.  Such models can 
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characterize the surface dissolution using the Noyes-Whitney equation, population balance 

modeling, or derive the first principles of tablet/ granule disintegration and the concomitant 

release of API particles for dissolution [183]. For example, the method developed by Kimber 

et al. [185] approximated a tablet dissolution process using a first-order rate process coupled 

with Fick’s second law with variable diffusion coefficient, where the effect of mean particle 

size and tablet composition could be characterized. This approach could be even incorporated 

into the flowsheet model of continuous tablet manufacturing, using either the dry or wet 

granulation route, and in this way, the effect of feeding disturbances (API refilling, step-change 

in binder rate) was studied on the dissolution of the tablets [186]. A PBM-based method was 

also introduced for the description of tablet disintegration and dissolution [187], which was also 

applied for dissolution prediction in a flowsheet model, incorporating roller compaction, 

milling and tableting [188]. The authors focused on the effect of the tablet compression force 

and tensile strength on the dissolution, but the dynamics of the process and the direct effect of 

other operating conditions (roll pressure, feeding rates, etc.) were not studied. Moreover, no 

study was found in the literature where dissolution prediction was incorporated into the 

flowsheet model of API manufacturing, although the properties of API (e.g. impurity, 

CSD) are well known for critically affecting the dissolution of the final product.  

  Models for batch release are typically built in the later phase of formulation development, 

for which empirical or data-rich models, such as (multivariate) linear regression methods are 

identified as more suitable [183]. It worth noting, that being a data-based approach, the 

performance (accuracy, discriminating ability, etc.) of the model depends on both the surrogate 

measurement and the traditional in vitro dissolution method. Furthermore, being high impact 

models, their robustness, the equivalency to the reference methods need to be rigorously tested, 

coupled with a suitable outlier detection method and model maintenance plan.  

NIR spectroscopy has been long identified as a promising analytical tool to characterize 

dissolution properties. In one of the first studies, Zannikos et al. built a NIR quantitative model 

to characterize the moisture content of carbamazepine tablets, which significantly influenced 

the dissolution, causing the recall of more than 50 million tablets [189]. NIR was utilized to 

predict tablet disintegration and dissolution when the tablets were manufactured by different 

compression forces [190-193] or mixing shear forces [194]. The effect of tablet composition on 

dissolution was also detected [195-197], but the model goodness was found dependent on the 

studied formulation [198]. Pawar et al. presented the first dissolution prediction study with at-

line NIR-spectroscopy for a continuous direct compression process, where the API content, 
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compression force, feed frame speed and blender speed were simultaneously manipulated 

[184]. The relationship between tablet coating and dissolution was also established using NIR 

spectroscopy [197, 199-202]. However, it is noticeable that all these works utilized multivariate 

linear regression, PCR or PLS, and mainly the dissolution rates at a few selected time points 

are calculated, with two exceptions where the Weibull model and the level-shape analysis [184], 

and Peppas model is applied [193]. Furthermore, although the applicability of NIR spectroscopy 

for surrogate dissolution testing is demonstrated, to the best of the authors’ knowledge, no 

Raman spectroscopic work is available for dissolution modeling, despite its versatile 

applicability for the real-time analysis of secondary manufacturing. 

Several empirical dissolution modeling studies aim only the formulation optimization by 

computational methods, for which ANNs have appeared as useful tools [203]. ANNs aim to 

model the behavior of the neuron system of the human brain, which essentially means the 

application of non-linear empirical models to describe relationships between model inputs and 

outputs e.g. to make a prediction in time or solve pattern recognition and classification 

problems. Artificial intelligence finds several applications in chemical engineering [204] and 

the pharmaceutical industry [205], e.g. to create response surfaces and establish in vivo-in vitro 

relationships. Different types of ANNs, such as multi-layered perceptrons, Elman networks, 

recurrent networks were tested for the optimization of drug release [203, 206-208] and for 

identifying influential process variables [209, 210]. In these studies, the effect of retardation 

polymer in the tablets [203, 211, 212] the tableting compression force [203, 212] and tablet 

crushing strength [211] was modeled by ANN. Nevertheless, despite the successful 

applications for dissolution simulation in the context of formulation optimization, ANN 

has not been applied as a surrogate dissolution model in connection with the RTRT and 

PAT concept. 

 

2.3 Objectives of the thesis 

The review of the available scientific reports reflects that in recent years, considerable work 

has been done to develop continuous solutions for each unit step of pharmaceutical 

manufacturing and to implement the QbD, PAT and RTRT initiatives aided by either 

mechanistic or empirical modeling. However, several gaps could be still identified, especially 

regarding the plant-wide integrated continuous processes and automated, real-time release 

testing strategies of complex formulations. 
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Consequently, the main objectives of this work were set as follows: 

• Filtration was found to be a bottleneck in connecting upstream and downstream processes. 

Therefore, we aimed to develop a mechanistic filtration model that enables predicting the 

filterability of slurries coming from a crystallizer, especially by focusing on the varying 

crystal size distribution.  

• The filtration model was aimed to be applied to the characterization of the operation of an 

integrated continuous crystallizer and continuous (automated batch) filtration device the 

first time. 

• We addressed the development of a flowsheet model for an integrated upstream 

manufacturing process based on experimental data of continuous unit operations. We aimed 

to gain a better understanding of the integration and the operation of the integrated processes 

and to enable the digital design of the final product quality (in vitro dissolution) by 

mechanistic modeling. 

• Raman spectroscopy was found to be a far less studied PAT tool compared to NIR 

spectroscopy. Furthermore, no PAT studies were found to analyze the effect of the 

lubrication during continuous blending and tableting. Consequently, we aimed to 

investigate the real-time release testing possibilities in a continuous blending-tableting 

process with emphasis on the lubrication properties using Raman and NIR spectroscopy. 

• Although the surrogate in vitro dissolution modeling is identified as bearing a great potential 

for RTRT, such available studies are still scarce and the applicable modeling strategies are 

not well established. Therefore, our objective was to systematically examine and compare 

the possibilities of the empirical modeling of the in vitro dissolution using spectroscopic 

data. We also aimed to test the applicability of ANNs for this purpose the first time.  
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3 MATERIALS AND EXPERIMENTAL METHODS 

3.1 Materials 

All the studies related to the continuous upstream processing were conducted using 

acetylsalicylic acid as model API, which has a relatively simple and well-known batch synthesis 

route, while its continuous manufacturing can also bear significant interest, being globally one 

of the most widely used medication. In the downstream processing stage, different tablet 

formulations of caffeine were studied, where immediate- and extended-release formulations 

can both have industrial relevance. The materials used in the experiments are summarized in 

Table 3.1. 

Table 3.1 List of the used materials. 

Chemical 

name 
Structure Supplier Function, characteristics 

Active pharmaceutical ingredients 

Acetyl-

salicylic acid  
 

Acros Organics 

(USA); 

Sigma Aldrich 

(Hungary) 

• Model API for upstream processes 

• Reagent grade purity 

• Varying crystal sizes used 

• Non-steroidal anti-inflammatory 

medication, antiplatelet activity 

• Usual dose: 100-800 mg 

• Odorless white crystals 

Anhydrous 

caffeine 
 

BASF 

(Germany) 

• Model API for downstream 

processes  

• Lab grade purity 

• Central nervous system stimulant 

• Usual dose: 80-200 mg 

• Odorless white powder 

Materials used in the upstream processing of ASA 

Salicylic acid  

 

Sigma Aldrich 

(Hungary) 

• Reagent  

• Reagent grade purity 

• Odorless, white crystalline powder  

Acetic 

anhydride   

Sigma Aldrich 

(Hungary) 

• Reagent 

• Reagent grade purity 

• Colorless liquid 

• Boiling point: 139.8 °C 

Ethyl acetate  
 

Merck 

(Hungary) 

• Solvent 

• Colorless liquid 

• Boiling point: 77.1 °C 

Phosphoric 

acid 

 

Sigma Aldrich 

(Hungary) 

• Catalyst  

• 85 % w/w aqueous solution 

• Colorless, odorless syrup 
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Chemical 

name 
Structure Supplier Function, characteristics 

Ethanol   

Merck 

(Hungary); 

Fisher Scientific 

(USA) 

• Reagent  

• Lab grade purity 

• Volatile, flammable, colorless 

liquid 

• Boiling point: 78.2 °C 

n-Heptane  

Molar 

chemicals 

(Hungary); 

Fisher Scientific 

(USA) 

• Antisolvent for crystallization 

• Lab-grade purity 

• Clear, volatile, colorless liquids 

with petrolic odor 

• Boiling point: 98.4 °C 

Excipients used in the downstream processing of caffeine 

Glucose 

monohydrate 
 

Hungrana Ltd. 

(Hungary) 

• Tablet filler 

• White crystalline powder 

Micro-

crystalline 

cellulose 
 

JRS Pharma 

GmbH 

(Germany) 

• Tablet filler 

• White crystalline powder 

• Average particle size: 90-150 µm 

(Vivapur grade 102) 

Magnesium 

stearate  

Faci S.P.A. 

(Italy) 

• Lubricant 

• White powder 

Polyethylene 

oxide  

Colorcon 

(USA) 

• Release retardant  

• Average molecular weight: 106 Da  

 

3.2 Experimental procedures 

3.2.1 Experiments used for the development of the integrated flowsheet model 

Each step of the dynamic flowsheet model of the upstream processing of ASA was based 

on the continuous unit operations developed in our laboratories. In the following, these 

processes are briefly introduced in the depth necessary for the development of the mathematical 

models, and the experiments used for the parameter estimation of the models are summarized. 

For more details on the experimental work, the reader is referred to the corresponding 

publications given in the following sections. Although the experiments were originally 

conducted for the experimental development of the technologies and not for the purpose of the 

mathematical model fitting, they were found to be suitable for the model building as the viable 

ranges of the operating conditions were explored in different combinations. The experiments 

were divided into calibration and validation sets quasi-randomly: the ratio depended on the total 

number of the available experiments, and the validation experiments were selected randomly, 

but it was also accounted that the validation set should cover the whole range of the settings.  
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3.2.1.1 Continuous synthesis 

The modeling of the continuous synthesis was based on the experimental work of Balogh 

et al. [91]. The two-step flow synthesis consisted of acetylation and a subsequent quenching 

step. For acetylation, a 1 mol L-1 solution of salicylic acid (SA) was prepared in ethyl acetate 

(EtOAc), also containing phosphoric acid (H3PO4) as a catalyst in 0.1 mole equivalent relative 

to SA. SA was acetylated continuously with excess acetic anhydride (AA). In the subsequent 

quenching step ethanol (EtOH) was added to the reaction mixture of the first step to remove the 

excess AA and the quenchable impurities. The reactions were carried out in 

polytetrafluoroethylene (PTFE) tube flow reactors equipped with compatible T-mixers 

(Supelco, 57661) and fittings (Sigma Aldrich). The length of the reactors was 8.77 and 1.83 m 

for the acetylation and quenching step, respectively with an inner diameter of 0.787 mm. A 

Jasco PU-980 pump and Syrris Asia® syringe pumps were utilized to dose the reagents and 

solutions, while an SSITM flow-through back-pressure regulator (BPR) (Supelco, 59284), 

adjusted to 4 bar, was used to maintain constant fluid flow conditions.  

Table 3.2 Experimental setting used for the kinetic parameter estimation and validation of the 

acetylation step. 

Experiment No. 𝑻𝒂 [°C] 𝐀𝐀𝐞𝐪 [-] Experiment No. 𝑻𝒂 [°C] 𝝉𝒂 [min] 

Abatch 1 20 1.5 Acont. 1 50 60 

Abatch 2 20 5 Acont. 2 50 120 

Abatch 3 50 1.5 Acont. 3 70 120 

Abatch 4 50 10 Acont. 4 60 90 

Abatch 5 77 5 Acont. 5 65 180 

Abatch 6 77 10 Acont. 6 45 120 

Abatch Val 1 20 10 Acont. 7 65 120 

Abatch Val 2 50 5 Acont. 8 55 150 

Abatch Val 3 77 1.5 Acont. 9 55 180 

   Acont. Val 1 70 60 

   Acont. Val 2 60 90 

   Acont. Val 3 45 180 

 

Acetylation experiments were conducted first in batch mode to analyze the effect of the 

AA excess (𝐴𝐴𝑒𝑞, mole equivalent relative to SA) and the acetylation temperature (𝑇𝑎), then in 

continuous mode to adjust the temperature and the residence time (𝜏𝑎), while 𝐴𝐴𝑒𝑞 was fixed 

to 5, based on the outcome of the batch experiments. At the quenching step, the EtOH ratio 

(𝐸𝑡𝑂𝐻𝑒𝑞, mole equivalent relative to the initial SA), residence time (𝜏𝑞), and quenching 

temperature (𝑇𝑞), were analyzed in continuous mode, whereas 𝐴𝐴𝑒𝑞, 𝑇𝑎 and 𝜏𝑎 were fixed to 5, 

55 °C and 180 min, respectively. The composition of the reaction mixture was measured by 

HPLC ([91], Section 3.3.1). every 10-20 min (exact sampling time points vary) in the case of 
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the batch acetylation and in the steady state of the continuous runs. Table 3.2 and Table 3.3 

summarize the acetylation and quenching experimental settings utilized in this study to estimate 

and validate the kinetic parameters of the mathematical model. For further details on the 

experiments, the reader is referred to [91].  

Table 3.3 Experimental setting used for the kinetic parameter estimation and validation of the 

quenching step. 

Experiment No. 
𝑻𝒒  

[°C] 

𝝉𝒒 

[min] 

𝑬𝒕𝑶𝑯𝐞𝐪 

[-] 

Experiment 

No. 

𝑻𝒒 

[°C] 

𝝉𝒒 

[min] 

𝑬𝒕𝑶𝑯𝐞𝐪 

[-] 

Q 1 80 15 3 Q 11 80 21 3 

Q 2 80 5 6 Q 12 90 26 3 

Q 3 60 15 6 Q 13 100 31 3 

Q 4 60 15 3 Q Val 1 80 15 6 

Q 5 60 5 6 Q Val 2 80 5 3 

Q 6 70 10 4.5 Q Val 3 60 5 3 

Q 7 85 22 3 Q Val 4 70 10 4.5 

Q 8 95 29.5 3 Q Val 5 90 26 3 

Q 9 100 33 3 Q Val 6 100 21 3 

Q 10 80 31 3     

 

3.2.1.2 Continuous crystallization 

The modeling of the continuous crystallization was based on the experimental work of 

Tacsi et al. [213]. ASA was crystallized from a solvent mixture by a combined cooling-

antisolvent crystallization, using heptane as antisolvent. The solvent mixture contained ethyl 

acetate, ethanol, acetic acid and phosphoric acid. This was prepared to match the composition 

of the reaction mixture obtained at the flow synthesis of ASA with settings Acont. 9 and Q 12 

(see Table 3.2 and Table 3.3), which were regarded as the optimal operation of the synthesis in 

[91]. This means a constant 91.925 kg m-3 and 4.84 kg m-3 ASA and SA concentration, 

respectively in the incoming stream in all the crystallization experiments. 

The crystallizations were conducted in a 250 mL jacketed glass MSMPR crystallizer (DN 

60, Schmizo, Schwitzerland) with 235 ml working volume. The crystallizer was equipped with 

a Eurostar power control-visc type stirrer (IKA, Germany), a PTFE coated Ruston 6-blade 

impeller, a Pt-100 thermometer and a monofluid thermostat (Huber Ministat 230).  A JASCO 

PU-980 HPLC pump and a Kappa 10PP single-piston isocratic pump were utilized to feed the 

solution and the anti-solvent, respectively. The feed streams were dripped into the reactor, 

where the suspension was agitated with 700 rpm to avoid the sedimentation of crystals and to 

ensure representative withdrawal. A PTFE vertical plate was placed in the reactor to separate 

the feeding from the withdrawal and to ensure the uniform residence time distribution of the 

crystals. That is, the crystals had to dive under the plate to reach an overflow tubing. The 
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MSMPR crystallizer was operated in a constant volume of 235 ml. Experiments were performed 

following a two-factorial design by varying flow rates and temperatures and constant 

antisolvent-solvent volume fraction (𝑣) summarized in Table 3.4. The outflow slurry in the 

steady state was filtered directly, without washing the filter cake, using G2 or G3 glass filters, 

and dried between 20-25 °C until a constant weight was reached and the CSD was measured 

(see Section 3.3.6). 

Table 3.4 Experimental settings for kinetic parameter estimation and the validation of parameters. 

Experiment No. 𝑭𝒄 [ml min-1] 𝒗 [-] 𝑻𝒄 [°C] 𝝉𝒄  [min] 

Cryst 1 10.0 0.80 2.9 23.5 

Cryst 2 20.0 0.80 3.7 11.8 

Cryst 3 19.2 0.81 22.6 12.2 

Cryst 4 10.0 0.80 23.0 23.5 

Cryst 5 5.0 0.80 27.0 47.0 

Cryst Val 1 10.0 0.80 2.9 23.5 

Cryst Val 2 5.0 0.80 2.4 47.0 

 

3.2.1.3 Integrated continuous crystallization and filtration experiments 

Before the integration of continuous crystallization and filtration, batch filtration 

experiments for validation were conducted using a glass pressure filter. Slurries were prepared 

with varying solid concentrations (𝑐𝑠) and sieved ASA fractions (45-180, 180-250 and >250 

μm), and filtered using varying pressure differences (∆𝑃) (Table 3.5). The CSD of the ASA 

fractions were measured (see Section 3.3.6) and used for the simulation. The filtration time was 

measured, and the calculated mean filtrate flux was compared to the simulation results, that 

used the same settings. 

Table 3.5 Settings of the batch filtration validation experiments. 

 Particle size fraction [μm] 𝐜𝐬   [kgm-3] ∆𝑷 [Pa] 

Filt 1 
45-180 

87 28 000 

Filt 2 69 83 000 

Filt 3 

180-250 

151 28 000 

Filt 4 110 55 000 

Filt 5 94 55 000 

Filt 6 96 83 000 

Filt 7 

250< 

92 28 000 

Filt 8 91 55 000 

Filt 9 91 83 000 

 

The experimental work on the integration of MSMPR crystallization and continuous 

filtration is detailed in the work of Domokos et al. [114]. For the integrated process, a 500 mL 

round-bottom jacketed vessel was used as an MSMPR crystallizer, which was operated at 350 

mL constant volume. A Huber Ministat 125 thermostat (Huber USA Inc., USA) and PT100 
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thermocouple were used for temperature control and the system was agitated at 550 rpm using 

an overhead stirrer and a PTFE three-blade impeller. The solvent and the antisolvent were fed 

into the crystallizer using Masterflex L/S peristaltic pumps (Cole-Parmer, USA), while the 

outlet flow of the MSMPR crystallizer was discharged using the inlet tubing of the continuous 

filtration device (CFC). 

The CCF20 (Alconbury Weston Ltd., UK) device [112-115]  was connected directly to the 

MSMPR, which performed automated batch filtration. The main filtration body is a rotating 

carousel with five cylindrical chambers (1.52 cm diameter, 8.89 cm height), of which ports 1-

4 are used to filter, wash and dry the filter cake, respectively, and the product is discharged at 

port 5 by a moving piston. The bottom of the chambers in positions 1-4 are covered by a kidney-

shaped Poremet metal filter (20 µm pore size), while the 5th position is open to the air. The 

pressure difference for the filtration was ensured using an external vacuum pump connected to 

the apparatus (26 kPa). The volume of the transferred slurry can be changed by adjusting the 

cycle time of the CFC. Integrated continuous crystallization-filtration experiments were carried 

out with different crystallization flow rates and temperatures, while the cycle time of the filter 

was set to ensure a constant 10 ml slurry withdrawal at each case (Table 3.6). The incoming 

solution stream contained 91.925 kg m-3 ASA in all experiments. The integrated processes were 

run for 10 residence times and samples were collected at each residence time to analyze the 

moisture content and the particle size distribution of the product.  

Table 3.6 Settings of the integrated continuous crystallization-filtration experiments. 

 𝑭𝒄 [ml min-1] 𝒗 [-] 𝑻𝒄 [°C] 𝝉𝒄  [min] CFC cycle time [s] 

CrystFilt 1 18.0 0.667 0 20.0 29 

CrystFilt 2 18.0 0.667 25 20.0 29 

CrystFilt 3 9.0 0.667 0 40.0 63 

CrystFilt 4 9.0 0.667 25 40.0 63 

CrystFilt 5 12.0 0.667 12.5 30.0 46 

 

3.2.1.4 In vitro dissolution of ASA powders and capsules 

To investigate the effect of the CSD on the in vitro dissolution of the final capsule product, 

samples for dissolution testing were prepared by sieving ASA powder using 63, 100, 150, 200, 

300 and 500 μm sieve openings, as well as by combining equal weights of sieve fractions (Table 

3.7). Additionally, two continuously crystallized crystal products (MSMPR 1 and 2) were also 

used for validation. The number-based CSD of each sample was collected (as per Section 3.3.6) 

and the dissolution tests of 100 mg powders were carried out in powder form as well as in some 

cases (bold in Table 3.7) after filling them into capsules. 
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Table 3.7 Calibration and validation samples of the in vitro dissolution studies. The samples that were 

measured both in powder and capsule form are indicated in bold. 

Calibration samples  Validation samples 

Sample name Sieve fraction [μm] Sample name Sieve fraction [μm] 

63 63-100 63+300 (63-100) +(300-500) 

100 100-150 63+100+150 (63-100) +(100-150) +(150-200) 

150 150-200 63+200+500 (63-100) +(200-300) +(>500) 

200 200-300 0+63 (<63) +(63-100) 

300 300-500 100 100-150 

500 >500 150 150-200 

100+300 (100-150) +(300-500) 200 200-300 

150+200 (150-200) +(200-300) 300 300-500 

200+300+500 
(200-300) +(300-500) 

+(>500) 
MSMPR 1 - 

63+500 (63-100) +(>500) MSMPR 2 - 

 

3.2.2 PAT in an integrated continuous powder blending and tableting process 

250 mg direct compressed tablets were aimed to be manufactured as a model formulation 

in a two-step continuous manufacturing line, comprising powder blending and tableting. The 

tablets contained 5 % w/w anhydrous caffeine as API, 2 % w/w magnesium stearate (MgSt) as 

lubricant and glucose monohydrate as filler. The target compression force was defined as 15 

kN. Continuous blending was performed to achieve a homogeneous blend of caffeine and 

glucose with 5 % w/w caffeine, and the method for the magnesium stearate addition to the 

system was the subject of the studies. 

3.2.2.1 Effect of manufacturing parameters on tablet quality 

During preliminary studies, the most significant process parameters of the integrated 

continuous blending and tableting line on the tablet quality were identified as the API 

concentration and homogeneity, the tablet compression force, and the lubrication properties.  

 The API concentration can affect the blend uniformity (BU) as well as the tablet CU, 

therefore we aimed to develop such a chemometric model that enables the determination of 

caffeine content in blends and tablets, by the analysis of both backscattering and transmission 

Raman spectra and irrespective of the MgSt content. For robustness purposes, three different 

calibration sets were used. These sample sets were prepared by different people on different 

days using different experimental procedures, e.g. homogenization methods and sample size 

within the concentration range 0 – 20 % w/w. Properties of the calibration sets are summarized 

in Table 3.8. 
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Table 3.8 Calibration samples for the model development of API concentration determination. 

Set 

No. 

Caffeine 

concentration 

(% w/w) 

Sample form Constituents 
Spectroscopic 

measurements 

Set  

1a, b 

0, 1, 3, 5, 6, 7, 

7.5, 8, 8.5, 9, 

9.5, 10, 10.5, 

11.5, 12, 12.5, 

13, 14, 15, 16, 

18, 20 

a. powder (1000 mg, 

homogenized by spatula) 
caffeine + glucose reflection Raman 

b.  tablet (1000 mg) 
caffeine + glucose + 

magnesium stearate 

reflection Raman 

transmission Raman 

UV – VIS 

Set 2 

1, 3, 4, 7, 9, 10, 

11, 13, 15, 16, 

17, 20 

powder (2000 mg, batch 

blending) 

caffeine + glucose + 

magnesium stearate 

reflection Raman 

UV – VIS 

Set 3 
5, 8.5, 10, 11.5, 

15 

tablet (500 mg, prepared 

from 5000 mg batch 

homogenized powder) 

caffeine + glucose + 

magnesium stearate 

reflection Raman 

transmission Raman 

UV – VIS 

 

The effect of the compression force and lubrication properties on the tablet quality was 

first analyzed by decoupling the tableting step from the continuous blending unit and preparing 

batch experiments on a smaller scale. This provided a more material-efficient way for the 

spectroscopic model calibration and the experimental factors could be controlled more 

accurately. Tablets were prepared with different MgSt content, powder mixing time and 

compression force, following a face-centered composite DoE, and performing the tableting 

experiments in two blocks. The factor settings are summarized in Table 3.9. The MgSt 

concentration range and the lubrication time were set to extreme values to make sure that 

overlubrication is triggered during the study. Moreover, when continuous production is 

considered, short-term but extreme discrepancies in the manufacturing parameters may occur 

(e.g. local lubricant accumulation could result in well above the target 2 % w/w MgSt 

concentration), which could lead to drastic changes in product quality, too. For each run, 10 g 

of powder with 5 % w/w API content was prepared by weighting the appropriate amount of 

constituents and manually mixing them by shaking in a plastic pharmaceutical bottle, then 250± 

5 mg tablets were compressed using a Dott Bonapace CPR6 eccentric tableting machine (Dott 

Bonapace, Italy) equipped with 10 mm concave punches. 30-40 tablets per DoE experiments 

were prepared, and the Raman and NIR spectra (for all tablets), crushing strength (5 tablets per 

run), friability (3 tablets per run) and in vitro dissolution (3 tablets per run) properties were 

measured as detailed in Section 3.3. These were utilized to analyze the factor effects and to 

develop chemometric models for the quality assurance of the continuous production. 
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Table 3.9 Experimental conditions from the face-centered composite design for the tableting studies 

and the corresponding crushing strength and friability responses. 

Run Block 
Compression 

force [kN]a 

Mixing 

time [min] 

MgSt 

content 

[% w/w] 

Crushing 

strength*b 

[N] 

Friability*c 

[%] 

1 1 10 0.5 1 89.6 (7.1) 0.9 (0.04) 

2 1 10 0.5 10 45.0 (4.7) 1.4 (0.24) 

3 1 10 10 1 71.6 (2.5) 0.5 (0.06) 

4 1 10 10 10 33.0 (2.1) 1.4 (0.13) 

5 1 20 0.5 1 131.8 (27.4) 1.0 (0.25) 

6 1 20 0.5 10 35.2 (4.4) 2.2 (0.23) 

7 1 20 10 1 74.4 (3.6) 1.0 (0.00) 

8 1 20 10 10 50.6 (5.2) 1.8 (0.23) 

9 1 15 4.75 4.5 57.2 (14.8) 1.6 (0.31) 

10 2 10 4.75 4.5 61.4 (2.2) 0.9 (0.02) 

11 2 20 4.75 4.5 46.8 (4.7) 1.7 (0.23) 

12 2 15 0.5 4.5 57.8 (5.3) 1.6 (0.01) 

13 2 15 10 4.5 49.2 (5.0) 2.0 (0.14) 

14 2 15 4.75 1 104.2 (13.8) 0.5 (0.04) 

15 2 15 4.75 10 35.6 (5.9) 2.3 (0.36) 

16 2 15 4.75 4.5 53.8 (9.2) 1.3 (0.27) 
a  Compression force could be controlled at ±2kN 
b Averaged value from five repeated measurements 
c Averaged value from three individual tablet measurements 

* Standard deviations are included in parenthesis 

 

3.2.2.2 Integrated continuous powder blending and tableting 

The experimental set-up of the continuous blending and tableting process is illustrated in 

Figure 3.1. A continuous twin-screw multipurpose equipment, TS16 QuickExtruder® (Quick 

2000 Ltd, Hungary) with a screw diameter of 16 mm (25 L/D ratio) was used at 70 rpm to mix 

the caffeine and glucose. Caffeine and glucose were added via single-screw and twin-screw 

volumetric feeders (Quick 2000 Ltd, Hungary), respectively. These were homogenized in the 

twin-screw blender, and after the powder blend left the blender, a conveyor belt carried the 

materials to the same tableting machine as used for the decoupled tableting DoE (Table 3.9). 

The glucose feeding rate (approx. 400-800 g/h) was changed manually while the automatic 

control of caffeine feeding (approx. 0-100 g/h) was accomplished through the implementation 

of an in-house developed USB interface. This device creates a connection between the 

controlling computer and the feeder by converting a PID (proportional-integral-derivative) 

control signal to voltage ranging between 4-12 V, which changes the feeding rate.  By mounting 

a Raman probe over the conveyor, it was possible to obtain real-time spectra of the moving 

powder blend using reflection Raman mode. These spectra were used to calculate the API 

concentration in real-time using a calibration model, then, based on the result, a PID signal was 
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generated to adjust the feeding rate of the caffeine feeder. For more details on the development 

of the Raman spectroscopy-based feedback control, see [135]. 

 

Figure 3.1 Experimental setup of the continuous powder blending-tableting line. 

 

Two continuous experiments were performed to assess the tablet quality utilizing the 

models developed based on the experiments of Section 3.2.2.1 and to test the effect of two 

different methods for adding lubricant to the production line. For these experiments, 250 g 

binary mixture of 5 % w/w API and glucose monohydrate was prepared. This could be achieved 

by the above discussed Raman spectroscopy-based feedback-controlled continuous blending. 

In the first continuous experiment (Cont 1, lubricant addition place a) in Figure 3.1), a pre-

blend was prepared by adding 2 % w/w MgSt to the glucose, which was continuously mixed 

with the API by the twin-screw blender, after which the blend was tableted with 13-15 kN 

compression force. In the second continuous run (Cont 2, lubricant addition place b) in Figure 

3.1), the lubricant was manually unevenly dosed to the binary mixture in the conveyor belt 

while it was carried to the tablet press, in a way that the total amount of the lubricant added to 

the system equaled the 2 % of the total weight of the API-glucose binary mixture. In the 

following step, the blend was tableted using a higher compression force (20 kN) at the 

beginning of the process and switching to a lower compression force (5 kN) later.   In this way, 

local inhomogeneity in lubricant content could be artificially generated. With Cont 1 

experiment, the possibility of overlubrication during continuous manufacturing could be 

studied, and Cont 2 experiments were used to model an inadequate feeding of lubricant and the 

effect of changing compression forces. The Raman and NIR spectra of the produced tablets 
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were measured, followed by the in vitro dissolution, crushing strength and friability testing of 

7, 5 and 3 tablets per continuous run, respectively. 

3.2.3 Surrogate modeling of the in vitro dissolution of tablets 

Dissolution prediction modeling was performed in an extended-release model formulation. 

The target 150 mg tablets contained 15 % w/w anhydrous caffeine as API, 15 % w/w PEO, 

which ensures the extended release by forming a hydrophilic matrix, 2 % w/w magnesium 

stearate as a lubricant and microcrystalline cellulose (MCC) as filler. The tablets were prepared 

by direct compression, using 13.24 kN target compression force. 

The effect of the API content, PEO content and compression force on the dissolution curve 

of the tablets was investigated following a face-centered composite experimental design. The 

API content was varied in the 13.5-16.5 % w/w concentration range (±10 % of the target API 

concentration), which is a widely applied acceptance range of API assay variability. The PEO 

content was set between 10 and 20 % w/w and the compression force between 3.92 and 22.56 

kN, as defined in the experimental design (Table 3.10). Five validation tableting runs were also 

performed, two runs (Valid 1-2) in the central point (target formulation) while three (Valid 3-

5) were randomly selected within the experimental design space.  

Table 3.10 Experimental conditions for the face-centered composite design for the dissolution 

surrogate modeling. 

DoE Run PEO [% w/w] API [% w/w] Compression force [kN] 

1 10 13.5 3.92 

2 20 13.5 3.92 

3 10 13.5 22.56 

4 20 13.5 22.56 

5 10 16.5 3.92 

6 20 16.5 3.92 

7 10 16.5 22.56 

8 20 16.5 22.56 

9 15 15 13.24 

10 10 15 13.24 

11 20 15 13.24 

12 15 15 3.92 

13 15 15 22.56 

14 15 13.5 13.24 

15 15 16.5 13.24 

16 15 15 13.24 

Valid 1 15 15 13.24 

Valid 2 15 15 13.24 

Valid 3 19 14 13.73 

Valid 4 12 16 5.88 

Valid 5 16 15.5 17.65 
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For each experimental run, 10 g of powder mixture was prepared with the corresponding 

composition by weighting the appropriate amount of components in analytical balance and 

manually mixing them by shaking in plastic pharmaceutical bottles for 2 minutes. Then, 50-60 

tablets/ run with 150±3 mg tablet weights were compressed using a Dott Bonapace CPR6 

eccentric tableting machine (Dott Bonapace, Italy), equipped with a 10 mm concave punch. For 

each tablet, the exact tablet weight and compression force (measured on the upper punch) were 

registered individually. For the DoE 1-16 tableting runs, 10 tablets were randomly selected for 

NIR and Raman spectroscopic analysis and dissolution testing. For the Valid 1 and Valid 2 

experiments, 11 tablets per run were measured while 5 tablets per run were analyzed for the 

Valid 3-Valid 5 experiments. Throughout the study, all tablets were handled individually, that 

is, the exact compression force, tablet weight, Raman and NIR spectra and dissolution curve 

could be assigned to each tablet. 

3.3 Analytical methods 

3.3.1 HPLC measurement 

The purity of ASA in the synthesized reaction mixtures and solid samples was determined 

by RP-HPLC (Agilent 1200 series LC System), using isocratic elution of water containing 0.5 

% phosphoric acid and ACN (40:60 V/V ratio), at 1.5mL min-1 and 25 °C for 7 min. Solutions 

of ASA at 1mg mL-1 concentration were prepared by diluting or dissolving the samples with a 

mixture of ACN, MeOH and phosphoric acid (85%) (92:8:0.5 V/V ratio). A 3 μL of sample 

volume was injected onto a Supelco Inertsil ODS-2 C18 column (5 µm; 250×4.6 mm). The UV 

detection wavelength was set to 237 nm, and the concentration of the ASA and the impurities 

was determined based on the peak areas. 

3.3.2 Raman spectroscopy 

A Kaiser RamanRxn2® Hybrid in situ analyzer (Kaiser Optical Systems, Ann Arbor, USA) 

coupled with PhAT (Pharmaceutical Area Testing) probe and the iC Raman® software (Mettler-

Toledo AutChem Inc.) was used to acquire the Raman spectra. The samples were illuminated 

by a 400 mW, 785 nm Invictus diode laser. The instrument was operated in both reflection and 

transmission modes. In the case of reflection measurements, samples were illuminated from 

above, through the PhAT probe and the Raman signals were collected with the same probe. 

When using transmission mode, the laser beam was directed through the Kaiser transmission 

accessory placed under an objective stage having a hole in it. Tablets were placed on this stage 

in such a way that the illuminating laser light from the transmission accessory could pass 

through the tablets. The Raman photons were collected by the PhAT probe, which rested above 
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the stage. In both cases, the diameter of laser spot size was optically expanded to 6 mm and the 

nominal focus length was 250 mm. Spectra were acquired in the spectral range of 200-1890  

cm-1 with a resolution of 4 cm-1, which provided 1690 variables (spectrum pixels) during data 

processing. Before each set of measurements, a dark spectrum was acquired and was 

automatically subtracted from the acquired raw spectra. The acquisition times of the spectra 

were selected to the minimum time that provided an acceptable signal-to-noise ratio, as 

summarized in Table 3.11.  

3.3.3 NIR spectroscopy 

A Bruker MPA Multi-Purpose FT-NIR Analyzer and OPUS 7.5 software (Bruker OPTIK 

GmbH, Germany) was utilized for collecting Fourier-transformed Near Infrared (FT-NIR) 

spectra both in diffuse reflection and transmission measurement mode. The diffuse reflection 

spectra were obtained using an integrating sphere, a high-intensity NIR source (Tungsten) and 

a PbS detector. For measurement of transmission spectra, the external transmission unit was 

utilized with an InGaAs external detector. In both cases, the spectra were recorded with a 

resolution of 8 cm-1 and 32 scans were accumulated with double-sided, forward-backward 

acquisition and 10 kHz scanner velocity. The acquired spectral ranges are summarized in Table 

3.11. 

Table 3.11 Settings of the Raman and NIR spectroscopic measurements. 

Sample/ Purpose Sample form 
Measurement 

mode 

Raman spectra 

acquisition time [s] 

NIR spectra 

range [cm-1] 

Caffeine+ glucose  

(API quantification) 

(Table 3.8) 

powder, tablet reflection 5 - 

tablet transmission 120 - 

Caffeine+ glucose  

DoE (Table 3.9) 
tablet reflection 15 10 000- 4000 

Extended-release 

caffeine tablets 

(Table 3.10) 

tablet 

transmission 15 15 000- 7000 

transmission 15 15 000- 7000 

 

3.3.4 In vitro dissolution testing 

Dissolution tests were carried out on a Hanson SR8-Plus dissolution tester (Hanson 

Research, USA) using the paddle method (United States Pharmacopoeia II). 900 mL of 

dissolution medium was used, which was kept at a constant temperature of 37±0.5 °C and 

stirred at 100 rpm, which settings ensured sink conditions for each measurement. In the case of 

the ASA capsules, a spiral capsule sinker was used to prevent the floating of the capsules. An 

on-line coupled Agilent 8453 UV-Vis spectrophotometer (Hewlett-Packard, USA) was used to 

measure the concentration of the dissolved API, which was achieved by a previous calibration. 
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The dissolution rate was calculated as the percentage of the API amount in the target 

formulation, i.e. 100 mg ASA in the case of the ASA powders and capsules, and 12.5 and 22.5 

mg caffeine in the case of the continuously produced caffeine and extended-release caffeine 

formulations, respectively. The applied dissolution medium, the length of the tests, the sampling 

time points, and the characteristics of the UV calibrations are summarized in Table 3.12.  

For the ASA samples, the application of the multivariate regression method was necessary 

to account for the possible decomposition of the ASA to SA during dissolution (in preliminary 

tests ~2% of the ASA degraded in 1 hour). Therefore, the SA and ASA needed to be quantified 

simultaneously, for which purpose a PLS model with 2 latent variables was developed using 

mean-centered UV absorbance spectra. The degradation was observed in the UV-VIS spectra 

by the gradual shift of the 229 nm ASA band, the appearance of a weak and broad SA band in 

the 270-320 nm region, which overlapped with a weak signal of the ASA in the 260-280 nm 

region, therefore, the 278-320 nm region was utilized. The calibration samples containing 

different amounts of ASA and SA in the 80-120 and 0-30 mg L-1 concentration ranges, 

respectively, which composition was determined by an HPLC method (see [91] and Section 

3.3.1). The root mean square error of calibration and cross-validation of 4.78 and 5.46 mg L-1 

were obtained, respectively.  

The UV spectroscopic caffeine concentration determination was also applied as a reference 

method for the development of the Raman spectroscopy-based API quantification. For this, the 

calibration samples detailed in Table 3.8 were dissolved in 2 L of distilled water and stirred 

overnight before performing the UV measurements on the same UV-VIS spectrophotometer as 

used for the dissolution testing.  

Table 3.12 Settings of the in vitro dissolution tests. 

Sample Medium 
Length 

of test 
Sampling times 

UV spectroscopy 

method 

ASA powders 

and capsules  

(Section 3.2.1.4) 

0.1 N 

HCl 
2 h 

18 time points (every 2.5 minutes 

until 20 min, followed by sampling 

in every 10 min) 

PLS (R2 = 0.98) 

278-320 nm,  

0-120 mg L-1 ASA 

0-30 mg L-1 SA 

Caffeine+ 

glucose powders 

and tablets 

(Section 3.2.2) 
distilled 

water 

2 h 
11 time points (2, 5, 10, 15, 20, 25, 

30, 45, 60, 90, 120 min) 
Linear regression 

(R2 = 0.9996) 

272 nm 

0-50 mg L-1 
Extended-release 

caffeine tablets 

(Section 3.2.3) 

10 h 

35 time points (2, 5, 10, 15, 20, 25, 

30, 45, 60, 90, 120 min, followed 

by sampling in every 20 min) 
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3.3.5 Crushing strength and friability of tablets 

A Schleuniger 4M hardness tester (Schleuniger Pharmatron, Switzerland) was applied to 

determine the crushing strength, and the friability studies were conducted using a Pharma Test 

PTF E friabilator (Pharma Test, Germany) with a total of 300 rotations. In the case of the 

friability tests, three tablets were marked and weighted individually before and after the test 

and the friability was calculated as a percentage weight loss for the individual tablets. The 

measured crushing strength and friability values are summarized in Table 3.9. 

3.3.6 Determination of the crystal size distribution 

The CSD of the ASA was measured using a Parsum IPP 70-s inline particle sizing probe 

(Malvern Panalytical Ltd., UK) in off-line mode. The measurement is based on the principle of 

spatial filter velocimetry and enables particle size determination in the 50-6000 μm size range. 

The samples were dispersed into the probe for estimating the cord length of a large number of 

particles falling through a laser beam. The collected chord lengths were then used to construct 

the number-based CSD in the 50-2000 μm size range with logarithmic grid, including 100 bins, 

as well as the volume-based distribution in the case of the crystallization experiments. For the 

dissolution modeling of ASA, only the number-based CSDs were used, and the logarithmic grid 

included 50 bins in the 50-2000 μm size range bins. 
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4 MATHEMATICAL MODELING 

4.1 Construction of the integrated flowsheet model 

The model equations were solved in MATLAB R2020a (MathWorks®, USA), the 

integrated flowsheet simulation was implemented in Simulink 10.1 (MathWorks®, USA).  

4.1.1 Flow synthesis 

Based on the experimental observations [91], the reaction network of the acetylation step 

was constructed by accounting not only the conversion of SA to ASA (Eq. (1a), but also the 

formation of two impurities, namely acetylsalicylic ethanoic anhydride (Impurity A) and 

acetylsalicylic anhydride (Impurity B) (Eqs. (1b-d))  

𝑆𝐴 + 𝐴𝐴 
𝑘1
→  𝐴𝑆𝐴 + 𝐻𝐴 (1a) 

𝐴𝑆𝐴 + 𝐴𝐴 
𝑘2
→  𝐴 + 𝐻𝐴 (1b) 

𝐴 + 𝐴𝑆𝐴 
𝑘3, 𝑘3𝑟
↔    𝐵 + 𝐻𝐴 (1c) 

𝑆𝐴 + 2 𝐴𝐴 
𝑘4
→  𝐴 + 2 𝐻𝐴 (1d) 

where 𝐻𝐴, 𝐴 and 𝐵 denote acetic acid, Impurity A and Impurity B, respectively.  

At the subsequent quenching step, it was observed, that besides the decomposition of AA, 

possible reactions of Impurity A and ASA also have to be considered (Eqs. (2a-c)):  

𝐴 + 𝐸𝑡𝑂𝐻 
𝑘5
→  𝐴𝑆𝐴 + 𝐸𝑡𝑂𝐴𝑐 (2a) 

𝐴𝐴 + 𝐸𝑡𝑂𝐻 
𝑘6
→  𝐸𝑡𝑂𝐴𝑐 + 𝐻𝐴 (2b) 

𝐴𝑆𝐴 + 𝐸𝑡𝑂𝐻 
𝑘7, 𝑘7𝑟
↔    𝑆𝐴 + 𝐸𝑡𝑂𝐴𝑐 (2c) 

In Eqs. (1)-(2) 𝑘𝑖 corresponds to the reaction rate constant expressed as 

𝑘𝑖 = 𝐴𝑖 ∙ 𝑒
−
𝐸𝑎,𝑖
𝑅𝑇  (3) 

where 𝑇 [°C] is the reaction temperature, 𝑅 is the gas constant (8.314 J K-1 mol-1),  𝐴𝑖 is the pre-

exponential factor and 𝐸𝑎,𝑖 [J mol-1] is the activation energy of the 𝑖th reaction.  

The rate law equations were expressed as 

𝑟𝑖 = 𝑘𝑖 ∙∏𝑐𝑋(𝑡) (4) 

where 𝑐𝑋 denotes the concentration of the reaction component taking part in the given reaction. 

The rate law equations for each reaction are detailed in Section A.2 of the Appendix. 
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The continuous flow synthesis can be described using an axial dispersion tubular reactor 

model, which consists of a set of partial differential equations (PDEs) [214], 

𝜕𝑐𝑋

𝜕𝑡
= −𝑣𝑥 ∙

𝜕𝑐𝑋

𝜕𝑥
+ 𝐷𝑚 ∙

𝜕2𝑐𝑋

𝜕𝑥2
+ 𝑟  (5) 

where 𝑥 corresponds to the spatial coordinate along the flow reactor, 𝑡 is the time, 𝑐𝑋 is the 

concentration of the reaction component 𝑋, 𝐷𝑚 is dispersion coefficient and 𝑟 represents a set 

of rate law equations. The initial conditions for the PDEs correspond to the initial 

concentrations along the length of the reactor. At the reactor inlet and outlet, the Danckwerts 

boundary conditions apply [214], where the inlet boundary conditions are  

𝑣𝑥 ∙ [𝑐𝑋(0) − 𝑐𝑋0] − 𝐷𝑚 ∙
𝑑𝑐𝑋

𝑑𝑥
|
𝑥=0

= 0  (6) 

and the outlet boundary conditions are given as: 

𝑑𝑐𝑋
𝑑𝑥
|
𝑥=𝐿

= 0 (7) 

Although Eqs. (5)-(7) enable the concentration calculation through time and the spatial 

coordinate of the reactor, it requires the solution of PDEs, which cannot be directly 

implemented in the integrated, dynamic flowsheet simulation in Simulink. To overcome this 

problem, a tank-in-series (TIS) approximation of the axial dispersion model was used in this 

study, approximating the tubular flow reactor as a cascade of 𝑁𝑟 equal-sized continuous stirred-

tank reactors (CSTRs). In this case, assuming constant working volume, an ordinary differential 

equation (ODE) system was formed for each CSTR to describe the changes in the 

concentrations of the reaction components for both the acetylation (Eq. (8)) and quenching (Eq. 

(9)) steps. (See Section A.2 of the Appendix for the complete ODE systems.) 

𝑑𝑐𝑎,𝑋
𝑑𝑡

= 𝑟 +
𝑐𝑎,𝑋
0 − 𝑐𝑎,𝑋
𝜏𝑎

 (8) 

𝑑𝑐𝑞,𝑋

𝑑𝑡
= 𝑟 +

𝑐𝑞,𝑋
0 − 𝑐𝑞,𝑋

𝜏𝑎
 (9) 

In Eqs. (8)-(9), the subscripts 𝑎 and 𝑞 are referring to the acetylation and quenching step, 

respectively, 𝜏 denotes the mean residence time [s] in the reactor, which is infinite during the 

modeling of the batch reactions and expressed as Eq. (10) for the continuous reactor. 

𝜏 =
𝑉

𝐹
  (10) 

where 𝑉 is the reactor volume [m3] and 𝐹 is the flow rate [m3 s-1]. For Eqs. (8)-(9), the initial 

conditions 𝑐𝑎,𝑋(𝑡 = 0) =  𝑐𝑎,𝑋,0 and 𝑐𝑞,𝑋(𝑡 = 0) =  𝑐𝑞,𝑋,0 apply, where the initial 𝑐𝑎,𝑋,0 
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concentration was calculated based on the concentration of the SA solution and the applied 

𝐴𝐴𝑒𝑞, while 𝑐𝑞,𝑋,0 was calculated from the outlet acetylation concentration and the used 

𝐸𝑡𝑂𝐻𝑒𝑞 amount. 

The volume of the CSTRs in the cascade (𝑉𝑖) is calculated by dividing the total volume of 

the flow reactor by the reactor number 𝑁𝑟: 

𝑉𝑖 =
𝑉

𝑁𝑟
 (11) 

The number of the necessary reactors was derived based on the reactor residence time 

distribution (RTD). The reactors were assumed to operate as laminar flow reactors (the 

Reynolds numbers ranged from 0.5-5 for the reactor settings summarized in Table 3.2 and Table 

3.3), which residence time is expressed [214] as:  

𝐸(𝑡) = {

0     𝑡 <
𝜏

2
𝜏2

2𝑡3
  𝑡 ≥

𝜏

2

 (12) 

where the mean residence time (𝜏) and the standard deviation (𝜎2) of the RTD is calculated as: 

𝜏 = ∫ 𝑡𝐸(𝑡)

∞

0

𝑑𝑡 (13) 

𝜎2 = ∫(𝑡 − 𝜏)2𝐸(𝑡)

∞

0

𝑑𝑡 (14) 

The number of the necessary reactors is then obtained as: 

𝑁𝑟 =
𝜎2

𝜏2
 (15) 

𝑁𝑟 was calculated for the 𝜏𝑎 and 𝜏𝑞 values detailed in Table 3.2 and Table 3.3. The 

calculations resulted in 𝑁𝑟 values between 3.920-3.933, with a slight rising trend as 𝜏 increased. 

Therefore, 4 CSTRs were used in cascade for the simulation of the continuous reactors both in 

the acetylation and quenching steps. The compartmental model assumed that there is only 

convective transfer between the CSTRs of the cascade without diffusive transfer. 

The reaction kinetic parameters (𝐴𝑖 and 𝐸𝑎,𝑖) were estimated using the batch and the 

continuous experimental data for the acetylation step in different combinations, and the flow 

reactions for the quenching step (see Table 3.2 and Table 3.3). The calculations were performed 

using the Covariance Matrix Adaptation Evolution Strategy (CMA-ES), an accelerated global 

optimization algorithm that improves the chance of finding the global optimum [215]. The 
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objective functions were formed depending on whether the batch or the continuous 

experimental data was used for parameter estimation. In the case of the batch data, the 

normalized mean square errors (nMSE) were calculated between the calculated and measured 

concentrations for SA, ASA, Impurity A and Impurity B. Normalization of the error 

components was performed by the difference between the maximum and minimum of the 

concentration for each component, so that each error component had equal weight in the 

objective function, irrespective of its concentration range:  

𝑛𝑀𝑆𝐸𝑋 =

1
𝐾
∑ (𝑐𝑗,𝑋 − 𝑐𝑚,𝑗,𝑋)

2𝐾
𝑗=1

max(𝑐𝑚,𝑋) − min (𝑐𝑚,𝑋)
 (16) 

where 𝑐𝑚,𝑗   and 𝑐𝑗  are the measured and calculated concentrations in the 𝑗th sample point, 𝐾 is 

to the total number of the sample points and 𝑋 denotes component SA, ASA, Impurity A and 

Impurity B. For the continuous experiments, only steady-state concentrations were available, 

from which the nMSEs were further calculated by using normalized concentration values 

(𝑐𝑛𝑜𝑟𝑚,𝑚, 𝑐𝑛𝑜𝑟𝑚,𝑗), where the normalization was done to unit sum (Eq.(17). This could be 

reasoned by the fact, that for the simulation of the continuous integrated processes, it is more 

important to capture the concentrations relative to each other caused by the varying operation 

parameters, rather than the absolute concentrations. Although in this way, information on the 

absolute concentration is eliminated, including the 𝑛𝑀𝑆𝐸𝑛𝑜𝑟𝑚,𝑋  terms into the objective 

function (Eq. (21)) guided the parameter estimation to retain the concentrations relative to the 

different settings. 

𝑛𝑀𝑆𝐸𝑛𝑜𝑟𝑚,𝑋 =

1
𝐾
∑ (𝑐𝑛𝑜𝑟𝑚,𝑗,𝑋 − 𝑐𝑛𝑜𝑟𝑚,𝑚,𝑗,𝑋)

2𝐾
𝑗=1

max(𝑐𝑛𝑜𝑟𝑚,𝑚,𝑋) − min (𝑐𝑛𝑜𝑟𝑚,𝑚,𝑋)
 (17) 

where  

𝑐𝑛𝑜𝑟𝑚,𝑗,𝑋 =
𝑐𝑗,𝑋

∑ 𝑐𝑗,𝑋
𝐾
𝑗=1

 (18) 

𝑐𝑛𝑜𝑟𝑚,𝑚,𝑗,𝑋 =
𝑐𝑚,𝑗,𝑋

∑ 𝑐𝑚,𝑗,𝑋
𝐾
𝑗=1

 (19) 

Denoting the vector of the considered decision variables by D, the objective functions of 

the parameter estimation (𝑂) from batch and continuous data took the form: 

𝑂(𝐷)𝑏𝑎𝑡𝑐ℎ = 𝑛𝑀𝑆𝐸𝑆𝐴 + 𝑛𝑀𝑆𝐸𝐴𝑆𝐴 + 𝑛𝑀𝑆𝐸𝐴 + 𝑛𝑀𝑆𝐸𝐵 (20) 

𝑂(𝐷)𝑐𝑜𝑛𝑡 = 𝑛𝑀𝑆𝐸𝑆𝐴 + 𝑛𝑀𝑆𝐸𝐴𝑆𝐴 + 𝑛𝑀𝑆𝐸𝐴 + 𝑛𝑀𝑆𝐸𝐵 + 𝑤 ∙ (𝑛𝑀𝑆𝐸𝑛𝑜𝑟𝑚,𝑆𝐴

+ 𝑛𝑀𝑆𝐸𝑛𝑜𝑟𝑚,𝐴𝑆𝐴 + 𝑛𝑀𝑆𝐸𝑛𝑜𝑟𝑚,𝐴 + 𝑛𝑀𝑆𝐸𝑛𝑜𝑟𝑚,𝐵) 
(21) 
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In Eq. (20)-(21), D comprises the 𝐴𝑖 and 𝐸𝑎,𝑖  parameters of the acetylation and quenching 

reactions. In Eq. (21), the weight factor (𝑤) was set to 2 based on preliminary optimizations 

such as both the absolute concentration values as well as their relative changes through the 

experiments were satisfactory. When both the batch and continuous data were used for 

parameter estimation, the objective function was obtained by summarizing 𝑂(𝐷)𝑏𝑎𝑡𝑐ℎ and 

𝑂(𝐷)𝑐𝑜𝑛𝑡 . The error of fit to the validation experiments was calculated the same way, with the 

exception that for the continuous samples 𝑤 = 0 were used for better comparison of the batch 

and continuous results. In addition to the estimation of nominal parameters, the effects of 

parameter uncertainties were analyzed on the simulated outputs. This was performed by 

executing a sufficiently large number of simulations (1000) with kinetic parameter 

combinations, obtained by Monte-Carlo sampling from the confidence hyper ellipsoid defined 

by the covariance matrix of the nominal parameters [216]. 

4.1.2 Continuous crystallization 

The continuous crystallization of ASA from the reaction mixture was simulated using a 

one-dimensional PBM, considering secondary nucleation, size-independent growth and size-

independent agglomeration. It was assumed, that the kinetics are independent of the changes in 

the solvent composition. 

The PBE assuming homogeneous mixing and constant working volume is formulated as 

Eq. (22), where the first term in the left-hand side defines the temporal evolution of the crystal’s 

population density function (𝑛(𝐿, 𝑡), denoting the number of crystals in the 𝐿, 𝐿 + 𝑑𝐿 crystal 

size domain at 𝑡 time) and the second term takes into account the effect of crystal growth. The 

right-hand side stands for the nucleation, the source and sink terms of agglomeration [100], as 

well as for the in- and outflow of the continuous system, respectively. 

𝜕𝑛(𝐿, 𝑡)

𝜕𝑡
+ 𝐺

𝜕𝑛(𝐿, 𝑡)

𝜕𝐿

= 𝐵𝛿(𝐿 − 𝐿𝑛)

+
𝐿2

2
∫
𝛽𝑎𝑔 [(𝐿

3 − 𝜆3)1/3, 𝜆]

(𝐿3 − 𝜆3)2/3

𝐿

0

𝑛((𝐿3 − 𝜆3)1/3, 𝑡)𝑛(𝜆, 𝑡)𝑑𝜆

− 𝑛(𝐿, 𝑡) ∫ 𝛽𝑎𝑔(𝐿, 𝜆)

𝐿𝑚𝑎𝑥

0

𝑛(𝜆, 𝑡)𝑑𝜆 +
𝑛𝑖𝑛(𝐿, 𝑡)

𝜏𝑐
−
𝑛(𝐿, 𝑡)

𝜏𝑐
 

(22) 

In Eq. (22), L denotes the crystal size [m], t is the time [s], G is the rate of crystal growth 

[m s-1], B is the rate of nucleation [# m-3 s-1], 𝑛𝑖𝑛(𝐿, 𝑡) is the number density function of crystals 
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in the feeding stream, 𝜏𝑐 is the mean residence time in the crystallizer [s], 𝐿𝑛 is the nuclei size 

[m], 𝛿 is the Dirac-delta function and 𝛽𝑎𝑔(𝐿, 𝜆) is the agglomeration function describing the 

agglomeration rates between crystals of size 𝐿 and 𝜆. 𝐿𝑛 has a very small, practically zero value, 

therefore it was neglected in the calculations. 

The initial condition of the PBE gives the initial CSD in the crystallizer, whereas the 

boundary condition states that the crystals have a finite size:  

𝑛(𝐿, 0) =  𝑛0(𝐿) (23) 

𝑛(𝐿 → ∞, 𝑡) =  0 (24) 

The secondary nucleation (Eq. (25) is expressed as the function of the second moment of 

the distribution (𝜇2 [m
2m-3]) of the crystals (Eq. (26)) and the relative supersaturation (𝜎𝑐) [-] 

(Eq.(27)).  

𝐵(𝜎𝑐, 𝜇2) = 𝑘𝑏𝜎
𝑏𝜇2
𝑗
 (25) 

𝜇2 = ∫ 𝐿2𝑛(𝐿, 𝑡)𝑑𝐿
∞

0

 (26) 

𝜎𝑐 =
𝑐𝑐
𝑐𝑐∗
− 1 (27) 

In Eqs. (25)-(27), 𝑘𝑏, 𝑏  and 𝑗 denote the nucleation rate coefficient [# m-3 s-1], the nucleation 

rate exponent [-] and the specific surface area exponent [-], respectively. 𝑐𝑐
∗ is the solubility [kg 

m-3], which, in the case of a combined cooling-antisolvent crystallization, is dependent on the 

crystallization temperature (𝑇𝑐 [°C]) and the antisolvent volume fraction 𝑣 [-]: 

𝑐𝑐
∗(𝑇𝑐, 𝑣) = 𝑎1 + 𝑎2𝑣 + 𝑎3𝑣

2 + 𝑎4𝑇𝑐 + 𝑎5𝑇𝑐
2 + 𝑎6𝑣𝑇𝑐 (28) 

where 𝑎1 to 𝑎6 are constants. In this study, a fixed solvent composition was assumed (Section 

3.2.1.2) and the effect of the possible changes of solvent composition on the kinetics is 

neglected. Eq. (28) was determined experimentally based on the measurement of saturated ASA 

samples at 12 different  𝑣-𝑇𝑐 combinations. The samples were prepared using excess ASA, all 

samples were stirred for 24 h to ensure that equilibrium is reached, after which the ASA 

concentration was measured by HPLC (see Section 3.3.1). Different solubility curves were 

tested to fit the measurements, using the least square methods. Eq. (28) with the 𝑎1- 𝑎6 constants 

detailed in Table 4.1 provided the best fit with R2=0.9992 and root mean square error of 1.292 

kg m-3. 

The growth rate is described as a function of the relative supersaturation and a temperature-

dependent rate factor (𝐺(σc, Tc)), as expressed in Eq. (29), where 𝑘𝑔  and 𝑔 denotes the growth 



57 

 

rate coefficient [m s-1] and growth rate exponent [-], 𝐸𝑎,𝑔 represents the activation energy of 

growth [J mol-1] and 𝑅 is the universal gas constant (8.314 J mol-1 K-1). 

𝐺(𝜎𝑐, 𝑇𝑐) = 𝑘𝑔𝜎𝑐
𝑔
exp (

−𝐸𝑎,𝑔

𝑅𝑇𝑐
) (29) 

For the sake of simplicity, the constant (size-independent) agglomeration kernel was 

applied, where 𝑘𝑎𝑔 is the agglomeration rate constant [m9 #-1 s-1]: 

𝛽𝑎𝑔(𝐿, 𝜆) = 𝑘𝑎𝑔 (30) 

Along with the PBE, the corresponding mass balances were solved for the solute 

concentration (Eq. (31)) and antisolvent volume fraction (Eq. (32)).  

𝑑𝑐𝑐
𝑑𝑡
= −𝜌𝑐𝑘𝑣 (𝐵(𝜎𝑐)𝐿𝑛

3 + 3𝐺(𝜎𝑐 , 𝑇𝑐)∫ 𝐿2𝑛(𝐿, 𝑡)𝑑𝐿
𝐿𝑚𝑎𝑥

0

) +
𝑐𝑖𝑛,𝑐 − 𝑐𝑐
𝜏𝑐

 (31) 

𝑑𝑣

𝑑𝑡
=
𝑣𝑖𝑛 − 𝑣

𝜏𝑐
 (32) 

where 𝜌𝑐 [kgm-3] and 𝑘𝑣 [-] represent the crystal density and volumetric shape factor, 

respectively. The mass balances have the 𝑐𝑐(0) =  𝑐0 and 𝑣(0) =  𝑣0 initial conditions, which 

give the initial solute concentration and solvent composition in the crystallizer.  

A semi-discrete implementation of a high-

resolution finite volume method (HR-FVM) was 

applied to solve the growth part (convective flux) of 

the PBE [217], simulating the CSD in the range of 0-

2000 μm on a uniform grid with 500 cells. The 

agglomeration integrals were directly calculated on 

the same FVM grid by the finite volume evaluation 

of the integrals. To avoid numerical errors, volume 

conserving agglomeration calculations were applied, 

and the grid was validated using the grid convergence index, i.e. the grid was gradually refined 

until no more significant change was observed in the simulated CSD. Therefore, the full CSD 

could be accurately calculated.  

All the parameters used for the simulation of the crystallization are summarized in Table 

4.1. The crystallizer volume was set to 235 cm3 except for the integrated crystallization-

filtration validation simulations when it was adjusted to 350 cm3 to follow the integrated 

experimental conditions. The temperature of the reactor (𝑇𝑐), the flow rate (𝐹𝑐) and the 

Table 4.1 Constants of the 

crystallization model. 

Variable Unit Value 

𝒌𝒗 - 𝜋/6 

𝝆𝒄 kg m-3 1400 

𝒄𝒊𝒏 kg m-3 91.925 

𝒂𝟏 - 54.51 

𝒂𝟐 - -118.1 

𝒂𝟑 - 69.55 

𝒂𝟒 - 2.078 

𝒂𝟓 - 0 

𝒂𝟔 - -2.459 
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antisolvent volume fraction in the feed (𝑣) was varied throughout the simulations in the 0-25 

°C, 5-20 ml min-1 and 0.667-0.8 ranges, respectively. 

The crystallization kinetic parameters were estimated using the experimentally collected 

steady-state CSD and concentration data of the 5 calibration and 2 validation experiments 

summarized in Table 3.4. The parameter estimations were carried out with different kinetic 

parameter combinations of 𝑘𝑏, 𝑏, 𝑗, 𝑘𝑔, 𝑔, 𝐸𝑎,𝑔 and  𝑘𝑎𝑔 to determine the most suitable kinetic 

model structure. Denoting the vector of the considered decision variables by 𝐷, the objective 

function of the parameter estimation (𝑂) takes the form: 

𝑂(𝐷)𝑐 =∑(𝑐𝑚,𝑖 − 𝑐𝑖)
2

𝐾

𝑖=1

+ 𝑤∑∑(𝑛𝑚,𝑗,𝑖 − 𝑛𝑗,𝑖)
2

𝑁

𝑗=1

𝐾

𝑖=1

 (33) 

where 𝐾 is the number of experiments used for parameter identification, and 𝑁 is the number 

of grid discretization points. 𝑐𝑚,𝑖 and 𝑐𝑖 are the measured and simulated steady-state 

concentrations of the ith experiments. 𝑛𝑚,𝑗,𝑖 and 𝑛𝑗,𝑖 stands for the measured and simulated 

steady-state particle numbers in the jth cell. The weight factor (𝑤) was set to 2 based on 

preliminary optimizations such as to ensure that the sensitivity of concentration and particle 

size distribution terms are comparable. The calculations were performed using the CMA-ES 

algorithm [215]. The steady-state simulated outputs (𝑐, 𝑛) were obtained by setting the 

simulation time to 15 mean residence times, which ensured that the seeds were washed out 

completely and steady-state was reached. Similar to the synthesis step, the effect of parameter 

uncertainties was evaluated by Monte-Carlo sampling with 500 simulations.  

To consider the different crystallization conditions between the parameter estimation and 

the integrated continuous crystallization-filtration process, the secondary nucleation rate was 

adjusted in the case of the integrated simulations. Numerous studies related the nucleation rate 

to the hydrodynamic conditions, and the common outcome of these is that the contact-induced 

secondary nucleation is a function of the dissipation of the turbulent kinetic energy (TKE, 휀𝐾) 

[J kg-1 s-1] [218, 219]: 

𝐵~휀𝐾 (34) 

The mean value of 휀𝐾 for stirred vessels can be expressed as a function of agitation rate, 

impeller type and diameter:  

휀𝐾 =
𝑃𝑖𝑁𝑖

3𝑑𝑖
5

𝑉𝑐
 (35) 
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where 𝑃𝑖 denotes the impeller power number, an empirically determined constant, 𝑁𝑖 is the 

stirring rate [rpm], 𝑑𝑖 is the stirrer diameter [m] and 𝑉𝑐 is the system volume [m3]. Table 4.2 

summarizes the parameters and the calculated 휀𝐾 values for the different crystallization 

conditions. Consequently, to maintain an equivalent nucleation rate proportional to the 휀𝐾, the 

secondary nucleation (Eq. (25)) calculated using the estimated kinetic parameters was 

multiplied by 0.1 during the integrated crystallization-filtration system validation.  

Table 4.2 Turbulent kinetic energy calculation for the different crystallizers.  

Variable 
Parameter 

estimation 

Integrated crystallizer-

filter system 

Impeller type 6-blade Rushton 3-blade retreat 

𝑷𝒊 [-] * 5 0.4 

𝑽𝒄 [cm3] 235 360 

𝑵𝒊 [rpm] 700 550 

𝒅𝒊 [cm] 3 4 

𝜺𝑲 [J kg-1 s-1] 177 338 16 845 

Nucleation correction factor 1 0.10 

   *[220] 

 

4.1.3 Continuous filtration  

For the filtration model, a batch Nutsche filtration process is considered, when the liquid 

and solid phases of the slurry are separated by using the pressure difference between the two 

sides of a porous filter medium. In this work, the separation process was modeled in two steps. 

First, a filtration (cake formation) phase is considered while a constant liquid column is present 

above the filter medium and a cake builds up. This is followed by the gas deliquoring step when 

the liquid content in the pores of the cake is reduced. The workflow of the modeling is illustrated 

in Figure 4.1. For simplification, a 100 % retention efficiency is assumed, i.e. all particles, 

regardless of their sizes, are retained by the filter medium. In this work, this assumption could 

be realized as particles above 45 µm were studied and the crystallization provided particles with 

approx. 30-120 µm geometric mean sizes, while a sieve pore size of 20 µm was used. 

Furthermore, a (nearly) 100 % retention efficiency could be reached with due care during the 

choice of the filter medium, which is a general technological aim to increase productivity [221]. 
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Figure 4.1 Workflow of the) filtration step b) gas deliquoring step of the filtration modeling. 

 

The filtration step was described by the generalized form of Darcy’s law (Eq. (36)), which 

is the most commonly used approach [101, 222, 223] for the mathematical description of cake 

filtration. It assumes an incompressible Newtonian fluid and laminar flow. In this study, 

relatively low solid concentrations were studied, therefore it could be assumed that the flow 

properties are mainly determined by the solution (which is a Newtonian fluid), irrespective of 

the solid particles, as well as the Reynolds number was found to range between 1000-4000, 

depending on the applied flow rates. Eq. (36) expresses that the filtrate flow rate or flux (𝑄  [m3 

s-1]) is directly proportional to the applied pressure difference (∆𝑃 [Pa]) and filter medium area 

( 𝐴 [m2]) and inversely proportional to the viscosity of the filtrate (𝜇 [Pa s]), the medium (𝑅𝑚 

[m-1]) and the cake resistance (𝑅𝑐 [m
-1]):  

𝑄(𝑡) =
𝑑𝑉𝑓

𝑑𝑡
=

∆𝑃 ∙ 𝐴

𝜇 ∙ (𝑅𝑐 + 𝑅𝑚)
 (36) 

where 𝑉𝑓 [m3] is the filtrate volume. The filter medium resistance (𝑅𝑚) was assumed to be 

constant through the process, i.e. no fouling was considered. This assumption could be 

adequate, as the modeled continuous filtration device is equipped with a Clean-In-Place (CIP) 

system, that helps to maintain the constant quality of the filter medium. Furthermore, the main 

goal of the model is to characterize the changes in the filterability associated with the different 

slurry properties (i.e. different crystallizer operations), which primarily affects the cake 

resistance.  
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 In this study, Darcy’s equation was utilized dynamically, that is, 𝑄 and 𝑉𝑓 was determined 

for each time point until the time needed for the complete filtration of the slurry (𝑡𝑓 [s]) was 

reached. Together with the corresponding mass balances, the moisture content, cake mass and 

cake height could also be calculated for each time point. The cake resistance can be expressed 

as  

𝑅𝑐 =
𝛼 ∙ s ∙ 𝑉𝑓

A
 (37) 

where  𝑠 is the mass of crystals deposited per unit filtrate volume [kg m-3] and 𝛼  is the specific 

cake resistance [m kg-1]. 𝑠 is calculated from the slurry solid concentration 𝑐𝑠 [224], which is 

obtained from the crystallization model: 

s =
1

1 − 𝑤𝑠
𝑤𝑠𝜌𝑙

−
휀

(1 − 휀)𝜌𝑐

 
(38) 

𝑤𝑠 =
𝑐𝑠

𝑐𝑠 +
𝜌𝑙
𝜌𝑐
(1 − 𝑐𝑠)

 
(39) 

where 𝑤𝑠 is the solid concentration converted to mass fraction [-] and 휀 [-] is the average cake 

porosity. 𝛼 is an intrinsic property of the filtered material and dependent on its various 

properties, such as the solid density, cake porosity, particle size and shape, that could be used 

for characterizing the filterability of different slurries. The equation of Endo and Alonso (Eq. 

(40)) was incorporated into the model to express the physical meaning of 𝛼 [225]. Eq. (40) is 

the generalization of the Carman-Kozeny permeation theory and suitable for non-spherical 

particles, log-normal CSDs and laminar filtrate flow.  

𝛼 =
180

𝜌𝑐
∙

𝜅

𝑑𝑣𝑔2 ∙ 𝑒𝑥𝑝 (4 ∙ 𝑙𝑛𝜎𝑔2)
∙
(1 − 휀)

휀3
 (40) 

where 𝜌𝑐, 𝜅 denote the particle density [kg m-3] and the dynamic shape factor [-], 

respectively, 𝑑𝑣𝑔 [m]) denotes the geometric mean and 𝜎𝑔 [-] is the geometric standard 

deviation of a log-normal particle size distribution: 

𝑛(𝐿) =
1

√2𝜋 ln 𝜎𝑔
∙ exp(−

(ln 𝐿 − ln 𝑑𝑣𝑔)
2

2 ln(𝑑𝑣𝑔)2
) (41) 

A lognormal distribution was fitted to the number based CSD that was calculated using the 

crystallization model by estimating 𝑑𝑣𝑔 and  𝜎𝑔 using Eqs. (42)-(44), where 𝐿𝑖 and 𝑛𝑖 

corresponds to the ith particle size of the distribution and its number fraction.  
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�̅�𝑔 =∑
ln 𝐿𝑖 ∙ 𝑛𝑖
𝑁

𝑁

𝑖=1

 (42) 

𝑑𝑣𝑔 = exp (�̅�𝑔) (43) 

𝜎𝑔 = exp 
√∑ 𝑛𝑖

𝑁
𝑖=1 (�̅�𝑔 − ln 𝐿𝑖)

2

𝑁
 (44) 

It was assumed that the cake compressibility is negligible in the applied pressure 

difference, that is the porosity is constant in the cake. The porosity was calculated from the 

CSD, using the method of Ouchiyama and Tanaka [226, 227] where the random packing of 

spherical particles is assumed. For discrete size distribution, the porosity is calculated as: 

휀 = 1 −
∑ 𝐿𝑖

3𝑛𝑖
𝑁
𝑖=1

max [∑ [(𝐿𝑖 − �̅�)3 +
1
�̅�
{(𝐿𝑖 + �̅�)3 − (𝐿𝑖~�̅�)3}] 𝑛𝑖

𝑝
𝑖=1 ]

 

for p=1 to N 

(45) 

where �̅� is the average size of the particles, �̅� is the average number of the hypothetical 𝐿 + �̅� 

sized spheres that take part in a commonly occupied space: 

�̅� = 1 +
4

13
�̅�

∑ (7 − 8휀0𝑖)(𝐿𝑖 + �̅�)
2(1 −

3
8

�̅�
𝐿𝑖 + �̅�

)𝑛𝑖
𝑝
𝑖=1

∑ {𝐿𝑖
3 − (𝐿𝑖~�̅�)3𝑛𝑖}

𝑝
𝑖=1

 
(46) 

In Eqs. (45)-(46), the abbreviation 𝐿~�̅� is defined: 

(𝐿~�̅�) = {
𝐿 − �̅� 𝑓𝑜𝑟 𝐿 > �̅�

 0 𝑓𝑜𝑟  𝐿 ≤ �̅�
 (47) 

휀0𝑖 is the average porosity of packing of uniformly sized spheres, which was assumed to 

be dependent only on the ratio of the particle size and filter medium diameter (𝑑𝑚) based on 

[228]: 

휀0𝑖 = 0.375 + 0.34 ∙  
�̅�

𝑑𝑚
 (48) 

The gas deliquoring phase was modeled following the process design calculations of 

Tarleton and Wakeman [229, 230]. First, the capillary number was calculated: 

𝑁𝑐𝑎𝑝 =
휀3𝑑𝑣𝑔

2 ∙ (9.81 ∙ 𝜌𝑙 ∙ 𝐿𝑐 + ∆𝑃)

(1 − 휀)2 ∙ 𝐿𝑐 ∙ 𝜎𝑙
 (49) 

where 𝑑𝑣𝑔 was utilized as the characteristic particle size,  𝐿𝑐 [m] denotes the cake height at the 

end of the filtration phase, which was assumed constant during deliquoring. 𝜌𝑙 [kg m-3] and 𝜎𝑙 

[N m-1] correspond to the filtrate density and surface tension, respectively. This is used to obtain 
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the irreducible saturation, that is the cake saturation, where the deliquoring ceases is estimated 

based on the capillary number: 

𝑆∞ = 0.155(1 + 0.031𝑁𝑐𝑎𝑝
−0.49) (50) 

The cake permeability (𝑘𝑎𝑣  [m
2]) was defined using the specific cake resistance calculated 

in the filtration stage: 

𝑘𝑎𝑣 =
1

𝛼 ∙ 𝜌𝑐 ∙ (1 − 휀)
 (51) 

The threshold vacuum, which is necessary to initiate gas deliquoring, is related to the cake 

porosity, filtrate surface tension and particle size as: 

𝑝𝑏 =
4.6 ∙ (1 − 휀) ∙ 𝜎𝑙

휀 ∙ 𝑑𝑣𝑔 
 (52) 

The design calculations utilize the dimensionless pressure difference, which is obtained as: 

𝑝∗ =
∆𝑃

𝑝𝑏
 (53) 

The residual moisture content can be calculated for any 𝑡 time of deliquoring, using the 

dimensionless deliquoring time 𝜃 [-], which relate to the actual deliquoring time as  

𝜃𝑝∗(𝑡) =
𝑡 ∙ 𝑘𝑎𝑣 ∙ ∆𝑃

휀 ∙ 𝜇𝜌𝑐 ∙ 𝐿𝑐
2 ∙ (1 − 𝑆∞)

 (54) 

For known 𝜃𝑝∗, the design equations apply: 

𝑆𝑅(𝑡) =

{
 

 
1

1 + 1.08(𝜃𝑝∗)0.88
 𝑓𝑜𝑟 0.096 ≤ (𝜃𝑝∗) ≤ 1.915

1

1 + 1.46(𝜃𝑝∗)0.48
 𝑓𝑜𝑟 1.915 ≤ (𝜃𝑝∗) ≤ 204

 (55) 

where 𝑆𝑅 is the reduced saturation [-], which is utilized to express the cake saturation 𝑆 [-]. 

𝑆(𝑡) = 𝑆∞ + 𝑆𝑅(𝑡)(1 − 𝑆∞) (56) 

Finally, the residual moisture content [% w/w] is obtained by converting 𝑆: 

𝑀(𝑡) =
100

𝜌𝑐
𝑆(𝑡) ∙ 𝜌𝑙

∙ (
1 − 휀
휀 ) + 1

 
(57) 

Like the filtration stage, the deliquoring process step was also modeled dynamically in this 

work, calculating 𝑀 for each time point until the time available for deliquoring (𝑡𝑑) was 

reached, which is defined as the difference between the batch time (𝑡𝑟𝑜𝑡, see Section 4.1.5) and 

𝑡𝑓. 
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All the parameters of the filter and slurry used for 

the filtration simulations are summarized in Table 4.3. 

It was assumed that the physical properties, e.g. liquid 

viscosity, surface tension, dynamic shape factor are 

constant and independent of the CSD and solid 

concentration of the slurry. Also, the resistance of the 

filter medium was assumed to be constant, which 

value was determined based on filtration experiments 

using a solution without any solid particles in it. The solid concentration and CSD were either 

calculated directly from the crystallization model or defined manually, in the case of the CSD, 

as the geometric mean and geometric standard deviation of a lognormal distribution. 

4.1.4 In vitro dissolution of capsules 

The in vitro dissolution of the obtained ASA crystals was described using a PBM. It could 

be assumed, that in the dissolution apparatus the temporal evolution of the 𝑛(𝐿, 𝑡) population 

density function (i.e. the number-based CSD) is only affected by the dissolution of the particles. 

Therefore, the PBE takes the form of 

𝜕𝑛(𝐿, 𝑡)

𝜕𝑡
− 𝐷

𝜕𝑛(𝐿, 𝑡)

𝜕𝐿
= 0 (58) 

where 𝐷 is the rate of the dissolution [m s-1] and the same initial and boundary conditions (Eq. 

(23)-(24) apply as for the crystallization PBM. The calculation of the initial population density 

[# m-3] from the normalized (measured or simulated) CSD is summarized in Section A.3 of the 

Appendix. 

The size-dependent dissolution rate is defined as  

𝐷(𝜎𝑑, 𝐿) = 𝑘𝑑𝜎𝑑
𝑑(1 + 𝑝1𝐿)

𝑝2 (59) 

where 𝑘𝑑 and 𝑑 denote the dissolution rate coefficient [m s-1] and the dissolution rate exponent 

[-] and 𝑝1 and 𝑝2 are coefficients indicating the size-dependence of the dissolution. 𝜎𝑑 is the 

relative supersaturation, expressed in the same manner as for the crystallization model (Eq. 

(27). Based on literature data [231, 232], the solubility of ASA (𝑐𝑑
∗) in the 0.1N HCl dissolution 

medium was approximated as 4 mg mL-1, which was further converted to mass fractions. As 

the dissolution tests were conducted by dissolving 100 mg ASA in the 900 mL dissolution 

medium (i.e. the maximum concentration is 0.11 mg mL-1), this means, that experimentally the 

sink condition criteria met (i.e. dissolution media can dissolve at least 3 times the amount of 

drug that is the dosage form). Nevertheless, the supersaturation was accounted in Eq. (59) for 

Table 4.3 Physical parameters used 

in the simulation of the filtration. 

Variable Unit Value 

𝒅𝒇 m 0.01 

𝑹𝒎 m-1 2.29×109 

𝜿 - 1 

𝝆𝒄 kgm-3 1400 

𝝆𝒍 kgm-3 842 

𝝈𝒍 Nm-1 2.239×10-4 

𝝁 Pa s 1.4×10-3 
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the sake of better generalization of the model but is not expected to have a significant effect in 

the studied case. As the dissolution tester maintains a constant dissolution temperature (𝑇𝑑) of 

37 °C, the temperature dependence of the solubility is neglected.  

Along with the PBE, the mass balance for the solute concentration was formulated with 

the initial condition of 𝑐𝑑(0) =  0.  

𝑑𝑐𝑑
𝑑𝑡
= 3𝜌𝑐𝑘𝑣∫ 𝐷(𝜎𝑑 , 𝐿)𝐿

2𝑛(𝐿, 𝑡)𝑑𝐿
∞

0

 (60) 

where 𝑐𝑑  denotes the ASA concentration in the dissolution medium. From Eq. (60), the 

dissolution curve was obtained as 

𝐷𝑅(𝑡) =
𝑐𝑑(𝑡)(𝑚𝑐 + 𝜌𝑑𝑉𝑑)

𝑚𝑐
∙ 100 (61) 

where 𝑚𝑐, 𝑉𝑑 and 𝜌𝑑 correspond to the sample mass [kg], the volume of the dissolution medium 

[m3] and the density of the dissolution medium [kg m-3]. The values of these parameters were 

chosen based on the experimental method (Section 3.2.1.4) and summarized in Table 4.4. 𝐷𝑅 

[%] is the dissolved ratio, expressed as the percentage of the total sampled mass. Corresponding 

to the experiments, the dissolution was modeled for 𝑡𝑑,𝑚𝑎𝑥= 120 min, and in the integrated 

simulations, the time needed to reach the 85 % 𝐷𝑅 (T85) was also calculated. 

Similar to the crystallization model, a semi-

discrete implementation of an HR-FVM was used for 

solving the PBE using the same computational grid. 

The parameter estimation was performed using the 

calibration powder samples summarized in Table 3.7 

and using the root mean square error (RMSE) 

between the measured and calculated concentration 

values as an objective function (𝑂(𝑘𝑑 , 𝑑, 𝑝1, 𝑝2)𝑑). 

𝑂(𝑘𝑑, 𝑑, 𝑝1, 𝑝2)𝑑 =
√
∑ (𝐷𝑅,𝑗 − 𝐷𝑅,𝑚,𝑗)

2𝐾𝑑
𝑗=1

𝐾𝑑
 (62) 

where 𝐷𝑅,𝑚,𝑗 and 𝐾𝑑  denote the measured dissolved ratio and the total number of the sampled 

time points, respectively.  

For the sake of simplicity in the integrated simulation, it was assumed, that the dissolution 

of the ASA capsules is mainly affected by the varying ASA particle sizes, that is the presence 

of the capsule shell causes a constant retarding effect. This assumption was also supported by 

Table 4.4 Constants of the in vitro 

dissolution model. 

Variable Unit Value 

𝒎𝒄 mg 100 

𝑽𝒅 mL 900 

𝝆𝒅 kg m-3 1000 

𝒕𝒅,𝒎𝒂𝒙 min 120 

𝑻𝒅 °C 37 

𝒄𝒅
∗

 
[g ASA 

/g solution] 
3.98×10-3 
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the measured dissolution curves (see Section 5.1.3). Therefore, the model for the dissolution of 

the capsules was modified only by considering a linear relationship between the powder 

dissolution rate (𝐷(𝜎𝑑 , 𝐿)), that is multiplying 𝐷(𝜎𝑑 , 𝐿) with a constant retarding factor. Once 

𝐷(𝜎𝑑 , 𝐿) was determined based on the powder dataset, the retarding factor was also estimated 

based on the experimental capsule dissolution curves (by minimizing the difference between 

the measured and simulated curves). Further, more detailed studies will be conducted in the 

future when the relationship between the powder and capsule dissolution is more complex, e.g. 

when considerable lag time also need to be accounted in the model due to the presence of the 

capsule shell, or the effect of excipients also need to be accounted.  

4.1.5 Integrated continuous crystallization and filtration 

For the integration of the crystallization and filtration model, outputs of the crystallization 

model, namely the CSD, solid concentration (𝑐𝑠) and the slurry flow rate (𝐹) were used as input 

for the filtration model, which were used to estimate the filterability of the slurry by determining 

the filtrate flow rate, filtration time and residual moisture content of the cake.  

The automated batch filtration device used in the experiments (Section 3.2.1.3, [112, 113, 

115]) served as the basis of the continuous filtration model, where a filtration carousel, that is 

a rotating multi-port filtering body enables the quasi-continuous operation. For modeling 

purposes, the real multi-port operation was simplified, and a rotating body with only three ports 

was assumed: the buffering port, where the slurry coming from the MSMPR crystallizer is 

collected, the filtration port, where the filtration and deliquoring happens and finally the port, 

where the filtered cake is discharged (see Figure 4.2). The continuous mode is controlled 

through the rotation time (𝑡𝑟𝑜𝑡), which is defined as the time spent at each port (same for each 

port and kept constant during a filtration process). At the buffering stage, the output of the 

MSMPR model (slurry properties) is averaged over the rotation time. At the filtration port, the 

batch filtration model is run (Section 4.1.3) for 𝑡𝑟𝑜𝑡  time with the mean CSD, solid 

concentration and flow rate value calculated at the end of the previous buffering stage. During 

each batch, both the filtration and deliquoring phase was modeled dynamically, that is, 𝑄, 𝐹, 

𝑀, 𝐿𝑐 was determined for each time point of the simulation, performing filtration from the start 

of the batch until 𝑡𝑓 and deliquoring until 𝑡𝑟𝑜𝑡 is reached. Then, at the discharge port, the 

previously filtered cake is discharged with a constant flow rate. The execution of the 

consecutive modeling steps is controlled by comparing the rotation time (𝑡𝑟𝑜𝑡) to the simulation 

time (𝑡𝑠𝑖𝑚) at each simulation time point and defining the cycle number (Cycle No), which 

determines when the operation of the ports has to be reset.  
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Figure 4.2 Continuous filtration model integrated with the crystallizer model. 

 

4.1.6 Integration of the unit operations into a flowsheet model 

After developing the mathematical models of the unit operations as described in Section 

4.1.1-4.1.4, the integrated process model was constructed. To decrease the computational 

demand of the simulations, first only the integrated continuous crystallization-filtration steps 

were studied. Then, it was assumed that appropriate filtration and drying occur and the moisture 

content of the ASA powder can be neglected, i.e. the integrated continuous synthesis and 

crystallization was studied, connected directly with the in vitro dissolution prediction model as 

illustrated in Figure 4.3.  

 

Figure 4.3 Dynamic flowsheet model of continuous ASA production. 
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The properties of the reaction mixture were calculated by the synthesis model. The flow 

rate after quenching (𝐹𝑞) is used for calculating the necessary flow rate of the antisolvent to 

obtain the defined antisolvent-solvent volume fraction (𝑣). For simplicity, the antisolvent-

solvent volume ratio (𝐴𝑆) is used further as an operating parameter, from where 𝑣 is obtained 

as 

𝑣 =
𝐴𝑆

𝐴𝑆 + 1
 (63) 

and consequently, the flow rate in the crystallizer is calculated:  

𝐹𝑐 = 76𝐹𝑞 + 76𝐹𝑞 ∙ 𝐴𝑆 (64) 

As can be seen in Section 3.2.1, the synthesis and the crystallization experiments were 

conducted at a different scale, being the volume of the acetylation and quenching tube 4.19 and 

0.89 mL, respectively, compared to the 235 mL MSMPR working volume. Therefore, 𝐹𝑞 was 

multiplied by 76, which was found in preliminary studies to fit the experimental crystallization 

flow rates. Experimentally, this could mean that the synthesis is performed by using 76 parallel 

tubes.  

The ASA concentration in the quenched reaction mixture was used to calculate the 𝑐0 inlet 

concentration in the crystallizer: 

𝑐𝑖𝑛 =
𝑐𝑞,𝐴𝑆𝐴

𝐴𝑆 + 1
 (65) 

(In the synthesis models, molar concentrations are calculated, whereas in the crystallization step 

these were converted into kg m-3.) For the integrated simulations, the crystallization model was 

amended to also take into account the possible effect of the impurities (considering the sum of 

𝑐𝑞,𝐴 and 𝑐𝑞,𝐵) on the crystallization kinetics. It is important to note, that we have no 

experimental data about the impurities influencing the crystallization, that is, this aspect of the 

study is purely for simulation purposes. However, the available literature suggests, that for 

example, Impurity B (acetylsalicylic anhydride) may have an impact on the crystallization 

kinetics of ASA [233, 234]. The crystal growth in the presence of the impurity was described 

using the model of Kubota and Mullin [235, 236], where the impurities are assumed to be 

absorbed in kink sites with a pinning mechanism and with increasing surface coverage, which 

results in the linear decrease in the step velocity. By using the Langmuir adsorption isotherm, 

the step velocity can be related to the impurity concentration of the solution and with the 

assumption that the growth rate is proportional to the step velocity, the expression of the growth 

rate (Eq. (29) is modified to 
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𝐺(𝜎𝑐, 𝑇𝑐, 𝑐𝑖) = 𝐺(𝜎𝑐, 𝑇𝑐) ∙ [1 −
𝛼𝐾𝐾𝐿𝑐𝑖
1 + 𝐾𝐿𝑐𝑖

] (66) 

where 𝐾𝐿 [kg m-3] denote the Langmuir constant and 𝛼𝐾 [-] is the effectiveness factor, that 

indicates how efficiently the impurity inhibits the crystal growth. When 𝛼𝐾 >1, the growth rate 

decreases fast to reach 0 even at small 𝐾𝐿𝑐𝑖 values, at 𝛼𝐾  =1 the growth rate approaches zero 

asymptotically, while for 𝛼𝐾 <1 it approaches a non-zero value. Although different impurity 

species can exhibit different effectiveness, for simplicity, in this study Impurity A and B were 

treated together. Consequently, the impurity concentration 𝑐𝑖 was expressed as: 

𝑐𝑖 = 𝑐𝑞,𝐴 + 𝑐𝑞,𝐵 (67) 

As there were no experimental data available to estimate 𝐾𝐿 and 𝛼𝐾, different values were 

tested in sensitivity analysis to investigate their effect on the integrated model.  

As it was assumed that the moisture content of the ASA powder can be neglected after 

filtration and drying, the mass flow rate of the ASA powder (�̇�) can be directly calculated from 

the crystallization model: 

�̇� = 𝐹𝑐 ∙ 𝑐𝑠 (68) 

where 𝑐𝑠 denotes the solid concentration in the crystallization slurry. The dissolution model 

constantly performed the surrogate dissolution test with an 𝑚𝑐 sample mass every time a 

predefined 𝑚𝑝𝑟𝑜𝑑 product mass is collected from the continuous line. The CSD of the sample 

is the average of the CSDs calculated by the crystallization during the timeframe of the 

intermittent product collection. In this work, the value of 𝑚𝑝𝑟𝑜𝑑 was set to 1000 mg, which 

means the dissolution testing after 10 dosage units, however, it can be set to any arbitrary value 

e.g. to fit the sampling frequency requirements of the regulatory guidelines.  

4.2 Simulation case studies on the integrated flowsheet model  

4.2.1 Integrated continuous crystallization and filtration 

A 2(6-1) central composite design was performed to explore the impact of six parameters on 

the filterability, namely the solid concentration of the slurry (𝑐𝑠 [kg m-3]), the geometric mean 

diameter (𝑑𝑣𝑔[μm]) and the geometric standard deviation (𝜎𝑔 [-]) of the fitted lognormal 

particle size distribution as well as the transfer flow rate (𝐹𝑐 [ml min-1]), which is equal to the 

MSMPR flow rate, filter rotation time (𝑡𝑟𝑜𝑡 [s]) and filtration pressure drop (∆𝑃 [Pa]). The 

factorial design was created and evaluated using Statistica 13 (TIBCO Software Inc., USA). 

 The design included 46 simulation runs: 2 center points, 32 cube points, 12 star points 

with a distance of 2.3784 from the center of the design space to a star point to ensure the 
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rotability of the design. The examined factor levels are summarized in Table 4.5. The range of 

the factors was chosen to fit the operation ranges (𝐹, ∆𝑃, 𝑡𝑟𝑜𝑡) of the experimental setup and 

the expected slurry properties (𝑐𝑠, 𝑑𝑣𝑔, 𝜎𝑔). As outcomes, the specific cake resistance, mean 

filtrate flux, total filtration time, cake porosity and height and the residual moisture content was 

calculated. Besides the factorial design, the parameters were also studied by changing one factor 

at a time in an extended region, while the other parameters were kept constant at the central 

point of the design. With this, the maximum applicable transfer flow rates and viable crystallizer 

and filter settings could be determined.  

For the experimental validation of the filtration and the integrated crystallization-filtration 

model, the simulation settings were set exactly like the experimental settings (Table 3.4-Table 

3.6). In the case of the integrated crystallization- filtration simulations, the slurry properties (𝑐𝑠, 

CSD) are obtained directly from the crystallization simulation. 

Table 4.5 Factor level settings used in the central composite design. 

 
Star point-

low 

Cube points-

low 

Central 

point 

Cube points- 

high 

Star point- 

high 

𝒄𝒔 [kg m-3] 5 9.35 12.5 15.65 20 

𝒅𝒗𝒈 [μm] 5 12.24 17.5 22.76 30 

𝝈𝒈 [-] 1.5 2.08 2.5 2.92 3.5 

𝑭 [ml min-1] 5 9.35 12.5 15.65 20 

𝒕𝒓𝒐𝒕 [s] 5 20.94 32.5 44.06 60 

∆𝑷 [Pa] 10 000 33 182 50 000 66 818 90 000 

 

4.2.2 Optimization of the integrated ASA process line 

Optimization studies of the standalone synthesis, crystallization, as well of the integrated 

process were performed and compared. The optimization of the synthesis steps was conducted 

by calling the fmincon optimization function of Matlab® with the default interior-point 

algorithm. The integrated flowsheet model was optimized in the Simulink Design Optimization 

Toolbox, where the sequential quadratic programming algorithm was used. The default 

maximum iteration of 100 and tolerance limits of 1×10-3 were used. The optimizations were 

run from multiple initial points to check the performance of the algorithm. The default values 

were found to provide satisfactory results (i.e. the same optimum was reached from different 

initial points), therefore the effect of the optimization algorithms was not studied further. 

For the synthesis, five process parameters were chosen to be optimized: the temperature of 

the acetylation (𝑇𝑎) and quenching reactor (𝑇𝑞), the amount of AA (𝐴𝐴𝑒𝑞) and EtOH (𝐸𝑡𝑂𝐻𝑒𝑞) 

expressed as the mole equivalent of the initial SA and the residence time in the acetylation 
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reactor (𝜏𝑎), which, together with 𝐴𝐴𝑒𝑞 and 𝐸𝑡𝑂𝐻𝑒𝑞, determines the residence time in the 

quenching reactor, too. Additionally, the constraint of 𝐸𝑡𝑂𝐻𝑒𝑞 ≥ 𝐴𝐴𝑒𝑞 was used to ensure that 

the quenching reactor can result in the total decomposition of AA. One of the objectives during 

the optimization was to obtain the highest conversion (𝑋𝑆𝐴) of SA at the end of the synthesis 

(as the objective function, -𝑋𝑆𝐴 was minimized): 

𝑋𝑆𝐴 [%] =
𝑐𝐴𝑆𝐴 + 𝑐𝐴 + 𝑐𝐵

𝑐𝑎,𝑆𝐴
0 ∙ 100 (69) 

Additionally, the purity (𝑃) of the obtained reaction mixture was also calculated as: 

𝑃 [%] =
𝑐𝐴𝑆𝐴

𝑐𝐴𝑆𝐴 + 𝑐𝐴 + 𝑐𝐵 + 𝑐𝑆𝐴
∙ 100 (70) 

When the crystallization and the integrated continuous manufacturing line was studied, the 

crystallization operation parameters of T𝑐 and 𝐴𝑆 were also included as decision variables. In 

this case, the overall productivity [g h-1], the mean particle size (D[1,0], i.e. the arithmetic 

number mean of the CSD) was aimed to be maximized (the objective function summarized the 

overall productivity [g h-1] and mean particle size (D[1,0]) without further weighting). 

Furthermore, it was aimed that immediate release dissolution is achieved, therefore a 

conditional optimization with T85 (i.e. the dissolution time necessary for the dissolution of the 

85 % of the API) ≤15 min criterium was also used. 

As 𝜏𝑎, 𝐴𝐴𝑒𝑞, 𝐸𝑡𝑂𝐻𝑒𝑞 and 𝐴𝑆 are optimized, and the crystallizer was assumed to be 

operated in a constant volume, the residence times in the quenching reactor (𝜏𝑞) and the in the 

crystallizer (𝜏𝑐) are also defined by these parameters, that is remained no freedom to 

independently vary 𝜏𝑐 during the optimization. Consequently, for comparability with the 

integrated process, even in the stepwise optimization case, 𝜏𝑐 was not handled as a decision 

variable. 

4.2.3 Sensitivity analysis of the integrated ASA process line 

Two separate sensitivity analysis studies were conducted to analyze the effect of 

uncertainty of the operational parameters (the parameters used in the optimization studies) as 

well as the kinetic parameters on the CQAs. For the latter, 11 parameters were used: the 𝑘1, 

𝑘3, 𝑘4, 𝑘5, 𝑘7 and 𝑘7𝑟 reaction rate constants, 𝑘𝑏, 𝑘𝑔, 𝐾𝐿 and 𝛼𝐾 of the crystallization model 

and 𝑘𝑑 for the dissolution process.  

For screening and ranking the importance of the parameters, the Morris method - also 

called the elementary effect test [237, 238] - was used, which is a multiple-start, global 
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perturbation method. Perturbation methods vary (perturb) the input factors (�̅�1,… �̅�𝑖 ,…, �̅�𝑁) 

one-at-a-time (OAT) from the nominal value and quantify their effect on the 𝑔 scalar output by 

calculating the partial derivatives. As the analytical form of the input-output relationship is 

rarely known, this is approximated by the finite differences: 

𝐸𝐸𝑗 =
𝑔(�̅�1, … , �̅�𝑖 + ∆𝑖, … , �̅�𝑁) − 𝑔(�̅�1, … , �̅�𝑖, … , �̅�𝑁)

∆𝑖
𝑐𝑖 (71) 

where (�̅�1, … , �̅�𝑖 + ∆𝑖, … , �̅�𝑁) denote the 𝑖th perturbation and 𝑐𝑖 is a scaling factor to 

facilitate the comparison of the input factors having different units. In the Morris method, this 

finite difference is called the elementary effect (EE). To make the method global, i.e. to consider 

the variation within the entire variability space of the input parameters, 𝑟 EEs are computed 

within the input space and the mean (𝜇𝑀) and standard deviation (𝜎𝑀
2 ) of the EEs’ distribution 

function are used as sensitivity indices: 

𝜇𝑀 =
1

𝑟
∑𝐸𝐸𝑗
𝑟

𝑗=1

 (72) 

𝜎𝑀
2 =

1

𝑟 − 1
∑(𝐸𝐸𝑗 − 𝜇𝑀)

2
𝑟

𝑗=1

 (73) 

To assess the sensitivity of the output to the inputs, 𝜇𝑀 and 𝜎𝑀
2  are analyzed in parallel. A 

high 𝜇𝑀 value indicates the high influence of the given input factor and a high 𝜎𝑀
2  means that 

the sensitivity changes across the variability space, which can be either caused by a non-linear 

effect or because of the interaction with the other factors. In this work, the productivity, D[1,0], 

T85, the impurity and ASA concentration after quenching and the solid concentration of 

crystallization were used as 𝑔 outputs. 

Several strategies exist for the selection of the �̅�𝑖 sampling points and ∆𝑖 variations, which 

are discussed in detail elsewhere [237]. In this work, the radial design OAT sampling strategy 

[239] was used where the ∆𝑖 variations were taken from the same �̅�𝑖 points, selected based on 

a Latin Hypercube.  

As the calculation of one EE (Eq. (71)) requires (𝑁 + 1) model evaluations, a total of 

𝑟(𝑁 + 1) simulations are required for performing the Morris analysis, which is computationally 

cheap compared to other, e.g. variance-based global sensitivity analyses. As a rule of thumb, 

the number of 𝑟 is usually advised to be around 10-100𝑁 to reach convergence and obtain the 

indices with satisfactory confidence intervals for ranking. This was reached using 125 EEs in 

the analysis of the operational parameters (meaning a total of 1000 model evaluations), whereas 
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the sensitivity of the kinetic parameters was studied using 40 EEs (480 total simulations). All 

the calculations related to the sensitivity analysis (sampling, calculation of Morris indices, 

confidence intervals, and the analysis of convergence) were performed in MATLAB using the 

SAFE toolbox [240, 241]. 

4.3 Data analysis methods used for the evaluation of the downstream processing and 

tablet quality 

Statistica 13 (TIBCO Software Inc., USA) was used to create and evaluate the DoEs, to 

perform the analysis of variance (ANOVA) and the response surface fittings. All spectroscopic 

data analyses, including preprocessing, qualitative and quantitative model building were 

performed in MATLAB 2015a (MathWorks, USA) using the PLS Toolbox 7.8.2. (Eigenvector 

Research, USA). Artificial Neural Networks were created using Neural Network Toolbox 8.3. 

(MathWorks, USA). Weibull models were fitted to the measured dissolution profiles using the 

DDSolver extension [242] in Microsoft Office Excel (Microsoft, USA). 

4.3.1 PAT in an integrated continuous powder blending and tableting process 

ANOVA and response surface methods were applied to evaluate the effect of the 

experimental factors on the crushing strength and friability of the tablets produced in the DoE 

detailed in Section 3.2.2.1, then PCA was applied as an exploratory data analysis method to 

investigate and compare the influence of the experimental factors on the NIR and Raman 

spectra. A PLS regression model was developed for the simultaneous determination of caffeine 

content in blends and tablets using the backscattering and transmission spectra. PLS models 

were also developed for the quantification of MgSt content and tableting compression force, 

using the spectra of 20 tablets from each DoE runs. 

During PCA and PLS modeling coordinate transformation was performed on the original 

n×λ sized dataset (where n is the number of spectra used for the calibration and λ is the number 

of variables, i.e. wavenumbers). In the case of PCA, the new variables (principal components, 

PCs) combine the original variables in a way that they are orthogonal to each other and the first 

few variables describe the possible highest variance in the dataset. Compared to this, in PLS 

the new variables (latent variables, LVs) aim to maximize the covariance with the dependent 

variables.  

Before chemometric model building, all spectra were pre-processed, and different 

combinations of pre-processing methods and spectral ranges were tested to achieve good fitting. 

In the case of Raman spectra, Automatic Whittaker Filter baseline correction (with asymmetry 

parameter p=0.001 and smoothing parameter of λ=105), normalization to the unit area and mean 
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centering were applied. For the correction of NIR spectra, Savitzky-Golay first and second 

derivatives (17 points/window, second-order smoothing), standard normal variate (SNV), 

extended multiplicative scatter correction (EMSC) and mean centering were tested.  

In the case of the calibration for caffeine content determination, a 10-fold venetian blind 

cross-validation was performed, which was found to be an appropriate cross-validation method 

as the calibration dataset consisted of a high number of spectra, and the replicate measurements 

were ordered randomly. For the calibration of the MgSt content and compression pressure, 

contiguous blocks cross-validation was performed leaving out all the spectra of an experimental 

run at each validation step. For the characterization of the model goodness, the coefficient of 

determination (R2), the root mean square error of calibration and cross-validation 

(RMSEC/RMSECV) and the bias of the calibration and cross-validation curve were used. The 

optimal model settings (spectral range, pre-processing method, the number of PCs/ LVs) were 

determined by aiming to minimize the RMSE and to maximize the R2 values. After model 

building, additional test tablets from the DoE and continuous runs were used as external 

validation samples to determine the error of prediction (RMSEP). Details about the theoretical 

background of the PCA and PLS modeling, pre-processing, cross-validation methods and 

model goodness characteristics are discussed in Section A.1 of the Appendix. 

4.3.2 In vitro dissolution surrogate modeling 

Four modeling strategies (Weibull-PLS, Weibull-RS-PLS, Direct PLS, Direct ANN) were 

tested and compared to predict the in vitro dissolution of the caffeine tablet formulation detailed 

in Section 3.2.3. The process of the prediction by the surrogate models are illustrated in Figure 

4.4 and detailed in the next subsections. 

In the case of each method, 160 tablets were used for the calibration of the model (10 tablets 

per run from the DoE Run 1-16 experiments (Table 3.10)), and the samples of Valid 1-Valid 5 

runs were used for external validation, to characterize the predictive force of the models. The 

training dataset consisted of the NIR and Raman spectra of each intact tablet and the dissolution 

curves of the same tablets measured by the USP dissolution method. The applicability of the 

NIR and Raman spectra were also compared for each modeling strategy. 

Before building predictive models, the spectra were pre-processed, and different spectral 

regions were inspected the same way as described in Section 4.3.1. PCA was also utilized as a 

preprocessing step to reduce dimensionality before building the ANNs. When a PLS model was 

a part of the surrogate model, contiguous blocks cross-validation was performed leaving out all 

the 10 spectra of an experimental run at each validation step and the coefficient of 
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determinations (R2
C, R2

CV, R2
P) and the root mean square errors (RMSEC, RMSECV, RMSEP) 

were also calculated for the calibration, cross-validation and the external validation samples. 

 

Figure 4.4 The process of the dissolution prediction with the different in vitro dissolution surrogate 

modeling strategies. 

 

The model performances were characterized by calculating the f1 difference and f2 

similarity factors between the dissolution curves measured with the USP dissolution method 

and the calculated curves [243]: 

𝑓1 =
∑ |𝑅𝑡−𝑇𝑡|
𝑛
𝑡=1

∑ 𝑅𝑡
𝑛
𝑡=1

∙ 100  (74) 

𝑓2 = 50 ∙ log (100 ∙ √
1

1+
1

𝑛
∙∑ (𝑅𝑡−𝑇𝑡)2
𝑛
𝑡=1

)  (75) 

where 𝑅𝑡 and 𝑇𝑡 refer to the reference (measured) and the calculated dissolution value 

(expressed as the percentage of the target API concentration), respectively, at the 𝑡 sample time 

point, and 𝑛 is the number of the sampling time points. The values of these measures range 

from 0 to 100, the lower f1 and the higher f2 values show better agreement between the measured 

and predicted dissolution curves. According to the authority guidelines [244, 245], two 

dissolution curves are declared similar if the f1 value is below 15 and f2 is above 50. In this 

work, however, it was not the ultimate aim to achieve these limits, but only to compare the 

performance of the models via these metrics.  
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The model performances were further compared by using the mean RMSE (mRMSE) 

between the measured and calculated dissolution curves (i.e. calculating the RMSE values for 

each time point of the dissolution curve and averaging them).  

4.3.2.1 Dissolution prediction strategy using the Weibull model 

Two of the modeling strategies (Weibull-RS-PLS and Weibull-PLS) are based on fitting a 

dissolution model on the dissolution curves using the least squares method and predicting the 

parameters of this model from the NIR and Raman spectra. During preliminary studies, several 

dissolution models were tested to find the best fitting release model, such as zero and first-order 

kinetics, the Higuchi and  Korsmeyer-Peppas model [243] but the Weibull model was found 

the most suitable method based on the R2 and mean square error of the fit and the visual 

comparison of the fitted and measured curves.  

The Weibull model is applicable for all kinds of dissolution curves (e.g. immediate and 

extended-release), expressed by the general empirical equation: 

𝐷𝑅(𝑡) = 𝐹𝑚𝑎𝑥 ∙ (1 − 𝑒
−
(𝑡−𝑇𝑖)

𝛽

𝛼𝑊 ) (76) 

where 𝐷𝑅 is the dissolved API concentration at the 𝑡 time point, 𝐹𝑚𝑎𝑥 denotes the maximum 

achievable API concentration (considering infinite measurement time), 𝛼𝑊 defines the time 

scale of the process, 𝛽 is the shape parameter and 𝑇𝑖 denotes the lag time before the onset of 

the dissolution. In this study, 𝑇𝑖 was set to 0 as no lag time was observed during the dissolution 

and only three parameters (𝐹𝑚𝑎𝑥, 𝛼𝑊 and 𝛽) were estimated. 

Eq. (76) was also applied in its linearized form (Eq. (77)), as in this case the magnitude of 

log 𝛼𝑊 matches the other estimated parameters, which is advantageous for the modeling.   

log (− ln (1 − 
𝐷𝑅(𝑡)

𝐹𝑚𝑎𝑥
)) = 𝛽 ∙ log(𝑡 − 𝑇𝑖) − log 𝛼𝑊 (77) 

For interpretation of the 𝛼𝑊 parameter, the 𝑇𝑑 dissolution time can be introduced, 

representing the time necessary to dissolve the 63.2 % of the drug present in the dosage form: 

𝛼𝑊 = 𝑇𝑑
𝛽

 (78) 
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To interpret the 𝛽 shape parameter, 3 

distinct cases can be differentiated, as 

demonstrated in Figure 4.5: 𝛽 = 1 represents an 

exponential release profile, 𝛽 < 1 refers to a 

parabolic profile, with a higher initial slope and 

after that consistent with the exponential. The 

dissolution profile with 𝛽 > 1 is a sigmoid, S-

shaped profile with upward curvature, followed 

by a turning point. 

For the Weibull-RS-PLS strategy, first, the 

𝐹𝑚𝑎𝑥, log 𝛼𝑊 and 𝛽 parameters were fitted to the measured dissolution curves and their 

relationship with the tablet DoE factors (API, PEO concentration and tableting compression 

force (CF)). This was done by conducting ANOVAs to determine the significant factors on the 

three Weibull parameters (at 95 % confidence level) and fitting a response surface for each 

parameter using the significant terms. For this, the linear and quadratic terms, as well as the 

linear interactions were considered. To determine the factors, PLS models were built using the 

Raman and NIR spectra. That is, to predict the in vitro dissolution of new tablets using the 

Weibull-RS-PLS strategy, first the API and PEO concentration and the CF need to be 

determined using the spectra and the PLS models (or the CF registered by the tableting machine 

can be utilized). In the second step, these values are substituted into the response surfaces to 

obtain the Weibull parameters. Finally, by substituting the Weibull parameters into the Weibull 

equation (Eq. (76)), the dissolution curve is obtained at the desired time points.  

The Weibull-PLS surrogate modeling strategy is also based on the fitting of the Weibull 

model on the dissolution curves. However, instead of establishing the relationship between the 

operational parameters and the Weibull parameters as in the Weibull-RS-PLS strategy, 

individual PLS models were developed to directly predict the 𝐹𝑚𝑎𝑥, log 𝛼𝑊 and 𝛽 parameters 

from the Raman and NIR spectra. That is, for the dissolution prediction of new tablets, the 

Raman or NIR spectra need to be recorded, which are used to predict the 𝐹𝑚𝑎𝑥, log 𝛼𝑊 and 𝛽 

by the three PLS models, followed by the calculation of the dissolution curve for the desired 

sampling points using Eq. (76).  

Figure 4.5 Graphical representation of the 

effect of 𝛽 parameter when 𝐹𝑚𝑎𝑥 = 100 

and 𝑇𝑑 = 20 𝑠. 
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4.3.2.2 Direct PLS 

PLS regression models were developed to directly predict the extent of the dissolution at 

each measurement time point from the spectra.  

The PLS models were built by using multiple Y variables, which were the dissolution 

values at the 35 dissolution time points handled simultaneously. This is often referred to as the 

PLS2 algorithm, which also accounts for the covariance between the different Y variables. This 

approach could be superior to building individual PLS models when the Y variables are highly 

correlated, which is the case when dissolution throughout different time points is measured. 

However, the method is limited, because the Y loadings (weights of the original variable when 

calculating the latent variables) are still calculated individually for each Y variable. Moreover, 

PLS2 cannot effectively handle the non-linear relationship between X and Y, especially when 

the non-linearity is different for each Y variable and the model cannot be optimized individually 

for each Y variable [21]. During model building, individual RMSECV values were obtained for 

each dissolution time point and the number of necessary latent variables in the model was 

determined by minimizing the mean RMSECV (mRMSECV) value. 

4.3.2.3 Direct ANN 

In a different approach, artificial neural networks were built to predict the extent of the 

dissolution at each measurement time point directly from the spectra. Three-layer artificial 

neural networks were composed, including one input, one output and one hidden layer, as 

according to the universal approximation theorem, such structure can approximate any 

continuous functions with finite node number [246]. Feedforward fully connected neural 

networks were developed, that is each neuron was connected to every neuron in the previous 

layer, each connection had its own weight, and the information moved only forward from the 

input to the output neurons through the hidden nodes, without any loops within the network. 

Based on preliminary optimization studies, hyperbolic tangent sigmoid and linear transfer 

functions were utilized in the neurons of the hidden and output layers, respectively. For general 

information about the ANN modeling technique, the reader is referred to detailed review papers 

about the topic [204, 205, 247] and Section A.1.4 of the Appendix.  

During training, the 160 calibration spectra- in vitro dissolution curve pairs were further 

divided randomly into training, validation and internal test samples in a 70-15-15 % ratio, 

respectively, and this division was applied for optimization during the training process.  
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The input variables of the ANNs were the scores obtained by the PCA analysis of the 

spectra, i.e. the number of the input neurons corresponded with the number of the selected PCs. 

The necessary number of PCs was determined for all the different spectroscopic methods 

individually before ANN modeling. The PCA model also served as an outlier detection 

technique by observing the Q Residual and Hotelling T2 values of the models. The Q Residual 

is the difference between the sample and its projection to the PCA space and the Hotelling’s T2 

describes the variation inside the model [248]. In other words, a high Q Residual indicates an 

unusual variation outside the model, e.g. a sample from a different distribution than used for 

calibration, while a high Hotelling’s T2 could be resulted e.g. by a model extrapolation. As these 

measures are sensitive to the total number of the variables in the model and the spectral 

preprocessing methods, the reduced statistics were used for comparison, which is the original 

statistic divided by the calculated confidence limit at 95 % level. All the networks had 35 output 

neurons, corresponding to the dissolution values in the 35 sampling points, that is each ANN 

predicted the whole dissolution curve. The developed ANN is illustrated in Figure 4.6. 

 

Figure 4.6 Artificial neural network for dissolution prediction. 

 

As the training set was randomly divided into subsets, as well as the weight and bias 

initialization method (Nguyen-Widrow layer initialization function) contained a degree of 

randomness. Therefore, a bootstrap resampling technique with 1000 iteration was implemented 

to estimate the actual distribution of the ANN model results and calculate confidence intervals. 

This means that 1000 bootstrap sample sets were generated from the training set, subsequently, 

1000 ANN models were built, and the test samples were predicted with all of these models. The 

confidence interval endpoints at 95 % confidence level were the estimates of the 2.5 and 97.5 

percentiles of the obtained predicted dissolution curves.  

The MSE was used as a training performance characteristic and the Bayesian-

regularization algorithm updated the weights and bias values during the training, which is 



80 

 

known to provide good generalization and more robust results [249]. The MSE values were 

also converted to RMSE for the training and internal tests for better comparison with the other 

modeling strategies. The effect of the number of neurons within the hidden layer was studied 

through the obtained f1 and f2 values. 
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5 RESULTS AND DISCUSSION 

5.1 Parameter estimation of the integrated flowsheet model units 

Before the integrated modeling of the upstream manufacturing process, it was necessary to 

fit the model of each unit operations based on the available experimental data. For this, the 

parameters of the models detailed in Section 4.1.1, 4.1.2 and 4.1.4 were estimated. This section 

discusses the results of the parameter estimation of the synthesis, crystallization and in vitro 

dissolution testing. It is also worth mentioning, that the developed filtration model does not 

have such parameters that need to be estimated from filtration experiments.   

5.1.1 Flow synthesis  

The parameter estimations were performed using different combinations of the possible 

kinetics (e.g. accounting or neglecting the reversibility of a reaction) and reaction schemes (e.g. 

considering the different possible reactions (Eq. (1a)- (1d) during acetylation) kinetic model 

structures to find the best fit to the experimental results. In the case of the acetylation process, 

the models also used different experimental data (batch or continuous). Table 5.1 summarizes 

the considered kinetic models for acetylation and the obtained errors for the batch (𝐸𝑟𝑟𝑜𝑟𝑏) and 

continuous (𝐸𝑟𝑟𝑜𝑟𝑐) validation samples. These errors were calculated the same way as 

𝑂(𝐷)𝑏𝑎𝑡𝑐ℎ and 𝑂(𝐷)𝑐𝑜𝑛𝑡 during the parameter estimation (see Eq. (20, 21)) with the exception 

that for the continuous validation data, 𝑤 = 0 was applied in Eq. (21), that is the nMSE values 

of the ASA, SA and impurity concentration predictions were summarized. Comparing Model 1 

and 2, it is apparent that both models utilize only the batch calibration data, however 𝐸𝑟𝑟𝑜𝑟𝑏 

and 𝐸𝑟𝑟𝑜𝑟𝑐 were significantly lower than in Model 2. This was caused by the difference in 

accounting for the formation of Impurity A: while Model 1 assumed that the formed ASA takes 

part in subsequent acetylation (Eq. (1b)), it was found that the simulations fit better the 

experimental data when Impurity A is assumed to be produced by the double acetylation of SA 

with the excess AA (Eq. (1d)). Therefore, in further investigation only the latter route was 

accounted for.  
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Table 5.1 Estimated kinetic parameters and validation errors for the acetylation with different model 

structures (95 % confidence intervals are in parenthesis). 

 Model 1 Model 2 Model 3 Model 4 

Dataset batch batch continuous 
batch+ 

continuous 

Reaction 

schemes 

Eqs. (1.a, 1.b, 

1.c) 
Eqs. (1.a, 1,c, 1.d) 

Eqs. (1.a, 1.c 

(irreversible), 1.d) 
Eqs. (1.a, 1.c, 1.d) 

𝑨𝟏 

6.06×105  

(3.77×104; 

9.76×106) 

4.34×102 

(6.46×101; 2.91×103) 

8.93×103 

(1.23×103; 

6.46×104) 

7.48×102  

(3.28×102; 

1.71×103) 

𝑬𝒂,𝟏 
56313 

(49383; 63244) 

38802 

(34017; 43587) 

48138 

(42684; 53592) 

40172  

(38072; 42273) 

𝑨𝟐 

1.93 

(6.31×10-2; 

5.59×101) 

0 (fix) 0 (fix) 0 (fix) 

𝑬𝒂,𝟐 
28350 

(19283; 37417) 
0 (fix) 0 (fix) 0 (fix) 

𝑨𝟑 

3.54×1016 

(6.06×1014; 

2.07×1017) 

2.83×106 

(6.79×104; 1.18×108) 

6.28×106 

(3.94×10-2; 

9.99×1014) 

1.38×108 

(3.60×10-9; 

5.28×1024) 

𝑬𝒂,𝟑 
124397 

(112501; 136294) 

62468 

(52756; 72180) 

74964 

(20396; 129533) 

70497 

(-33965; 174960) 

𝑨𝒓𝟑 

3.17×10-14 

(6.74×103; 

1.49×10-5) 

4.70×10-4 

(2.31×10-2; 9.58×10-6) 
0 (fix) 

1.59×103 

(8.72×10-2; 

2.89×10-5) 

𝑬𝒂,𝒓𝟑 0 (fix) 0 (fix) 0 (fix) 0 (fix) 

𝑨𝟒 0 (fix) 
2.23×104 

(2.34×103; 2.12×105) 

2.53×104 

(1.72×103; 

3.71×105) 

6.46×104 

(5.02×103; 

8.32×105) 

𝑬𝒂,𝟒 0 (fix) 
53862 

(48025; 59700) 

56114 

(49473; 62755) 

56601 

(49975; 63228) 

𝑬𝒓𝒓𝒐𝒓𝒃 
1.36 

(0.63; 2.29) 

0.79  

(0.41; 1.70) 

0.86 

(0.17; 2.78) 

1.02 

(0.48; 2.15) 

𝑬𝒓𝒓𝒐𝒓𝒄 
95.0 

(73.7; 113.1) 

35.4 

(19.3; 57.6) 

46.8 

(11.8; 97.6) 

42.5 

(23.2; 71.4) 

 

Utilizing the batch or continuous calibration data did not result in such considerable 

changes in the validation error values and the most substantial difference occurred in the 

confidence intervals. Figure 5.1 illustrates the fit of prediction with Model 2-4 to the experiment 

of Abatch Val 2. The same conclusions could be drawn from the other two validation experiments. 

Although at Model 3, the parameter estimation was performed using only steady-state 

concentration data, it is apparent, that it could also describe the dynamics of the batch process 

with comparable accuracy as Model 2. However, the wider confidence intervals indicate a 

higher uncertainty of the parameters, which could be explained by the smaller continuous 

dataset used for the estimations i.e. only steady-state concentrations were available. This also 

appeared in the continuous validation results (Figure 5.2). Model 4, where continuous and batch 
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data were used combined, provided similar results to Model 2 for both the batch and continuous 

validation results, with slightly different confidence intervals, therefore Model 4 is not depicted 

in Figure 5.2. The SA concentrations of the continuous validation experiments were 

overestimated with Model 3, while higher inaccuracies in the ASA content were observed with 

Model 2. However, the trends between the different experimental settings were followed better 

with Model 3, which is the priority for the integrated simulation. Therefore, the kinetic 

parameters of Model 3 were used in the integrated flowsheet model. In 𝑇𝑎=55 °C, the reaction 

rate constants based on the estimated parameters are as follows (in parentheses the confidence 

intervals are given): 𝑘1=1.94 (1.97-1.90) ×10-4 L mol-1 s-1, 𝑘3=7.33 ×10-6 (2.23×10-5, 2.4 ×10-

6)L mol-1 s-1 and  𝑘4=2.96 (2.29-3.80) ×10-5 L2 mol-2 s-1, that is the acetylation of SA is the fastest 

reaction, followed by the formation of Impurity A. 

 

Figure 5.1 Predicted and measured concentration for Abatch Val 2 setting with a) Model 2, b) Model 3, 

c) Model 4. 

 

 

Figure 5.2 Predicted and measured concentrations for the continuous validation acetylation settings 

with Model 2 and 3. 
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Several combinations of the kinetic parameters and reaction schemes were tested for the 

quenching step of the synthesis, however, there were no substantial differences observed in the 

quality of the fit, therefore in Table 5.2, only the final parameters are summarized. It is notable 

that 𝐴6  and 𝐸𝑎,6 are fixed to 0, which is explained by the fact that there was no available 

experimental data about the concentration of the EtOAc, HA and EtOH after quenching. 

However, in preliminary parameter estimation calculations the value of 𝑘6 did not influence the 

concentration of the other components. Therefore, with the assumption that the total 

decomposition of AA completes fast in the quenching reactor, this reaction was neglected. 

Furthermore, having only the limited dataset of continuous steady-state measurements, the 

activation energies were fixed during the preliminary studies to decrease the uncertainty of the 

parameter estimation. The reaction rate constants derived from Table 5.2 at 90 °C are as follows 

(in parentheses the confidence intervals are given): 𝑘5=1.45 (1.16-1.83)×10-3 L mol-1 s-1, 

𝑘7=1.17 ×10-5 (7.79 ×10-6-1.89×10-5)  L mol-1 s-1 and 𝑘7𝑟=2.07 ×10-5 (2.08 ×10-6-2.05×10-4) L 

mol-1 s-1. This shows that the decomposition of Impurity A is a fast process, while the SA-ASA 

transformation is in nearly equilibrium. Figure 5.3 shows that the quenching model could 

predict the concentration variations caused by the different operations of the quenching reactor. 

However, the variability of the calculated ASA concentration was lower than that of the 

experimental values, which indicates that effects associated with the changes in ASA 

concentration might be underestimated when the model is utilized in the flowsheet simulation.  

Although some of the kinetic 

parameters for the synthesis model could 

be estimated with relatively wide 

confidence intervals, which suggest that the 

parameters are correlated and the resulting 

uncertainty space is relatively large, yet the 

nominal values of the parameters were 

found to provide a satisfactorily good 

agreement with the experimental results. 

This shows that by using the nominal 

parameters, the models can be used for further analysis of the operational parameters’ effect. 

To further address the question of the effect of the parameter uncertainty, the kinetic parameters 

were also studied by sensitivity analysis (see Section 5.2.5), to reveal which parameters are 

Table 5.2 Estimated kinetic parameters and 

validation errors for the quenching model (95 

% confidence intervals are in parenthesis). 

Quenching model 

𝑨𝟓 1.44×105 (1.15×105; 1.82×105) 

𝑬𝒂,𝟓 55595 (fix) 

𝑨𝟔 0 (fix) 

𝑬𝒂,𝟔 0 (fix) 

𝑨𝟕 1.49×107 (9.19×106; 2.41×107) 

𝑬𝒂,𝟕 84153 (fix) 

𝑨,𝒓𝟕 8.22×101 (8.27×100; 8.17×102) 

𝑬𝒂,𝒓𝟕 45883 (fix) 

𝑬𝒓𝒓𝒐𝒓 1.90 (1.57; 2.35) 
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critical. In future work, the confidence interval of these parameters could be reduced by utilizing 

more experimental data for the parameter estimation. 

 

Figure 5.3 Predicted and measured concentration for the quenching validation experiments. 

 

5.1.2 Crystallization  

Five different kinetic model structures were built to find the kinetic model and parameter 

combinations that explain the two important experimental observations: firstly, the temperature 

dependence of the CSDs, that is the lower temperatures (Cryst 1 and Cryst 2 experiments) 

provided smaller particles. Secondly, some agglomeration was observed on microscopy images, 

which however was not obvious on the CSD measurements. The temperature dependency can 

be originated from the activation energy of the growth i.e. at low temperature the crystal growth 

is slower and the supersaturation is consumed by nucleation, or, it can come from the crystal 

surface area dependency of secondary nucleation, as the overall crystal mass and surface area 

are higher at low temperature (due to the lower solubility). Agglomeration is also added to some 

of the model structures. 

Table 5.3 summarizes the estimated parameters and their corresponding confidence 

intervals. Model 1 to 4 provided similar error values (0.784-0.723), while Model 5, the only 

model which did not incorporate the activation energy of the crystal growth, had a significantly 

higher value (3.155). The activation energy of crystallization was lower when the crystal 

surface exponent of secondary nucleation was also released (37393 and 35693 vs 124275 and 

97322 J/mol), which is expected as both parameters are estimated from the same CSD features. 

Nevertheless, high estimated  𝐸𝑎,𝑔 values indicate the integration of the molecules into the 

crystal lattice as a growth rate limiting step, that has already been reported for ASA 

crystallization (91211 J mol-1 in the case of cooling crystallization from ethanol) [250]. 
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Table 5.3 Estimated crystallization kinetic parameters with different model structures (95 % 

confidence intervals are in parenthesis). 

 Model 1 Model 2 Model 3 Model 4 Model 5 

𝑶(𝑫) 0.723 0.784 0.770 0.772 3.155 

Param. # 7 5 5 4 3 

𝒌𝒃 

[# m-3 s-1] 

149.6 

(68.5; 326.6) 

1157.64 

(965.14; 

1553.92) 

5.82×106 

(4.36×106; 

7.79×106) 

3.48×106 

(1.03×106; 

1.18×107) 

4.51×106 

(1.04×104; 

1.96×109) 

𝒃  

[-] 

1.37 

(1.24; 1.51) 

1.26 

(1.23;1.31) 

0.802 

(0.77; 0.83) 

0.928 

(0.90; 0.96) 

1.723 

(1.58; 1.87) 

𝒌𝒈 

[ms-1] 

4.99 

(4.50; 5.55) 

1.001 

(0.666; 

1.507) 

1.76e17 

(1.46×1017; 

2.12×1017) 

8.51e11 

(5.88×1011; 

1.23×1012) 

6.87e-7 

(2.06×10-8; 

2.29×10-5) 

𝒈  

[-] 

1.46 

(1.40; 1.53) 
1 (fixed) 1 (fixed) 1 (fixed) 1 (fixed) 

𝑬𝒂,𝒈 

[Jmol-1] 

37393 

(35799; 

38987) 

35693 

(34253; 

36281) 

124275 

(123043; 

125506) 

97323 

(95059; 99587) 
0 (fixed) 

𝒋  
[-] 

3.18 

(3.03; 3.34) 

2.51 

(2.44; 2.59) 
1 (fixed) 1 (fixed) 1 (fixed) 

𝒌𝒂𝒈 

[m9#-1s-1] 

1.31e-14 

(1.46×10-14; 

1.17×10-14) 

0 (fixed) 

6.79e-15 

(5.23×10-15; 

8.81×10-15) 

0 (fixed) 0 (fixed) 

 

The objective function values obtained by Model 1-4 are comparable, despite the different 

number of fitting parameters: 7, 5, 5 and 4, in a row. Figure 5.4 depicts the 95 % confidence 

intervals of the uncertain predictions as well as the measured CSD of Cryst Val 1 (The same 

conclusions could be drawn from Cryst Val 2). It is apparent that Model 5 cannot be applied for 

estimating the effect of process parameters on the CSD, while Model 1-4 did not significantly 

differ. Model 3 provided a marginally more accurate prediction, as well as it uses fewer 

parameters than Model 1, and is therefore supposed to be more robust for prediction. However, 

neglecting the agglomeration (Model 2 and 4) could also provide adequate results, which could 

be advantageous from the computational cost point of view. Consequently, Model 3 was further 

applied when only the continuous crystallization and filtration were integrated, but Model 4 was 

utilized in the integrated synthesis-crystallization and dissolution studies to decrease the 

simulation times of the optimization and sensitivity studies. 
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Figure 5.4 Measured (red line) and predicted CSD with confidence intervals (black line) of Cryst Val 

1 experiment with the different models. 

 

5.1.3 In vitro dissolution of capsules 

The parameter estimation of the dissolution model resulted in the substantial simplification 

of the dissolution rate expression (Eq. (59)) because it was found that the 𝑝1 and  𝑝2 take 

extremely uncertain values as well their value did not influence the accuracy of the prediction. 

This resulted in the simplification of the size-dependent term into size-independent dissolution 

expression. Although it is well known that the smaller particles dissolve faster, these effects are 

significant at nanoscale, but the size dependency of the solubility vanishes over a few 

micrometers. In this study, the initial particles exposed to dissolution were generally well over 

this size range and the majority of the solids are already dissolved when the particles shrink to 

this size. Therefore, the simulated concentration curve remains valid in the solute concentration 

variation domain of interest and this explains the adequacy of the size-independent dissolution 

rate. Regarding 𝑑 and 𝑘𝑑, since a low amount of solid was dissolved relative to the solvent 

volume and the experiments were performed 

under sink conditions, meaning that the 

change in the supersaturation is not relevant, 

it was impossible to decouple 𝑑 from 𝑘𝑑 and 

therefore 𝑑 was fixed to 1. The final kinetic 

model (see Table 5.4) including only the 

dissolution rate coefficient was suitable for 

Table 5.4 Estimated kinetic parameters and 

validation errors for the dissolution model (95 

% confidence intervals are in parenthesis). 

Dissolution model 

𝒌𝒅 
1.98×10-7  

(3.14×10-7; 1.25×10-7) 

𝒅 0 (fix) 

𝒑𝟏 1 (fix) 

𝒑𝟐 0 (fix) 

𝑬𝒓𝒓𝒐𝒓 68.73 
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the surrogate modeling of the dissolution curve of the validation samples (Figure 5.5). 

 

Figure 5.5 Predicted and measured validation experiments for the validation dissolution samples. The 

numbers refer to the sieve fractions of the sample preparation (see Table 3.7). 

 

As for the dissolution of the ASA filled into capsules, the experimental capsule dissolution 

curves (green lines in Figure 5.5) exhibit a slower release compared to the powder 

measurements, but no lag time was observed due to the dissolution of the capsule shell, as it 

started to dissolve within the first two minutes of the test. Therefore, the assumption of the 

constant retarding effect was found to be adequate for this case, and the multiplication of the 

dissolution rate (𝐷(𝜎𝑑 , 𝐿)) by the constant retarding factor of 0.5 was found to provide a 

reasonably good fit as seen in Figure 5.5 This approach is admittedly a significant 

simplification, which is not suitable for several capsule formulations e.g. due to the possible 

API-excipient interactions or a potential lag time caused by the slow dissolution of the capsule 

shell, in which cases further model development would be necessary. However, such a 

simplified method could contribute to a better understanding of the effect of the crystal size 

distribution as CMA and the corresponding optimization and risk analysis of the manufacturing 

process of the API during the early stage of the drug development. 

5.2 Simulation case studies on the integrated flowsheet model  

After the parameter estimation of each unit operation, the developed model was used in 

several ways to obtain better process understanding. In this section, first the results of the 

filtration model are presented, followed by the analysis and model validation of the integrated 

continuous crystallization and filtration process in Section 5.2.2 and 5.2.3. Then, the fully 

integrated, continuous operation of the upstream manufacturing is studied through optimization 

and sensitivity analysis (Section 5.2.4 and 5.2.5). 
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5.2.1 Effect of slurry properties and filter settings on the filterability 

The 2(6-1) central composite design (Table 4.5) was evaluated by accounting for the mean, 

linear and quadratic terms of the main factors as well as the two-factor interactions. Table 5.5 

summarizes the significant terms at a 95 % confidence level on various properties of the 

filtration with the value of the standardized effects given in parenthesis. As in this study, the 

cake porosity (휀) and the specific cake resistance (𝛼) was directly calculated from the CSD 

(Eqs. (40)-(45)), it was expected that 𝑑𝑣𝑔 and 𝜎𝑔 are the significant factors affecting these two 

properties. While the specific cake resistance was mainly influenced by 𝑑𝑣𝑔, the porosity was 

found to be affected only by 𝜎𝑔, that can be explained by the fact that the porosity calculations 

are based on particle packing mechanism. The mean filtrate flux (which is calculated by 

averaging the filtrate flux through the total time of the filtration) was found to be influenced by 

all the six analyzed factors, including the interaction of the filtration operation parameters (∆𝑃, 

𝑡𝑟𝑜𝑡) with the CSD (both 𝜎𝑔 and 𝑑𝑣𝑔). ∆𝑃 was found to have the strongest effect on the mean 

filtration flux, followed by the effect of the CSD (𝜎𝑔 and 𝑑𝑣𝑔) and the 𝑡𝑟𝑜𝑡. The total filtration 

time was determined as the total time spent with filtration during a 10 residence times long 

operation of the continuous crystallization, which was also mainly affected by ∆𝑃 and the CSD. 

The residual moisture content after the deliquoring step was also found significantly dependent 

on all the studied parameters. 

Table 5.5 Significant terms on the performance of the filtration with the standardized effects in 

parenthesis. (L: linear effect, Q: quadratic effect) 

 
Cake 

porosity 

Specific cake 

resistance 

Mean filtrate 

flux 

Total 

filtration 

time 

Moisture 

content 

𝒄𝒔  [kg m-3]   L (-5.00)  L (2.74) 

𝒅𝒗𝒈 [μm]  
L (-8.96) 

Q (4.91) 

L (14.35), 

Q (-5.08) 
L (-3.19) 

L (-7.72) 

Q (2.84) 

𝝈𝒈 [-] 
L (-84.87) 

Q (13.11) 
L (-7.52) L (15.31) L (-2.74) 

L (-20.18) 

Q (3.38) 

𝑭  [ml min-1]   L (-5.00)  L (2.74) 

𝒕𝒓𝒐𝒕 [s]   L (-7.25)  L (4.00) 

∆𝑷 [Pa]   L (43.46) 
L (-8.79), 

Q (4.02) 
L (-5.15) 

Interactions  
𝒅𝒗𝒈- 𝝈𝒈  

(3.71) 

𝒅𝒗𝒈 -𝝈𝒈 (-4.81) 

𝒅𝒗𝒈- ∆𝑷 (3.50) 

𝝈𝒈-𝒕𝒓𝒐𝒕  (2.78) 

𝝈𝒈- ∆𝑷 (4.48) 

  

Mean 148.20  28.83 3.64 32.66 
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These results show that the CSD is one of the most important parameters impacting 

filterability. However, the simulations also indicated, that an appropriate operation procedure, 

that is a suitable combination of pressure difference, rotation time of the filter, MSMPR and 

transfer flow rate could facilitate the filtration of slurries with bad filterability. Figure 5.6 

depicts the 𝑑𝑣𝑔 and 𝜎𝑔 dependence of the studied parameters while the other 4 parameters were 

kept at the central value. It is visible that the higher 𝜎𝑔 of the CSD results in lower porosity and 

lower cake height as the smaller particles can fill the voids created by the bigger particles.  

As for the moisture content, the trend that the smaller 𝑑𝑣𝑔 and 𝜎𝑔 results in higher residual 

moisture content can be also seen, especially 𝜎𝑔 below 2.0, which can be associated with the 

fact, that the more voids retain more moisture. In the case of the specific cake resistance, flow 

rates and filtration time, the impact of 𝑑𝑣𝑔 is more noticeable and 𝑑𝑣𝑔 below 20 μm was detected 

as the critical filterability region with high specific cake resistance and hence longer filtration 

times. Below approximately 10 μm 𝑑𝑣𝑔 at smaller 𝜎𝑔 values, the filtration becomes impossible 

with the given 𝑐𝑠 value and 𝐹, 𝑡𝑟𝑜𝑡  and ∆𝑃 settings, that is the modeled automated filtration 

process would move forward to the next process step (discharging) without the complete 

filtration of the transferred slurry (black regions in Figure 5.6), but this region is getting 

narrower with increasing 𝜎𝑔.  

 

Figure 5.6 Effect of 𝑑𝑣𝑔 and 𝜎𝑔 of the CSD on the filtration of the slurry. 

 

As the evaluation of the factorial design suggests, the point when the filtration becomes 

unattainable is dependent on the slurry properties but can be influenced by the process 
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parameters. The presented modeling approach is suitable to establish the design space of the 

operation in which the required process and product performance can be reached. To 

demonstrate it, we first assumed a fixed operation of the filter with ∆𝑃= 50 kPa and 𝑡𝑟𝑜𝑡= 32.5 

s (the central point of the factorial design) and studied the effect of the changing slurry 

properties (solid concentration and CSD) together with the transfer flow rate, that is the 

parameters of the crystallization which are directly connected to the filtration. The variability 

of the CSD was characterized by both the 𝑑𝑣𝑔 and the 𝜎𝑔, however as the same trends were 

observed in both cases, only the results of varying 𝑑𝑣𝑔 is presented here. Figure 5.7 shows how 

the required filtration time and the residual moisture content after deliquoring were impacted 

by the parameters. It is visible that the smaller 𝑑𝑣𝑔, the more limited is the region of 𝑐𝑠 and  𝐹 

where filtration is attainable. Figure 5.7/a demonstrates that for the given filter settings, a flow 

rate below approx. 10 ml min-1 needs to be ensured to be able to filter a slurry with small 

particles (𝑑𝑣𝑔=5 μm), independently from the solid concentration. However, as the mean 

particle size is growing, the flow rates can be gradually increased. It is also noticeable in Figure 

5.7/b that a moisture content below 6 % w/w cannot be reached for the smallest particle sizes 

(𝑑𝑣𝑔=5 μm) due to the limited operation region, while above 20 μm geometric mean size, a 4-

5 % w/w could be obtained. At higher particle sizes, the moisture content appeared to be less 

dependent on the CSD, when enough time was available for the gas deliquoring.  

 

Figure 5.7 Effect of flow rate, solid concentration and the geometric mean of the CSD on a) the 

filtration time b) on the residual moisture content. 

 

Taking the reverse approach, the settings of the continuous filter can be adjusted to fit the 

preceding crystallization process. Figure 5.8 illustrates that increasing the pressure difference, 

as well as decreasing the rotation time linearly increases the maximum applicable flow rates 

and the highest maximum flow rates are associated with the short rotation times. This 

demonstrates the advantage of automated batch filtration, that is by setting the rotation time to 
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the shortest possible, the filtration of slurries with bad filterability (high solid concentration, 

small particle size) can be substantially improved.  

 

Figure 5.8 The maximum applicable flow rate as the function of the filter settings and a) the solid 

concentration and b) geometric mean particle size. 

 

 Such analysis can aid the optimization of the start-up procedure of an integrated 

continuous crystallization and filtration systems by continuously increasing the flow rates such 

as to remain in the filterable region and by adjusting the settings of the continuous filter to fit 

the preceding crystallization process and ensure e.g. the required moisture content. It also worth 

mentioning that for optimization, other concern might be also necessary to be accounted for, 

e.g. the maximum volume of the filtration chamber, the minimum cake height needed for 

effortless and effective discharge and the economical and maintenance considerations related 

to the operation of the rotating filtration body (i.e. maximum ∆𝑃 and minimum 𝑡𝑟𝑜𝑡). 

5.2.2 Simulation of the integrated continuous crystallization and filtration process 

The integrated continuous crystallization and filtration system was tested by a 140 minutes 

long dynamic simulation, using a flow rate of 30 mL min-1, 0.8 antisolvent volume fraction in 

the feed (𝑣), and keeping ∆𝑃 at 26 kPa. The simulation was started from the steady state of 

crystallization at 25 °C and the filter was initially started with 120 s rotation time (Figure 5.9). 

At this first stage, a CSD with 55.3 μm 𝑑𝑣𝑔  and 3.5 𝜎𝑔 (which means a 386 μm D43) was 

obtained with a 10.9 kg m-3 slurry solid concentration. At the 33rd minute of the process, the 

crystallization temperature was set to 5 °C, which resulted in the increase of the solid 

concentration by 2 kg m-3 and a significant decrease in the mean particle size (𝑑𝑣𝑔  =19.8 μm, 

D43=118 μm) through an approx. 30 minutes long transient state. At the first filtration batch 

immediately after the temperature step disturbance, a sudden leap of 𝜎𝑔 could be detected, 

which could be associated with the appearance of new crystal particles, but as the crystals grew, 

it quickly reset to 3.4.  
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The specific cake resistance also increased at the initial part of the transient period from 

1.6×106 to 7.5×107 due to the appearance of the small particles, which is decreased to 1.7×107 

as these crystals grew and the new steady state was reached. The appearance of the small 

particles deteriorated the filterability of the slurry, resulting in a 104.6 s filtration time, 

compared to the prior 90.53 s. After this transient operation, 93.47 s filtration time was reached. 

This means that during the step change, the filtration time did not lengthen to such a degree that 

𝑡𝑟𝑜𝑡 should have been adjusted to ensure complete filtration of the slurry. However, the 

prediction of the necessary filtration time can contribute to avoiding filtration problems by 

indicating if 𝑡𝑟𝑜𝑡  needs to be changed at a given process disturbance. 

 

Figure 5.9 Process and product parameters versus time of the integrated crystallization and filtration 

process. 

 

The steady-state residual moisture contents were 5.1 and 6.6 % w/w for the 25 °C and 5 °C 

crystallizations, respectively.  In cases when the moisture content of the filtered material is 

critical, a control strategy may be based on adjusting the continuous filter settings, i.e. the 

pressure difference and the rotation time. Figure 5.10 illustrates the design space of the filtration 

for the slurries crystallized at 25 °C and 5 °C. It is apparent that a 20 kPa minimum pressure 
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difference is necessary for performing the filtration in both cases. However, for the slurry 

obtained at 25 °C (bigger particle size), this remains constant irrespective of the 𝑡𝑟𝑜𝑡  values, 

while in the 5 °C case, a gradual increase is observable as 𝑡𝑟𝑜𝑡  is getting longer. As Figure 5.9 

shows, the residual moisture content is higher for the slurry produced at 5 °C and only 

comparable with the 25 °C operation when the rotation time is below 30 s. That is, to obtain 

equal moisture content than at the beginning of the simulation (Point 1 in Figure 5.10), the 

filtration setting needs to be modified at 0 °C. Consequently, at the 100th minute of the 

simulation, the rotation time was decreased to 15 s (Point 2 to 3 in Figure 5.10), which resulted 

in the residual moisture content of 5.1, equal to that of the 25 °C crystallization operation.  

 

Figure 5.10 Attainable moisture content with different filter settings and crystallizer temperatures. 

 

5.2.3 Validation of the filtration model 

The comparison of the mean filtrate fluxes in the batch filtrations obtained experimentally 

and by the simulations showed good agreement (Figure 5.11). The filtration model could 

capture the differences in the filterability caused by the changes of the slurry properties or by 

the applied ∆𝑃. The effect of the different particle sizes was not significant, which corresponds 

to the simulation results discussed in Section 5.2.1, that is above a critical particle size, the 

filterability is not affected significantly.  

 

Figure 5.11 Experimental and modeled mean filtrate flux of batch filtration validation experiments.  
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Integrated continuous crystallization and filtration experiments were conducted by varying 

the MSMPR flow rates (i.e. residence times) and temperatures [114] as summarized in Section 

3.2.1.3. and their results were compared with the simulations. The experimental filtration was 

carried out by fixing the slurry volume at 10 mL, which required a CFC cycle time of 29 or 63 

s for the 20 and 40 min residence times, respectively. However, as the CFC consists of 4 

chambers before discharging, while the simulation assumes only one filtration chamber, the 

𝑡𝑟𝑜𝑡 parameter of the filtration simulation was set to 116 and 252 s, respectively. 

Figure 5.12 depicts the experimentally obtained and simulated slurry and product 

parameters in the steady state of each setting. It is apparent that the crystallization at low 

temperatures (CrystFilt 1,3) provided significantly smaller D43 values, but higher solid 

concentrations compared to the crystallizations at 25 °C. However, changing the residence time 

did not influence the crystallization. It is also noticeable that simulating the crystallization using 

the nucleation kinetic parameters without the TKE correction resulted in a constant 200 μm 

difference between the simulated and measured D43 values, while the correction diminished 

this offset, especially at the higher temperatures (CrystFilt 2, 4, 5). The solid concentrations 

were in good agreement regardless of the used nucleation kinetics.  

 

Figure 5.12 Experimental and modeling result of experiments with different crystallizer settings (The 

error bars of the experiments are smaller than the symbol size). 
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The calculated filtration times were found practically independent of the crystallization 

settings, having only 0.16 s variation between the slowest (14.89 s for CrystFilt 1) and fastest 

filtration (15.05 s for CrystFilt 2). On the one hand, this could be explained by the significant 

downsized filtration process, as only 10 mL of slurry is processed in each batch, which is one 

of the main advantages of the continuous filtration process. On the other hand, the approx. 200 

μm D43 value for CrystFilt 1 and 3 and 600 μm D43 for CrystFilt 2 and 4 are associated to 30 

and 120 μm fitted 𝑑𝑣𝑔 values and a 𝜎𝑔 around 3.5 for each experiment. As the results in Section 

5.2.1 indicate, the effect of the 𝑑𝑣𝑔  values on the filterability is the most remarkable at the lower 

(<10-20 μm) regions, that is the validation experiments were outside this critical domain. This 

also explains that an approx. 6 % w/w, almost constant residual moisture content was 

calculated, regardless of the operation of the crystallizer. Special care needs to be taken when 

comparing the calculated moisture content to the experimental results since a considerable 

drying might occur in the CFC device, which is also influenced by the residence time in the 

chambers, the temperature of the slurry, the solid concentration and the particle size, while the 

simulation in its current form only accounts for the gas deliquoring. As Figure 5.12 reveals, the 

experiments provided lower moisture contents than the simulation, but being the closest in the 

case of CrystFilt 1 and 2 (around 5 % w/w), which settings are associated with the shortest, 20 

min residence times and 116 s filter rotation time. In the case of 30 and 40 residence times 

(CrystFilt 3-7), lower moisture contents were measured than the calculated values, which 

indicate the increasing effect of additional drying at longer residence times. The 3.1 % w/w 

moisture content of CrystFilt 3 can be explained by the high solid concentration, while for 

CrystFilt 4-7 the long residence times are coupled with lower solid concentration and hence a 

lower, approx. 2.0 % w/w residual moisture.  

5.2.4 Optimization of the integrated continuous line 

To investigate how the integrated flowsheet simulation can contribute to better 

understanding and operation of the continuous manufacturing line, several optimization 

problems were defined and solved. First, the standalone synthesis was considered, followed by 

the examination of the integrated synthesis and crystallization processes. The goal of this 

comparison is to compare the achievable product quality attributes if all operations are 

optimized individually subject to local objectives vs. the plant-wide optimization of the 

integrated process using the developed flowsheet model. In the former approach, the operating 

parameters of the synthesis were optimized in three stages: in the first stage the optimal value 

of 𝐴𝐴𝑒𝑞 was determined using batch acetylation, along with an optimal batch 𝑇𝑎. In the next 
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stage, the flow acetylation process parameters (𝜏𝑎 and 𝑇𝑎 for the continuous reactor) were 

optimized while 𝐴𝐴𝑒𝑞 was fixed for the value found optimal in the batch acetylation. In the last 

step, the quenching parameters (𝑇𝑞 and 𝐸𝑡𝑂𝐻𝑒𝑞) were optimized with the fixed acetylation 

process. Compared to this, in the second approach, all parameters could be simultaneously 

optimized. The optimization results are summarized in Table 5.6. 

While the 3-stage procedure is identical to the experimental optimization procedure [91] 

and is a common practice to reduce the necessary number of experiments, the simulation results 

clearly showed the advantages of considering the reactor cascade in the optimizations. Table 

5.6 shows that the integrated process optimization resulted in a 10 % higher conversion 

compared to the step-by-step procedure. Moreover, this was achieved along with the significant 

increase in the purity of the reaction mixture, too, which can further simplify the purification 

(e.g. crystallization) steps. The most substantial difference in the operating parameters of the 

two approaches could be found in the applied AA and EtOH excess. It is apparent, that in the 

batch acetylation stage of the step-by-step approach, the optimal value of 𝐴𝐴𝑒𝑞 was fixed to the 

upper boundary along with a relatively low temperature, as the excess AA promotes the 

conversion of SA in the acetylation step, which also resulted in high necessary 𝐸𝑡𝑂𝐻𝑒𝑞 in the 

quenching step. However, as the integration optimization indicated, it was beneficial from the 

point of the global conversion to process an acetylated reaction mixture with lower conversion 

(87.4 % as opposed to 93.5 % of the step-by-step method) than aiming for maximal conversion 

at each stage. The lower amount of AA and EtOH could be compensated with higher 

temperatures and longer residence time. It also needs to be noted, that the standalone synthesis 

results might be improved e.g. with a multi-objective optimization where the purity is also 

accounted. However, the main objective of this case study is to demonstrate the possible 

problems arising from not accounting the multiple steps at the same time.  

 At this stage of the work, the integrated results have not been directly experimentally 

validated, yet. However, as the models of all the unit operation are individually validated and 

the acetylation and the quenching model steps were directly integrated without further 

assumptions (i.e., all the obtained component concentrations after acetylation were used in the 

quenching model), it can be expected that the integrated calculation does not influence the 

validity of the results. Also, the comparison of the stepwise optimization simulations with the 

experiments (see [91]) showed good agreement, e.g., the experimental batch acetylation 

optimization suggested high 𝐴𝐴𝑒𝑞 value, but it also promoted the formation of the impurities, 

whereas the increase of the temperature and residence time increased the purity in the flow 
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acetylation. It also needs to be noted, that the simulations were run in an extrapolated range 

(especially 𝑇𝑎), therefore the results need to be handled with care and further experimental 

studies might be necessary to improve the fit of the model at the given range. 

Table 5.6 Optimization results of the synthesis step with the step-by-step and integrated approach. The 

allowed parameter ranges are given in parenthesis next to the parameter names.  

 
Stage 1- 

Batch acetylation 

Stage 2- 

Flow acetylation 

Stage 3- 

Flow quenching 

Integrated 

synthesis 

𝑨𝑨𝒆𝒒 [-] (1-10) 9.99 9.99 (fix) 9.99 (fix) 1.22 

𝑻𝒂 (batch) [°C] (0-100) 28.01 - - - 

𝑻𝒂 (cont.) [°C] (0-150) - 80.22 80.22 (fix) 150.00 

𝝉𝒂 [min] (60-300) - 82.65 82.65 (fix) 100.14 

𝐓𝐪 [°C] (0-150) - - 40.06 78.81 

𝑬𝒕𝑶𝑯𝒆𝒒 [-] (1-15) - - 10.00 1.22 

Conversion 

after acetylation [%] 
99.8 93.5 93.5 87.4 

Purity 

after acetylation [%] 
64.9 52.6 52.6 87.1 

Final conversion [%] - - 72.5 82.8 

Final purity [%] - - 60.4 87.6 

 

The integrated continuous synthesis- crystallization process was optimized to provide the 

highest productivity [g h-1]. This was also done in different ways: first, the synthesis process 

was fixed to the “Stage 3” and “Integrated synthesis” conditions from Table 5.6 and the 

crystallization process parameters (T𝑐 and 𝐴𝑆) were optimized, then the entire reaction-

crystallization cascade was optimized in an integrated way. In the first case, the synthesis 

settings of both the previous step-by-step (Fixed synthesis 1 in Table 5.7) and integrated 

approach (Fixed synthesis 2 in Table 5.7) were tested to examine whether the optimized 

crystallization could compensate for the different conversion in the reaction mixtures. As seen 

in Table 5.7, to obtain high productivity, high antisolvent-solvent volume ratios are suggested, 

while the relatively high crystallization temperatures could be associated with the high 

activation energy of the crystal growth, as discussed in Section 5.1.2. It is noticeable, that the 

optimized crystallization settings for both Fixed synthesis 1 and 2 resulted in similar values, yet 

the higher conversion rate in the synthesis provided a doubled productivity. This suggests that 

even the optimization of the multi-step synthesis as a unit can result in a vast improvement in 

the overall performance of continuous manufacturing. Nevertheless, when the synthesis-

crystallization process was studied in an integrated way, the productivity could be further 

increased to 40.6 g h-1, which was mainly associated with the decrease of the residence time. 

The calculated synthesis conversion value was between the settings of the two previously 
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studied syntheses. Furthermore, a lower excess of AA and EtOH was used, that is not only the 

productivity is increased, but the material costs and the environmental factor are also reduced.  

These results highlight that the crystallization step alone could not compensate for the 

suboptimal synthesis mixture and therefore the integrated approach could contribute to reach 

an optimal operation. The flowsheet model can significantly contribute to the realization of this, 

as the models of the unit operations can be developed step-by-step. After the model integration, 

simulations can be run to find the optimal operational point, which would otherwise require 

extensive experimentation to explore multiple unit operations together. 

Table 5.7 Optimization results of the integrated process. The allowed parameter ranges are given in 

parenthesis next to the parameter names. 

 
Fixed 

synthesis 1 

Fixed 

synthesis 2 

Integrated synthesis+ 

crystallization 

Multi-

objective  

𝑨𝑨𝒆𝒒 [-] (1-10) 9.99 (fix) 1.22 (fix) 1.00 1.00 

𝑻𝒂 (cont.) [°C] (0-150) 80.22 (fix) 150.00 (fix) 150.00 150.00 

𝝉𝒂 [min] (60-300) 82.65 (fix) 100.14 (fix) 60.00 60.00 

𝑻𝒒 [°C] (0-150) 40.06 (fix) 78.81 (fix) 76.69 57.57 

𝑬𝒕𝑶𝑯𝒆𝒒 [-] (1-15) 10.00 (fix) 1.22 (fix) 1.00 5.21 

𝑻𝒄 [°C] (0-50) 40.66 42.30 39.52 21.55 

𝑨𝑺 [-] (1-8) 8 7.70 8 8 

Conversion  

after synthesis [%] 
72.5 82.8 77.0 63.5 

Purity  

 after synthesis [%] 
60.4 87.6 80.2 79.4 

Overall productivity [gh-1] 12.6 24.6 40.6 30.5 

D[1,0] [μm] 86.4 91.9 84.8 41.6 

T85 [min] 27.9  29.7 27.4 14.0 

 

As most of the pharmaceutical manufacturing processes not solely aim to maximize the 

productivity, but also to achieve pre-defined properties of the final product, a multi-objective 

optimization was also performed using the integrated flowsheet model. In this case, besides the 

maximization of the productivity, the mean particle size (D[1,0]) was also aimed to be 

maximized, as this significantly influences the downstream processability, such as the filtration 

or blending. However, as the particle size also affects the dissolution properties, the additional 

constraint of the dissolution of the ASA capsules was also considered. This was defined as the 

T85 must be equal or less than 15 min in 0.1 N HCl. This criterion ensures for high solubility, 

high permeability (Biopharmaceutics Classification System Class I) drugs, like ASA, that the 

bioavailability is not limited by the dissolution, therefore it can be regarded as an immediate-

release formulation [251]. As the results in Table 5.7 shows, this was achieved by the reduction 

of T𝑐 and T𝑞 and the applied EtOH amount was also increased. While the additional objective 
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and constraint reduced the productivity to 30.5 g h-1, this could be still regarded as good 

productivity and represents a good trade-off for product quality. However, to fulfill the 

dissolution criteria, the particle size had to be significantly reduced compared to the previous 

results. The 41.6 μm D[1,0] value can be associated with good filterability, but flowability 

problems might occur which may need to be addressed in the future.  

5.2.5 Sensitivity analysis of the integrated continuous line 

Sensitivity analyses were conducted at the settings obtained by the multi-objective 

optimization. The objective was to identify the effects and risks associated with the involuntary 

changes in the process parameters and the uncertainty of the kinetic parameters. This way, the 

flowsheet modeling can help the development and operation of the integrated continuous 

manufacturing lines and it also contributes to the determination of PAT and control strategies.  

To study the sensitivity of the operational parameters, first, the input variability space had 

to be defined. This can be performed based on experimentally observed uncertainty and process 

characteristic. It was assumed that the uncertainty of the operating parameters occurs due to the 

random disturbances, which are handled as normally distributed random variables. The standard 

deviations (STDs) of the distributions were first defined as the 20 % of the mean for each 

parameter, then in a second run it was refined such as the STDs of 𝐴𝐴𝑒𝑞, 𝐴𝑆, 𝐸𝑡𝑂𝐻𝑒𝑞 and 

𝜏𝑎 were 10 % of the mean values, but 5, 5 and 20 % for 𝑇𝑎, 𝑇𝑞 and 𝑇𝑐, respectively. In the latter 

case, this corresponds to the absolute values of STDs of 0.1 eq 𝐴𝐴𝑒𝑞, 0.8 𝐴𝑆, 0.5 eq 𝐸𝑡𝑂𝐻𝑒𝑞, 6 

min 𝜏𝑎, 7.5 °C 𝑇𝑎 , 2.87 °C 𝑇𝑞 and 4.4 °C 𝑇𝑐. This was determined based on the experimental 

observations that 𝑇𝑎 and 𝑇𝑞 can be kept at the required value very well, but 𝑇𝑐 showed high 

uncertainty during the processes. The two runs did not show significant differences, therefore 

only the results of the second are presented here in detail.  

The simulated parameter space is illustrated in Figure 5.13 with the color scale indicating 

the steady-state productivity values. The dynamic responses of the simulations can be seen in 

Figure 5.14, which can help analyze the error propagation through the system. It is noticeable 

that the uncertainty of the input space significantly affects the output variability considering 

either the productivity, the crystallization slurry properties, or the reaction mixture 

concentrations. With 95 % confidence, the productivity was found to be varying between 16.0 

and 39.3 g h-1, however, some extreme parameter combinations exhibited a strong detrimental 

effect resulting in productivities below 10 g h-1. The D[1,0] and T85 values were found to be 

varying between 26.6-64.4 and 10.4-20.0 min, respectively, the latter meaning, that the risk of 

failing the immediate-release specification is very high. The cumulative distribution functions 
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(CDFs) of the parameters belonging to the immediate-release and the out-of-specification T85 

values (Figure 5.13) showed no difference for any of the parameters but the 𝑇𝑐, where two 

distinct CDFs were observed: the one belonging to the immediate-release capsules ranging from 

0 to 23 °C, while the out-of-specification setting starting at 23 °C. This highlights that keeping 

𝑇𝑐 under 23 °C is vital for obtaining the required quality of the capsules, which must be 

addressed when developing the control strategy.  

 

Figure 5.13 The simulated input parameter space (1000 model evaluations) and the cumulative 

distribution functions of the simulations belonging to the immediate-release and out-of-specification 

dissolutions. The color of the dots represents the productivity obtained with the given parameters.  

 

As for disturbance propagation, it is visible from Figure 5.14, that the productivity and the 

mean particle size change immediately (within a few minutes) after the change of the parameter 

from the steady state of the nominal operational parameter. However, 8 minutes lag-time was 

observed at the change of the dissolution property, followed by a slower, gradual transition 

lasting about 30 minutes. The variation in the concentrations of the final reaction mixture was 

also studied, which also revealed an approximately 5 minutes lag-time with a long transition 

time, which could be associated with long residence time in the flow reactors.  
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Figure 5.14 Output uncertainty along the simulation time. The solid and dashed black lines represent 

the mean and the 95 % confidence interval of the 1000 model evaluations, respectively. 

 

The Morris indices calculated for each simulation time point helped to understand these 

observations better (Figure 5.15). Starting with the mean particle size, the greatest 𝜇𝑀 and 

𝜎𝑀
2  values were obtained for 𝑇𝑐, whereas the indices of other parameters were insignificant. As 

the dissolution properties of the final capsules are calculated based on the CSD, it was expected, 

that for the T85, 𝑇𝑐 also emerged as the most influential parameter. However, in the first hour 

of the simulation, the relatively high 𝜎𝑀
2  of 𝜏𝑎 and 𝐴𝑆 indicate their non-linear effect or 

interaction with other parameters, which can be the explanation of the slower transition to the 

new T85 value. Moving on to the concentrations of ASA and impurity in the reaction mixture, 

the three operating parameters of the acetylation step were identified as significant, among 

which 𝐴𝐴𝑒𝑞 resulted in the highest 𝜇𝑀 and 𝜎𝑀
2 . The dynamic representation also allows us to 

notice that during the transitional state, the non-linear effect or interactions associated with 

𝐴𝐴𝑒𝑞 and 𝜏𝑎 changes non-monotonically, which might be caused by the multiple, concurrent 

reactions influencing the concentrations. The most complex outcome of the sensitivity analysis 

was discovered for the overall productivity. While 𝑇𝑐 appeared again as the most influential 

parameter, the 𝐴𝑆 and 𝜏𝑎 also exerted an immediate effect. It needs to be noted that the high 

impact of  𝑇𝑐 was not only resulted by its defined higher uncertainty, but the same importance 

was observed when the STDs of all parameters were defined as equal. 𝐴𝐴𝑒𝑞 showed comparable 

results as 𝐴𝑆, however, its effect evolves gradually in 120 minutes. These results further 
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reinforce the observations of the optimization study, too, i.e. it is critical to control the whole 

integrated process as a system, to ensure consistent and satisfactory productivity. Another 

important conclusion of the sensitivity analysis, that the parameters of the quenching unit 

(𝐸𝑡𝑂𝐻𝑒𝑞 , 𝑇𝑞) were not found significant for any of the analyzed objectives, which suggests that 

this might be the most robust unit and its control is less vital than that of the acetylation and 

crystallization.  

 

Figure 5.15 Time-varying Morris sensitivity indices. The dotted lines represent the 95 % confidence 

interval of the indices. 

 

With the sensitivity analysis of the kinetic parameters, the question of the uncertainty of 

the developed model was addressed. Although the confidence intervals of the kinetic 

parameters determined in Section 5.1 indicate the parameter uncertainty, it was too wide to be 

further used in the sensitivity analysis, as it resulted in several computationally infeasible 

parameter combinations. Furthermore, the estimation of the 𝐴𝑖 − 𝐸𝑎,𝑖 parameters for the 

synthesis model, the parameters characterizing the nucleation (𝑘𝑏 and 𝑏), crystal growth (𝑘𝑔, 

𝐸𝑎,𝑔, 𝑗,) and dissolution ( 𝑘𝑑, 𝑑, 𝑝1, 𝑝2, 𝑝3) are not independent from each other, therefore they 

cannot take any random combination. Consequently, for simplicity, only the 𝑘1, 

𝑘3, 𝑘4, 𝑘5, 𝑘7, 𝑘7𝑟, 𝑘𝑏, 𝑘𝑔, 𝐾𝐿, 𝛼𝐾 and 𝑘𝑑 parameters were studied in the sensitivity analysis.  

The uncertainty of all parameters was defined as normal distributions, the mean coming from 

the estimated parameter (see Table 5.1-Table 5.4) at the optimized temperature and using the 5 

% of the mean value as the STD. This meant comparable variability space for the 𝑘1, 𝑘4, 𝑘5 

parameters to the confidence interval calculated from the estimated 𝐴𝑖 ,𝐸𝑎,𝑖 parameters (e.g. 

𝑘1(𝑇𝑎 = 150 °𝐶)=1.02×10-2 (1.56×10-2, 6.62 ×10-3), while the variability space (±5% STD) is 

(1.07×10-2, 9.68 ×10-3). However, where the parameter estimation provided wide confidence 
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interval, the analyzed variability space was set to narrower to prevent infeasible parameter 

combinations (e.g. 𝑘3(Ta = 150 °C)=3.50 ×10-3 (1.20×10-4, 1.02 ×10-1)), while the variability 

space corresponds to (3.32×10-3, 3.67 ×10-3). 

 The results of the Morris screening are illustrated in Figure 5.16 for the steady state of the 

productivity, mean particle size and dissolution property. The productivity was found to be 

influenced by 𝛼𝐾, i.e. the effectiveness factor of the impurities, as well as by 𝑘1 and 𝑘4, that is 

the reactions when SA is converted into ASA and Impurity A. The D[1,0] was found to be 

mainly affected by 𝛼𝐾, 𝑘𝑑 and the crystallization kinetics (𝑘𝑏 , 𝑘𝑔) had a significant effect on 

the dissolution of the ASA capsules.  

The results of the sensitivity analysis of the operating parameters and the kinetics 

parameters support each other as the importance of the crystallization is revealed in both cases, 

as well as the productivity is found to be influenced by both the acetylation and crystallization 

steps, while the uncertainty in the quenching kinetics was found to be less important. The most 

noticeable is the great impact of 𝛼𝐾 , which is a clear indication that whenever crystal growth 

rate inhibition by a reaction byproduct appears, this needs to be treated with extra care. 

Interestingly, although the Kubota model is governed by both the 𝛼𝐾 and the Langmuir constant 

(𝐾𝐿), the value of 𝐾𝐿 was found to be insignificant in the Morris analysis. Therefore, to improve 

the reliability of the flowsheet model, further studies need to focus mainly on the estimation of 

𝛼𝐾. 

 

Figure 5.16 Morris sensitivity indices of the kinetic parameters in the steady state of the simulations. 

 

5.2.6 Conclusions of the integrated flowsheet modeling 

In this work, a dynamic, flowsheet model was successfully developed for the integrated, 

continuous upstream manufacturing of ASA, where the model of each unit operation showed 

good agreement with experimental data. The optimization and sensitivity analysis studies 

showed clear benefits of the simulations to establish the knowledge, design and control space 
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within a QbD approach for the integrated multi-step continuous processes. For example, in 

silico optimization of the integrated process can be conducted to understand the impact of the 

integrated process compared to the step-by-step operation and aid its experimental realization 

without the extensive experimental runs. For example, the excess of the reactants could be 

decreased, which contributes to a lower environmental factor and potentially a reduced cost of 

waste treatment. More detailed optimization studies would be necessary to study the full 

environmental footprint of the manufacturing, e.g. by also accounting for the impact of the 

increased temperature. In this way, the flowsheet modeling could also contribute to the 

economic and environmental-friendly operation of the manufacturing. Furthermore, the 

calculation of the time-varying sensitivity indices helped to understand the most influential 

operational parameters and the risks of error propagation.  

As part of the work, a filtration model was developed to estimate the effect of the 

filterability of slurries after crystallization. The model utilizes the classical filterability laws and 

calculates the cake porosity and specific cake resistance based on the entire CSD of the slurry, 

i.e. no filtration experiments are needed to estimate the filterability. The methodology currently 

has some limitations, such as it assumes spherical particles for the porosity calculation, log-

normal CSD for the specific cake resistance approximation and incompressible cake, and it also 

does not account for the effect of cake washing and drying. Therefore, further studies are 

conducted to consider cake washing and the drying mechanism of the cake after the gas 

deliquoring as well as to model the purity of the cake. The model was used the first time for the 

dynamic simulation of an automated batch filtration, which was shown to facilitate the filtration 

of slurries with otherwise bad filterability. Maintaining a constant moisture content was also 

possible by controlling the rotation time and the pressure difference based on a simulated design 

space.  

A PBE-based surrogate model of the final product’s in vitro dissolution profile was also 

developed and integrated into the flowsheet model of the upstream process the first time. This 

enabled the risk analysis of failing the dissolution specifications of an immediate-release 

formulation. Although the dissolution model was developed for a fairly simple formulation (i.e. 

capsules, where the CSD of the API determined the dissolution property), the results 

demonstrated the importance of considering the entire integrated process to obtain the required 

product quality. The presented dissolution model is directly applicable for capsule formulations 

where the excipients, e.g. fillers or diluents do not influence the dissolution rate and hence the 

only critical factor is the CSD, but it might be also useful in the case of more complex 
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formulations to analyze the effect of the CMAs individually and optimize the manufacturing 

accordingly. Future work will also address the mechanistic modeling of further formulations 

(e.g. tablets) and their integration into flowsheet models when multiple critical material 

attributes and process parameters need to be handled. It could also encourage further studies to 

incorporate the dissolution model of the final formulations using statistical modeling 

approaches, too. The applicability of empirical methods for dissolution modeling is further 

studied in Section 5.4. 

5.3 PAT in an integrated continuous powder blending and tableting process 

The objective of the study was to develop spectroscopic methods to nondestructively 

characterize the quality of tablets manufactured in an integrated powder blending and tableting 

process. Based on the preliminary studies, the most important process parameters influencing 

the final tablet properties were identified as the API (caffeine) content, the lubrication properties 

(amount of the lubricant (MgSt) and its blending intensity) and the tableting compression force. 

Therefore, first, their effect was explored on the tablet properties (crushing strength, friability, 

dissolution) using the batch DoE experiments (Section 3.2.2.1) by ANOVA. Then, calibration 

models were developed to quantify the process parameters using NIR and Raman spectra. 

Finally, the developed methods were applied for the analysis of the integrated continuous tablet 

manufacturing.  

5.3.1 Effects of experimental factors on the physical properties of tablets 

The effect of the experimental factors of the batch DoE (Table 3.9) on the crushing strength 

and friability of the tablets were analyzed by ANOVA. Figure 5.17 depicts the obtained Pareto 

charts, which were used to compare the linear, quadratic and cross-term effects of the factors. 

The bar lengths are proportional to the absolute values of the estimated effects and the effect is 

regarded significant in 95 % confidence level if the bar crosses the p=0.05 vertical line. Figure 

5.17a shows that the lubricant content had the highest impact on the variance of the crushing 

strength, followed by the interaction of lubricant content and mixing time. Increasing the 

lubricant amount and mixing time significantly reduced the crushing strength, which results 

correspond to the observations of previous studies [252] and testify the appearance of 

overlubrication. In contrast, compression force was found statistically insignificant with 

p=0.052 when overlubrication happens during manufacturing. When friability was investigated, 

increasing the lubricant content and tablet compression force exerted considerable effect while 

it was insensitive to overlubrication.  
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Figure 5.17 Pareto charts of effects for a) crushing strength and b) friability. 

((L): linear term, (Q): quadratic term, (Int): cross-term (factor interaction)) 

 

Response surfaces were fitted based on the estimated effects, and their two-dimensional 

projections are plotted in Figure 5.18, where, in the case of the crushing strength (Figure 5.18a), 

the compression force is kept constant at 15 kN, and for the friability (Figure 5.18b) the mixing 

time at 4.75 min level. However, it must be noted that the goodness of fit was relatively low 

with an R2 =0.76 for crushing strength and R2= 0.80 for friability. This could be explained by 

the high uncertainty of setting the factor levels for compression force (± 2 kN) and the possible 

between-tablets variation of MgSt content, which were neglected during the calculations. 

Therefore, these results were regarded only as qualitative information about the impact and 

interactions of the effects and were not applied for making quantitative predictions for new 

samples.  

 

Figure 5.18 Fitted response surface for a) crushing strength at a compression force of 15 kN and b) 

friability at 4.75 min mixing time. 

 

Before the effect of experimental factors on the dissolution profiles was visually analyzed, 

the maximum dissolved API content was normalized to 100 % to exclude the effect of random 

API content variation between tablets. Figure 5.19 shows no observable compression force 

dependence, while the dissolution prolonging effect of the MgSt content and mixing time is 

noticeable. 
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Figure 5.19 Effect of a) compression force b) mixing time and c) MgSt content on the dissolution 

curves. 

 

These results highlighted the importance of the accurate quantification and control of MgSt 

content and blending time to avoid overlubrication-related quality problems, while compression 

force had less impact when overlubrication occurred. The ANOVA studies also showed that 

significant interactions are present in the system, therefore these parameters need to be analyzed 

simultaneously. Consequently, the development of spectroscopic methods to quantify these 

critical parameters could significantly contribute to the quality assurance of the final products. 

5.3.2 Model development for the evaluation of spectroscopic data 

5.3.2.1 Qualitative analysis of the spectroscopic data 

As the quality of the products was shown to be influenced by multiple factors, the 

prerequisite for spectroscopic-based quality control is to demonstrate the capability of 

spectroscopic tools to handle multiple effects.  

 

Figure 5.20 a) Raw transmission NIR spectra b) Preprocessed NIR spectra, c) Raw transmission 

Raman spectra, d) Preprocessed Raman spectra of the DoE runs. 
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The visual inspection of the spectra showed that all three experimental factors are 

detectable in the spectra. The baseline shifts of the raw spectra (Figure 5.20a and c) could be 

associated with the compression force, caused by the higher NIR absorbance level in the more 

compact material, and the higher Raman intensities explained by the higher number of 

molecules excited by the laser. After preprocessing (Figure 5.20b and d) the effect of the 

lubricant could be also observed in the 8100-8400 cm-1 NIR spectral region, and MgSt peaks 

were identified at the 1430 cm-1 and 1290 cm-1 Raman shifts. 

PCA was applied on the preprocessed spectra to determine the main sources of spectral 

variance, which was achieved by the analysis of the obtained loadings and the grouping of the 

scores in the score plots (The loadings and the score plots for all the PCA models can be found 

in Section A.4 of the Appendix). With this method, in all cases, maximum the first three PCs 

could be assigned to experimental effects, as summarized in Table 5.8. The PCA models 

revealed that both the reflection and transmission NIR spectra were mainly affected by the 

compression force even after preprocessing, but the MgSt content also caused a noticeable 

variance. In contrast, the effect of the compression force was eliminated from the Raman spectra 

with preprocessing, and the varying lubricant content could be associated with the main spectral 

variation (65-67 %), while the second PCs could be assigned to the changing API content in the 

tablets. It is also worth noticing that preparing and measuring the samples on different days was 

found as an additional source of variation (‘block effect’), that remained the main effect for the 

NIR reflection spectra.  

Table 5.8 Explained variations by principal components and assigned experimental effects. 

 Pre-processinga PC 1 [%] PC 2 [%] PC 3 [%] 

NIR reflection SNV 
91.1 

block 

5.50 

compression force 

1.25 

 MgSt 

NIR transmission SNV 
93.39 

compression force 

2.84 

MgSt 
1.73* 

Raman reflection bl, nm 
65.23 

MgSt 

29.16  

caffeine 

3.52 

block 

Raman transmission bl, nm 
67.88 

MgSt 

22.06 

 caffeine 

3.22 

block 
a  SNV: standard normal variate, bl: baseline correction, nm: normalization for unit area 
*  No experimental effect could be assigned. 

 

These results show that NIR spectroscopy could be more suitable for analyzing the effect 

of the compression force and Raman spectroscopy for the MgSt and caffeine content 

determination. That is, the two techniques provide complementary information about the 
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studied formulation and their simultaneous application could result in better process 

understanding and control when multiple quality attributes need to be considered. 

5.3.2.2 Quantitative models for the characterization of tablets 

The PLS regression model was developed for the caffeine content determination of the 

continuously produced tablets, which was calibrated using the Raman spectra of the samples 

summarized in Table 3.8. Preliminary modeling studies showed no substantial differences 

between the Raman reflection and transmission spectra, tablet and powder samples, and 

samples including or excluding magnesium stearate. Consequently, the application of a global 

model for the simultaneous evaluation of these measurements was feasible. For the model, the 

individual spectra of the samples (i.e. three repeated measurements of powder samples and two 

spectra per tablet) were utilized, pre-processed by baseline correction, normalization to the unit 

area and mean centering, and 4 latent variables were used. Although the global modeling 

approach provided a higher model error (R2
C and R2

CV equal to 0.92, and 1.121, 1.153, 0.845 

for RMSEC, RMSECV and RMSEP, respectively), its application for continuous blending and 

tablet content uniformity determination demonstrated its robustness [135].  

The PLS regression models for the analysis of lubricant content and compression force of 

tablets were developed using 20 tablets from each DoE run. Although the presence of the 

simultaneously changing parameters in the designed experiments could cause higher modeling 

error, it contributes to the robustness of the developed quantitative model during different 

manufacturing conditions and therefore can result in lower errors of predictions. PLS model 

development for MgSt content quantification was performed using the nominal lubricant 

content, i.e. the between-tablet deviation was neglected, which could be especially significant 

for the DoE runs with short mixing time. The model performance characteristics obtained for 

the four spectroscopic methods are summarized in Table 5.9. The NIR and Raman models 

provided similar RMSEP values, the highest modeling errors but according to the PCA studies, 

the Raman spectra are more sensitive to the MgSt variations. Therefore, using the nominal 

concentrations for the calibration could have a more detrimental effect in the case of the Raman 

spectra, yet they could be more adequate to capture MgSt concentration fluctuation of tablets.   
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Table 5.9 Performance characteristics of models for MgSt content predictions. 

 
NIR 

reflection 

NIR 

transmission 

Raman 

reflection 

Raman 

transmission 

Spectral region [cm-1] 4000-10000 7300-11300 480-1480 380-1500 

Pre-processinga EMSC, mc SNV, mc bl, mc bl, mc 

No. of LVs 4 4 2 2 

R2
C 0.986 0.992 0.933 0.980 

R2
CV 0.976 0.990 0.895 0.975 

R2
P 0.969 0.995 0.949 0.975 

RMSEC [% w/w] 0.371 0.284 0.825 0.469 

RMSECV [% w/w] 0.490 0.316 1.037 0.514 

RMSEP [% w/w] 0.561 0.272 0.747 0.526 

BiasCV [% w/w] 0.0275 0.00184 0.0500 0.00560 

BiasP [% w/w] -0.175 -0.165 -0.0874 -0.222 
a EMSC: extended multiplicative scatter correction, SNV: standard normal variate, mc: mean centering, bl: 

baseline correction 

 

The PLS model building for compression force was performed using the actual 

compression force values recorded by the tableting machine. The results of PLS models based 

on the Raman spectra resulted in two times higher errors and remarkably lower R2 values than 

the NIR methods (Table 5.10), which corresponds to the PCA results, too. The NIR methods 

gave RMSE values below 2 kN, which is comparable with the accuracy of the compression 

force control of the tableting machine.  

Table 5.10 Performance characteristics of models for compression force predictions. 

 
NIR 

reflection 

NIR 

transmission 

Raman 

reflection 

Raman 

transmission 

Spectral region [cm-1] 4000-10000 7300-11300 400-1480 400-1750 

Pre-processinga EMSC, mc SNV, mc bl, nm, mc bl, mc 

No. of LVs 5 5 6 6 

R2
C 0.949 0.891 0.700 0.795 

R2
CV 0.918 0.841 0.581 0.621 

R2
P 0.939 0.873 0.650 0.606 

RMSEC [% w/w] 1.01 1.39 2.46 2.05 

RMSECV [% w/w] 1.27 1.68 2.91 2.79 

RMSEP [% w/w] 1.24 1.53 2.97 2.82 

BiasCV [% w/w] 0.00382 0.0918 0.00822 0.00213 

BiasP [% w/w] -0.153 0.00443 -0.150 -0.220 
a EMSC: extended multiplicative scatter correction, SNV: standard normal variate, mc: mean centering, bl: 

baseline correction, nm: normalization for unit area 

 

5.3.3 Critical quality attributes of the continuously produced tablets  

The crushing strength, friability and dissolution of continuously produced tablets were 

analyzed and compared to the batch DoE results.  

The average crushing strength of the Cont 1 tablets was measured for 78 N. Using the 

response surface fitted for the DoE runs (fixed at 15 kN compression force), this value with a 2 
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% w/w lubricant content would mean an extensive mixing for about 8 minutes in batch 

operation, which was demonstrated to cause overlubrication in the case of batch blending. As 

for the Cont 2 experiments, a significant difference was observed in the crushing strength of 

the tablets produced with different compression forces. Tablets produced at the beginning of 

the process with 20 kN resulted in 164 N average crushing strength, while the lower 

compression force resulted in an average value of 41 N. The response surface, that was fitted 

for the batch measurements (Figure 5.18a), indicated low MgSt content and short lubrication 

time for 164 N. However, the ANOVA of batch experiments revealed that the effect of the 

compression force for the batch experiments is insignificant, while it had to be accounted for 

the interpretation of the continuous experiments. This shows that the effect of compression 

force cannot be neglected when overlubrication does not happen.  

The friability for the two continuous runs showed no significant difference with 0.7 % 

weight loss for both the Cont 1 and Cont 2 runs, which could be explained by the similar 

lubricant content of the tablets, which exerts the greatest effect on the friability.  

A substantial difference could be observed between the dissolution profiles of the two 

continuous runs (Figure 5.21): in the case of the Cont 1 tablets, an extended drug release was 

observed, while immediate release was achieved in the Cont 2 experiment irrespective of the 

applied compression force, which corresponds with the observations of the batch DoE. As 2 % 

w/w lubricant was applied for both continuous runs, the prolonged drug release could be 

attributed to overlubrication in Cont 1, which corresponds to the crushing strength results, and 

focus attention on the need for a suitable lubrication method for the continuous production. 

 

Figure 5.21 Dissolution curves of Cont 1 and Cont 2 tablets. 
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5.3.4 Spectroscopic analysis of the continuous experiments  

The results of the DoE studies and the developed spectroscopic quantitative methods were 

used to characterize the integrated continuous blending and tableting experiments (Section 

3.2.2.2). The developed models made it possible to determine the API and lubrication content 

and the compression force simultaneously using the same NIR and Raman spectroscopic 

measurements. The two continuous runs, Cont 1 and Cont 2 together with the DoE experiments 

enabled us to spectroscopically compare batch and continuous manufacturing, and study if 

overlubrication or insufficient mixing could be identified by spectroscopy. 

 

Figure 5.22 Predicted caffeine content for Cont 1 and Cont 2 experiments. 

 

Figure 5.22 illustrates the predicted caffeine content of the continuously produced tablets, 

as well as the reference UV-VIS measurements (final points of the dissolution curves without 

the normalization to 100 % maximum dissolution). It is observable that the results of the 

spectroscopic analysis were highly correlated to the UV-VIS measurements and the 

concentration fluctuation could be accurately followed by the Raman method. The predictions 

were not influenced by the changing compression force and MgSt content.  

The measured and calculated compression forces derived from the NIR and Raman spectra 

are illustrated in Figure 5.23. As expected based on the calibration results (Table 5.10), the NIR 

spectra provided the best agreement with the measured values and could follow the changes in 

the compression force setpoints. The difference between the models is the most pronounced for 

the Cont 2 experiments at low compression forces (5-6 kN), which meant the extrapolation of 

the models, as the calibration samples included the 10-20 kN range. 
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Figure 5.23 Predicted compression force for Cont 1 and Cont 2 experiments. 

 

The MgSt concentrations predicted by the four spectroscopic methods (Table 5.9) for Cont 

1 and Cont 2 tablets are represented in Figure 5.24. In the case of Cont 1, where the MgSt was 

preblended with the glucose before continuous mixing, there was no significant difference 

between the prediction of the four spectroscopic methods. 1.8 and 1.9 % w/w average lubricant 

content was calculated by the Raman reflection and transmission models, while the NIR 

reflection and transmission models predicted 1.5 and 2.2 % w/w MgSt concentrations, 

respectively, i.e. approximated the actual 2 % w/w MgSt content well. Due to the extensive 

blending, good homogeneity was expected, which corresponded with the low relative standard 

deviations (RSD). The Raman transmission method provided the lowest RSD of 5.3 %, while 

the highest value of 9.9 % was associated with the NIR transmission model. 

Compared to the consistent predictions for Cont 1, the calculated MgSt concentrations for 

the Cont 2 tablets significantly varied depending on the spectroscopic methods. Before 

tableting, the 2 % w/w lubricant was added heterogeneously to the blend of the API and 

excipient, that is the 2 % w/w average MgSt content was expected with deliberately provoked 

higher deviations than in Cont 1. However, only the Raman transmission model showed a good 

match with these expectations, predicting 1.5 % w/w average MgSt concentration with 

considerable concentration fluctuations between tablets. However, the concentration never 

dropped below 0.5 % w/w, suggesting that even inhomogeneous lubricant feeding can ensure 

the proper lubrication of the tableting machine, but the extreme concentration needs to be 

avoided to ensure the product quality. The Raman reflection method underpredicted the 

concentration with a 0.8 % w/w average value and the NIR methods deviated around 0 % w/w 

(the negative values seen in Figure 5.24 can be associated with the inaccuracy of the 

chemometric model). It is also noticeable, that the NIR models were influenced by the 

compression force to a high extend, as a setpoint change in the compression force after the 30th 

sample caused a shift in the predicted concentrations, too. This suggests that Raman 
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spectroscopy is more suitable for the quantification of MgSt content and is robust to changes in 

the physical properties, e.g. porosity of the tablets. 

 

Figure 5.24 Predicted MgSt content for Cont 1 and Cont 2 experiments. 

 

Although the accuracy of the predictions could not be directly validated by reference 

analytical measurement, the observations of the in vitro dissolution, crushing strength and 

friability tests supported that the Cont 1 and Cont 2 tablets have similar MgSt content, but their 

distribution is different, and the tablets of Cont 1 are overlubricated. The anomaly observed in 

the MgSt prediction of the different continuous runs could be also attributed to this, explained 

by the different analyzed sample volumes of the Raman transmission and reflection 

measurements. In transmission mode, Raman photons coming from the deeper layers of the 

tablets are detected, which results in lower detection limits, whereas the reflection mode carries 

information mainly on the surface layers. Therefore, when overlubrication happens (Cont 1 

run), i.e. the extensive mixing causes a lubricant layer on the surface of the API and glucose 

particles, the MgSt content becomes detectable with the Raman reflection and the less sensitive 

NIR methods, too. However, when the small amount of the lubricant is heterogeneously 

distributed within the tablets (Cont 2 run), only the Raman transmission measurements were 

found to be suitable for the quantification. In this way, Raman reflection and transmission 

method used together could indicate the distribution of the lubricant within the tablets, as the 

transmission mode is applicable regardless of the distribution, while the reflection mode is 

sensitive to the distribution and is only applicable for the quantification of low lubricant content 

when the lubricant is on the surface of the tablets. 

5.3.5 Conclusions of the PAT-assisted continuous powder blending and tableting 

This work aimed to contribute to the development of a real-time release testing approach 

of a multistep, integrated continuous tablet manufacturing when several process parameters 

need to be simultaneously considered to gain comprehensive product understanding. Special 
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emphasis was laid on the analysis of the lubrication characteristics of the continuous tablet 

production using PAT tools for the first time.  

The results highlight the potential of using Raman and NIR spectroscopic techniques 

simultaneously for the characterization of the pharmaceutical tablets. The complementarity of 

NIR and Raman spectroscopy and the different sampling techniques provided information 

about the applied compression force and lubrication method and revealed differences in the 

particle coverage. This indicates their potential application as a fast and non-destructive method 

to monitor the occurrence of overlubrication.  

Further refinement and validation of the developed models would be necessary to comply 

with the requirements of the pharmaceutical authorities. After that, their simultaneous 

application could lead to a comprehensive process understanding, higher analyzed sample size, 

better quality assurance, and eventually, a real-time release testing procedure could be reached. 

Another possibility would be the direct prediction of the CQAs (e.g. crushing strength, 

friability, in vitro dissolution) using the in-line collected PAT data along with a surrogate 

model, which is addressed in the next section.  

5.4 Surrogate modeling of the in vitro dissolution of tablets 

The in vitro dissolution of the formulations proved to be a CQA both in the case of the 

ASA capsule and the caffeine tablet formulation studied in Sections 5.2. and 5.3. The effect of 

the API crystal size distribution on the dissolution of the capsules could be successfully 

modeled mechanistically, and a decision on the dissolution of the caffeine tablets could be made 

indirectly, by monitoring the CPPs (lubrication and compression force) using PAT 

measurements. However, as the formulation is getting more complex, the applicability of the 

mechanistic approaches is getting limited, as well as the knowledge of the exact in vitro 

dissolution curve is often necessary due to the stringent quality control requirements. 

Consequently, the application of empirical modeling approaches that enables the direct 

determination of the dissolution properties could be beneficial, and the dissolution surrogate 

modeling is often regarded as one of the most prominent examples for the application of the 

RTR approach.  

Therefore, in this section, we aim to systematically compare empirical modeling 

approaches applicable for the surrogate modeling of the in vitro dissolution. The subject of the 

analysis was an extended-release tablet formulation, where the effect of three critical 

parameters (API and PEO concentration, tablet compression force) was studied on the 



117 

 

dissolution properties, as detailed in Section 3.2.3. The reflection and transmission NIR and 

Raman spectra of intact pharmaceutical tablets were used as PAT data for the predictions, and 

the prediction capabilities of the four different empirical methods (Section 4.3.2) were tested. 

5.4.1 Qualitative evaluation of the experimental data 

The dissolution profiles were simultaneously influenced by the API and PEO content and 

tableting compression force following an experimental design (Table 3.10), and the effect of 

the factors on the dissolution curves is demonstrated in Figure 5.25. The API content was aimed 

to be kept constant within the defined acceptance limits of label claim in the experimental 

design, as the dissolution tests are often used to investigate the compliance with these limits 

and the content uniformity. Consequently, Figure 5.25a shows that the varying API 

concentration only influences the maximum value of the dissolution. Figure 5.25b, c shows that 

the PEO content and the compression force are accountable for the modified release, as their 

increased values prolong the dissolution. The plots also suggest that these relationships are non-

linear, that is after reaching a critical value, the retardation effect is decreased. 

 

Figure 5.25 The effect of a) API concentration, b) PEO concentration, c) tableting compression force 

on the dissolution of the tablets, while the other two factors are kept at the target value (15.0 % API, 

15 % PEO and 13.24 kN compression force). 

 

NIR and Raman spectroscopy are both widely utilized for the quantification of the 

composition of pharmaceutical formulations. Therefore, it was expected that they perform 

comparably regarding the quantification of the API and PEO content, while greater differences 

were observed in the characterization of the effect of compression force. Similar to the caffeine 

formulation of Section 5.3, the compaction level of the tablets appeared in the baseline shifts 

of the spectra Figure 5.26/a-c, and the NIR spectra are clustered according to compression force 

more clearly, suggesting the greater sensitivity of NIR for compaction properties. (The 

reflection and transmission Raman method provided visually similar results, therefore only 

transmission spectra are illustrated in Figure 5.26). After preprocessing the spectra, the effect 
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of the compression force was greatly diminished (Figure 5.26/d-f). It remained the most 

significant in the region of 7683-7000 and 5000-4500 cm-1 of the reflection NIR spectra. Due 

to the broad peaks of NIR spectra, the signals of API and PEO could not be assigned, while for 

example, the peaks at 845, 1480 cm-1 and 557, 1597, 1699 cm-1 of the Raman spectra were 

identified as selective signals for the PEO and API, respectively. 

 

Figure 5.26 Spectra of the intact tablets used for calibrating the surrogate dissolution method a) 

Reflection NIR raw spectra, b) Transmission NIR raw spectra, c) Transmission Raman raw spectra, d) 

Reflection NIR spectra after SNV preprocessing, e) Transmission NIR spectra after SNV 

preprocessing, f) Transmission Raman spectra after baseline correction. 

 

In the following, the built models for the four tested modeling strategies are introduced in 

Section 5.4.2-5.4.5, followed by the comparison of the different methods in Section 5.4.6. 

 

5.4.2 Weibull-RS-PLS models 

As detailed in Section 4.3.2, the Weibull-RS-PLS models are based on the application of 

two components: the response surface (RS) between the dissolution curve-defining parameters 

(Weibull model parameters) and the critical process parameters (API, PEO concentration and 

compression force (CF)); and the chemometric (PLS) models enabling the quantification of the 

process parameters from the spectroscopic PAT data. This method corresponds the best with 

the mindset of a traditional QbD-DoE approach, as the effect of the CPPs/CMAs on the 

dissolution can be directly analyzed through the response surface. Furthermore, it was 

presumed, that the method could be suitable to handle non-linear relationships as the quadratic 

and non-linear terms were also accounted for in the RS. However, it must be emphasized, that 

the Weibull model is an empirical formula and does not provide any kinetic insight into the 
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dissolution properties or does not characterize the intrinsic dissolution properties. Therefore, if 

such aspect of the surrogate method is required, the selection of another kind of dissolution 

model [243] is advised. 

By using ANOVA, the critical factors influencing the three Weibull parameters (𝑙𝑜𝑔 𝛼𝑊, 

𝛽, 𝐹𝑚𝑎𝑥) were determined and the corresponding response surfaces were derived as Eqs. (79)-

(81). (Eqs. (79)-(81) are written for the factor level coded to the (-1)- (+1) range). For the 

detailed ANOVA tables and Pareto charts see Section A.5.1 of the Appendix. 

 

𝒍𝒐𝒈𝜶𝑾 = 2.07 + 1.11 ∙ 𝐶𝐹 − 1.27 ∙ 𝐶𝐹
2 + 0.27 ∙ 𝑃𝐸𝑂 − 0.10 ∙ 𝑃𝐸𝑂 ∙ 𝐶𝐹   

(R2= 0.943) 
(79) 

𝜷 = 1.05 + 0.28 ∙ 𝐶𝐹 − 0.44 ∙ 𝐶𝐹2 + 0.07 ∙ 𝑃𝐸𝑂 − 0.08 ∙ 𝑃𝐸𝑂 ∙ 𝐶𝐹 − 0.11 ∙

𝐴𝑃𝐼2  (R2= 0.615) 
(80) 

𝑭𝒎𝒂𝒙 = 110.19 + 11.29 ∙ 𝐴𝑃𝐼 (R
2= 0.564) (81) 

 

In agreement with the definition of 𝐹𝑚𝑎𝑥, it was linearly influenced by the API content. 

𝑙𝑜𝑔 𝛼𝑊 was found mostly affected by the CF (both by its linear and quadric term), followed by 

the PEO content (linear term) and the interaction of the PEO content and CF. In the case of 𝛽, 

the significant factors were found to be almost the same: CF linear and quadratic term, PEO 

content, PEO content-CF interaction and API content by a quadratic term (in the order of the 

decreasing effect). These results confirmed the qualitative observations of the dissolution 

curves (Figure 5.25), i.e. potential non-linear effect of the PEO and CF. However, low R2 values 

were obtained for the response surfaces of 𝛽 and 𝐹𝑚𝑎𝑥. In the case of 𝐹𝑚𝑎𝑥, it could be explained 

by the narrow concentration range of the API, while at the same time, the inaccuracies of the 

reference UV method also contribute to the unexplained variances. The fitted 𝛽 values also 

changed in a narrow 0.1-1.5 range, meaning that most of the modeled dissolution curves 

approached an exponential shape with varying initial parabolic sections, but a considerable 

variance in the dataset could be explained by the change of the shape. In contrast, a good fit 

(R2= 0.943) was achieved for 𝑙𝑜𝑔 𝛼𝑊, indicating a considerable variance in the time scale of 

the dissolution, which corresponds to the fact, that extended- and immediate-release tablets 

were deliberately included in the dataset.  
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Table 5.11 PLS models for the quantification of the process parameters.  

Units of RMSEs correspond to the unit of the quantified parameter.  

 
NIR  

reflection 

NIR  

transmission 

Raman  

reflection 

Raman 

transmission 

PLS model for the quantification of the API concentration [% w/w] 

Spectral region 

[cm-1] 
4000-10000 7500-15000 200-1890 200-1890 

Pre-processinga EMSC, SNV, mc EMSC, mc bl, nm, mc nm, mc 

No. of LVs 5 2 2 3 

RMSEC 0.601 0.924 0.983  0.871 

RMSECV  0.895  0.940 1.01  0.900  

RMSEP 0.979  0.777 0.742 0.668 

PLS model for the quantification of the PEO concentration [% w/w] 

Spectral region 

[cm-1] 
4000-10000 

7668-8049; 

10368-10749; 

11139-11521; 

14610-15000 

491-690; 791-890; 

1091-1290; 1391-

1490; 1591-1690 

200-1890 

Pre-processinga EMSC, mc 1st Der, SNV, mc bl, nm, mc nm, mc 

No. of LVs 3 3 2 4 

RMSEC  1.75 1.15 0.99 1.10 

RMSECV 1.83 1.31 1.01 1.14 

RMSEP  1.74  1.07 0.99 1.18  

PLS model for the quantification of the compression force [kN] 

Spectral region 

[cm-1] 

3826-4979; 5369-

5751; 7683-8065 

8825-10749; 

11525-12292 

291-490; 591-790; 

891-1390; 1791-1890 
200-1890 

Pre-processinga EMSC, mc EMSC, mc nm, mc nm, mc 

No. of LVs 3 3 3 2 

RMSEC  1.83 2.18 4.13 2.89  

RMSECV  1.87  2.30 4.37 2.96  

RMSEP 2.09  5.67  3.72 3.98 
a1st Der: Savitzky-Golay 1st derivate, bl: baseline correction, nm: normalization to unit area mc: mean centering 

 

The properties of the optimized PLS regression models to quantify the API, PEO content 

and compression force from the NIR and Raman spectra are summarized in Table 5.11. Raman 

and NIR spectroscopy provided similar results for the API and PEO concentration 

determination, having the lowest RMSEP value with the Raman transmission and Raman 

reflection measurement mode, respectively. However, the lowest RMSEP of 0.67 % w/w for 

the API model means that it could not be accurately used for the satisfactory content uniformity 

and dosage strength testing in the 13.5-16.5 % w/w concentration range. This could be reasoned 

by the inaccuracies in the sample preparation and UV-VIS measurements, and by the 

construction of the calibration set, i.e. a too narrow concentration range was used, while the 

other two parameters were varied in parallel. However, both NIR and Raman spectroscopy was 

demonstrated to be applicable for API content determination, therefore, by the extension of the 

calibration set these results could be improved in the future. Based on the PEO model, it is 

expected that its effect on the dissolution could be detected by the surrogate model, as the model 
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can detect the PEO variation within the 10-20 % w/w concentration range with a 1 % w/w 

RMSEP. The same conclusion could be drawn from the CF model, as the NIR reflection model 

provides the prediction within the 3.9-22.6 kN range with 2.1 kN prediction error. It is also 

noticeable, that the NIR spectra provided better RMSEC values than the Raman spectra, in 

agreement with the results of Section 5.3, but the validation results of the transmission NIR 

spectra gave exceptionally high RMSEP. This was detected due to outlying spectral 

measurements, which is detailed in Section 5.4.5.  

These results indicate that the Weibull-RS-PLS method could be applicable for the 

prediction of the changes of dissolution curve caused by the variation of the PEO content and 

compression force, but the API content cannot be derived from it. The prediction of the in vitro 

dissolution curves of the validation samples is discussed in Section 5.4.6 along with the 

comparison to the other three modeling approaches.  

5.4.3 Weibull-PLS models 

 The direct calculation of the Weibull parameters from the spectra was also tested with the 

application of the Weibull -PLS approach. This method was assumed to be advantageous 

especially due to the ease of the development and application, as the response surface fitting 

step is skipped. Although this means losing a certain degree of process understanding (the 

relationship between the dissolution model parameter and process conditions), this might also 

eliminate a potential source of error, e.g. that significant factor is neglected with the 

simplification of the response surface. 

The developed PLS models for 𝐹𝑚𝑎𝑥, 𝛽 and 𝑙𝑜𝑔 𝛼𝑊 are summarized in Table 5.12. The 

model results for the quantification of 𝐹𝑚𝑎𝑥 correspond to the PLS model obtained for the API 

determination in the Weibull -RS-PLS approach, i.e. the Raman transmission provided the best 

results, but it is still not satisfactory for content uniformity studies. For the calculation of 𝛽 

and 𝑙𝑜𝑔 𝛼𝑊 the reflection NIR spectroscopy provided the lowest errors, which agrees with our 

previous observation that these two Weibull parameters are greatly influenced by the CF, for 

which reflection NIR spectroscopy provides the best method. The prediction of the in vitro 

dissolution curves of the validation samples is further discussed in Section 5.4.6 along with the 

comparison to the other three modeling approaches.  
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Table 5.12 PLS models for the quantification of the Weibull parameters. 

 
NIR  

reflection 

NIR 

transmission 

Raman 

reflection 

Raman 

transmission 

PLS model for the quantification of 𝑭𝒎𝒂𝒙 
Spectral region 

[cm-1] 
4000-10000 7500-15000 200-1890 200-1890 

Pre-processinga EMSC, SNV, mc EMSC, mc bl, nm, mc nm, mc 

No. of LVs 4 2 1 2 

RMSEC 8.65 8.54 9.22  6.65  

RMSECV  10.6 8.70  9.52  7.17 

RMSEP 11.8 12.2 11.7  10.0  

PLS model for the quantification of 𝜷 

Spectral region 

[cm-1] 
4000-10000 7500-15000 200-1890 200-1890 

Pre-processinga EMSC, SNV, mc 1st Der, SNV, mc EMSC, mc mc 

No. of LVs 2 4 3 4 

RMSEC  0.242  0.256  0.257  0.290  

RMSECV 0.253  0.320  0.295  0.306  

RMSEP  0.189  0.235  0.245  0.254 

PLS model for the quantification of 𝒍𝒐𝒈𝜶𝑾 

Spectral region 

[cm-1] 
4000-10000 7500-15000 200-1890 200-1890 

Pre-processinga EMSC, SNV, mc 1st Der, SNV, mc bl, nm, mc nm, mc 

No. of LVs 5 5 4 2 

RMSEC  0.292  0.454  0.505 0.483 

RMSECV  0.395  0.599 0.804 0.491 

RMSEP 0.389  0.493  1.271 0.456 
a1st Der: Savitzky-Golay 1st derivate, bl: baseline correction, nm: normalization to unit area mc: mean centering 

 

5.4.4 Direct PLS models 

Direct PLS models were developed to predict the dissolution rate at each of the 35 

measurement time points directly from the measured spectra. The optimal spectral ranges and 

preprocessing methods were selected based on preliminary modeling. A data fusion model was 

also developed, when the same ranges of the spectra were included, pre-treated with the same 

pre-processing methods as in the individual models, plus block variance scaling was applied to 

eliminate the different unit scale of the spectra. The characteristics of the models and the 

mRMSE values obtained by averaging the RMSE values of the individual time points are 

summarized in Table 5.13.  

The models resulted in mRMSEC values ranging between 9.9-15.2 %, while the mRMSEP 

values resulted in lower values for all spectroscopic methods, except for the NIR transmission 

method, which was caused by the outlying validation spectra (see Section 5.4.5). Although the 

prediction errors are usually associated with higher values than that of the RMSEC and 

RMSECV, in this case, the calibration set included some extreme data, which could result in a 

higher error, but better robustness. The low RMSEP value indicated a good generalization of 
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the developed models and good applicability for the prediction of new tablets. Based on the 

mean errors, the NIR spectroscopic techniques were found to be superior to Raman 

spectroscopy and the model fusing the different spectroscopic techniques provided the lowest 

calibration errors. However, from the perspective of prediction of external validation samples, 

reflection NIR provided the best results and the data fusion approach did not contribute to the 

better modeling.  

Table 5.13 PLS calibration model characteristics, the goodness of calibration and external validation. 

 Pre-processinga 
Spectral 

region [cm-1] 
LVs 

mRMSEC 

[%]b 

mRMSECV 

[%]b 

mRMSEP 

[%]b 

NIR reflection SNV, mc 7683-3799 2 12.65 12.98 9.59 

NIR 

transmission 
SNV, mc 11911-7668 3 10.99 10.99 19.33 

Raman 

reflection 
bl, mc 391-1791 2 15.23 15.57 12.0 

Raman 

transmission  
bl, mc 290-1888 3 12.87 13.92 9.91 

Data fusion 
+block variance 

scaling 
 3 9.93 10.36 9.91 

abl: baseline correction, mc: mean centering 
bRMSE values are expressed in dissolution rate % 

 

5.4.5 Direct ANN models 

Training ANNs are often associated with vast time and computational demand, which is 

dependent on the complexity of the network topology. Therefore, before ANN modeling, the 

dimensionality of the spectra was reduced by PCA. For the PCA models, the same spectral 

ranges and preprocessing methods were used as for the Direct PLS models to ensure the best 

comparability of the Direct PLS and Direct ANN method. The number of the necessary PCs, 

i.e. the dimensionality of the new variable space was determined by simultaneously considering 

the explained variation of the PCs (as a rule of thumb, PCs with less than 1 % explained 

variation are not significant), minimalizing the RMSECV and observing the signal-to-noise 

ratio of the loadings. In the case of the reflection NIR spectra, 5 PCs were selected for further 

analysis, explaining 99.77 % of the total variation in the spectral dataset. For the other three 

techniques, 3 PCs were found significant, accounting for 99.30, 96.85 and 96.50 % of the total 

variation in the transmission NIR, reflection Raman and transmission Raman spectra, 

respectively. It is noticeable that the PCA models explained a higher variance of the NIR spectra 

compared to the Raman. In the next step, the score values of these PCs were fed into the 

network, meaning only 3-5 input variables compared to the hundreds of original variables. This 

resulted in significantly faster network training, that is approx. 4 h were required, including 
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1000 bootstrap repetition (~10-15s/training per one network), whereas with the original spectra 

a single training run (without bootstrapping) took more than 15 hours in an Intel® CoreTM i7-

7500 personal laptop. The bootstrapping was used to estimate the confidence interval of the 

prediction and determine if the size of the training dataset is sufficient. In this case, narrow 

confidence intervals were obtained, therefore the 160 training tablets were deemed to be enough 

for the modeling. Additionally, the PCA step before the ANN model could provide an insight 

into the analyzed spectral set, e.g. it can serve as a data quality management tool during model 

application by evaluating if the provided signal is within the operational domain of the 

calibrated model. This step is especially crucial due to the black-box character of the subsequent 

neural network. For example, the utilization of the Q Residual and Hotelling’s T2 values of the 

PCA models can serve as an outlier detection method, as illustrated in Figure 5.27. It could be 

observed that the NIR transmission spectra of the validation samples provide a significantly 

higher Q Residual than that of the calibration spectra or for the reflection NIR method, 

indicating the presence of an unusual variation, which could be due to a measurement error. 

That is, the spectra are outside the model domain and therefore the reliability of the predictions 

obtained from the NIR transmission models is unreliable. The outlier spectra could be resulted 

e.g. by an error in the background measurement, stray-light, humid environment, etc.  This also 

explains the abnormal high prediction errors obtained with these models.  

 

Figure 5.27 Hotelling’s T2-Q Residual plots for a) reflection NIR b) transmission NIR PCA models. 

 

To estimate the relationship between the inputs and the outputs with adequate 

generalization, the effect of the number of neurons was studied through the f1 and f2 values of 

the calculated dissolution curves. This was achieved by systematically changing the neuron 

number from 1 to 10 and performing 100 repeated training for each case. Then, the average f1 

and f2 of the 100 runs and the samples were analyzed. Figure 5.28 illustrates for the reflection 

NIR dataset that including more neurons resulted in lower training f1, i.e. less difference 
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between the measured and calculated dissolution curves. However, for the test samples, a 

gradual increase in the mean and the standard deviation of the f1 values was observed after the 

first few neurons, which implies overfitting of the networks. The same conclusion could be 

drawn by observing the f2 values and for the other three spectroscopic datasets. In each case, 3-

5 neurons were identified as optimal (see Table 5.14) and no relation could be established 

between the number of inputs and the necessary number of neurons. After the optimization of 

the neuron numbers, the selected network topology was trained with 1000 bootstrap resampling 

to also account for the sampling variability. The characteristics of the mean ANN models are 

summarized in Table 5.14. 

 

Figure 5.28 Effect of the number of neurons included in the hidden layer on the f1 values of the 

calculated dissolution curves in the case of the reflection NIR data 

 

Table 5.14 ANN model characteristics, the goodness of training and external validation. 

 
Pre-

processinga 

Spectral 

region 

[cm-1] 

PCs 
No. of 

neurons 

RMSEtrain 

[%]b 

RMSEtest 

[%]b 

mRMSEP 

[%]b 

NIR reflection SNV, mc 7683-3799 5 3 9.13 10.84 6.77 

NIR 

transmission 
SNV, mc 

11911-

7668 
3 3 8.96 10.04 17.67 

Raman 

reflection 
bl, mc 391-1791 3 5 11.94 15.71 10.95 

Raman 

transmission 
bl, mc 290-1888 3 3 13.41 15.63 10.20 

Data fusion 1 
refl. NIR+trans. NIR+refl. 

Raman+trans. Raman 
3 5.96 8.86 8.21 

Data fusion 2 
refl. NIR +refl. Raman+trans. 

Raman 
5 4.65 9.23 6.95 

Data fusion 3 refl. NIR+ trans. Raman 4 5.93 8.34 7.28 
abl: baseline correction, mc: mean centering 
bRMSE values are expressed in dissolution rate % 

 

Although the network training was performed using the MSE performance function, these 

were transformed into RMSE for a straightforward interpretation. It is important to note, that 
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the RMSEtrain and RMSEtest values are not directly comparable with the RMSEC and RMSECV 

values of the PLS models as the training set was randomly divided during ANN modeling. 

However, due to the bootstrapping process, it can be assumed that the effect of the random 

division is eliminated and the true value of the RMSE is estimated. However, the mRMSEP 

values for the validation dataset are calculated in the same way as for the PLS method, allowing 

method comparison (see Section 5.4.6).  

Comparing the different ANN models, similar trends could be observed as in the case of 

the PLS models. That is, based on the training errors, it could be stated that the NIR methods 

provided better models than the Raman spectra. The data fusion approach provided the lowest 

RMSEtrain results among all the models, especially when the transmission NIR spectra were 

omitted from the calculations (Data fusion 2). This could suggest that the different 

spectroscopic measurements complement each other, e.g. the reflection NIR carries the 

information on the effect of compression force, while the Raman spectra could contribute to the 

description of the effect caused by the API and PEO. However, when the external validation 

was carried out, their advantage diminished to around the predictive force of the reflection NIR 

model. Consequently, these results could imply the advantage of the data fusion technique to 

obtain better model fitting, however, a larger training set might be necessary to avoid overfitting 

and improve the predictive power. 

5.4.6 Comparison of the surrogate modeling strategies  

The four surrogate modeling approaches were tested and compared using the 37 validation 

samples of the independent validation sets (Valid 1-Valid 5, see Section 3.2.3). The goodness 

of the fit between the predicted and measured dissolution curves is demonstrated in Figure 5.29, 

by plotting the result of one tablet per validation run. The measured and the predicted 

dissolution curves for all the validation tablets are provided in Section A.5.2 of the Appendix. 

The results show, that except for the transmission NIR method, all models could distinguish 

between the immediate- and extended-release forms. The comparison was performed based on 

the RMSEP between the measured and calculated dissolution curves and the corresponding f1 

and f2 factors. It is worth noting that although the ANN training and bootstrapping was a time-

consuming process, it is carried out off-line during method development, while the application 

of the trained model is in microsecond timescale, that is it can be fitted to real-time analysis.  
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Figure 5.29 Measured and predicted dissolution curves of 5 tablets from the 5 different validation 

runs. 

 

The mean of the RMSEP (mRMSEP) through the time of the dissolution was calculated 

(see Table 5.15), which showed the superior performance of the Direct ANN models except for 

the Raman transmission dataset, where the Direct PLS model provided a lower value by 0.3 %. 

As for the applied spectroscopic techniques, the performance of the different datasets varied 

with the modeling approach, although, in general, the reflection NIR and transmission Raman 

spectra appeared to perform the best. It is interesting to note, that the two Weibull model-based 

approaches appeared to be less sensitive to the outlier transmission NIR validation data, 

providing significantly lower mRMSEP values than the direct methods, which otherwise 

outperformed the Weibull-based methods. To explain this, the sensitivity of the methods to 

random experimental or analytical errors should be the subject of further studies. Data fusion 

models were also developed (in the case of the Weibull-RS-PLS and Weibull-PLS the best 

individual PLS models were combined when fitting the Weibull profile). Based on the 

observations of the dissolution curves (Figure 5.29), this helped especially the Weibull-RS-PLS 

method to characterize the shape of the dissolution profile. However, the performance of the 
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dissolution prediction was not improved significantly based on the RMSEP values. This is 

associated with the fact, that the effect of all the process parameters appeared in each type of 

spectra. However, data fusion is expected to have a greater impact when more complex systems 

are modeled, and several different PAT data need to be handled simultaneously.  

Table 5.15 Mean RMSEP (mRMSEP [%]) of the predicted dissolution curves with the different 

surrogate models. 

 Weibull-RS-PLS Weibull-PLS Direct PLS Direct ANN 

NIR refl. 12.3 20.6 9.59 6.77 

NIR trans. 13.8 12.4 19.3 17.7 

Raman refl. 18.8 24.9 12.0 11.0 

Raman trans. 12.3 14.8 9.91 10.2 

Data fusion 14.4a 14.2b 9.91 

Data fusion 1: 8.21 

Data fusion 2: 6.95 

Data fusion 3: 7.28 
a (API: Raman trans.; PEO: Raman refl.; CF: NIR refl.) 
b (𝐹𝑚𝑎𝑥: Raman trans;  𝛽: NIR refl.; log 𝛼𝑊: NIR refl.) 

 

Although the mRMSE values provide a straightforward, univariate way to the different 

models, it was found that the RMSE values through the time of the dissolution (Figure 5.30) 

also reveal significant differences. It is apparent, that the best performing models (Direct ANN 

with NIR reflection spectra and data fusion) show a nearly constant RMSEP through the time, 

which value is around 5 %, approximately the error of the API quantification. In contrast, the 

models having the highest mRMSEP values (e.g. Direct ANN and Direct PLS with transmission 

NIR spectra and Weibull-PLS with Raman reflection spectra) show an even more substantial 

error in the initial part of the dissolution, which is the most critical part of the dissolution from 

the viewpoint of characterizing the extended/immediate-release of the tablets. A typical 

RMSEP profile of the Direct PLS technique is also noticeable: while at the end of the 

dissolution the RMSEP values are basically identical to that of the Direct ANN, a non-linear 

decreasing trend can be observed until approx. 200-300 min. It is important to note, that the 

Direct PLS is a purely linear model as opposed to the other three techniques (ANN is a non-

linear modeling tool, the Weibull-RS-PLS included non-linear terms in the RS and the Weibull-

model itself is a non-linear equation.) This suggests, that the Direct ANN is the most efficient 

method for handling the non-linearity in the dataset, which caused its superior performance. 
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Figure 5.30 RMSEP through the time of the dissolution process.  

 

Besides the RMSEP values, the distribution of the f1 and f2 values calculated for all the 

samples and all the models are represented in the box-plots of Figure 5.31 and Figure 5.32. For 

each model, the plot represents the mean, median, the 25th and 75th percentile, and the range of 

the f1 and f2 values obtained from the 37 validation samples. Essentially the same conclusions 

could be drawn from the f1 and f2 values, although the f2 values had a wider range, as well as the 

results agreed with the RMSEP results. The range of the f1 values of the Direct ANN with the 

NIR reflection and data fused dataset remained in the acceptance limit, indicating that the 

accuracy of the prediction could reach the regulatory-set requirements. It is also noticeable, that 

the Weibull-RS-PLS performed considerably well based on the f1 values, providing a similar 

mean and median than the Direct PLS and ANN, however, significantly more outliers can be 

seen, which undermines its reliability.  

 

Figure 5.31 Statistical representation of the distribution of the f1 values of the predicted validation 

samples. 
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Figure 5.32 Statistical representation of the distribution of the f2 values of the predicted validation 

samples. 

 

5.4.7 Conclusions on the modeling of the in vitro dissolution of tablets 

In this work, Raman and NIR spectroscopy was applied for the surrogate modeling of the 

in vitro dissolution of caffeine tablets, which means, that with its use for RTRT, a 10 h long 

dissolution test could be replaced by 5-15 s long non-destructive, real-time (in-line or at-line) 

applicable spectroscopic measurements. This could significantly increase the analyzed sample 

size, resulting in enhanced confidence in the quality assurance, and gives the possibility of 

better process control. 

Four different surrogate modeling strategies were tested, among which two (Weibull-RS-

PLS, Weibull-PLS) relied on the fitting of the Weibull model to describe the dissolution profile, 

while the other two (Direct PLS, Direct ANN) directly predicted the dissolution rate at 35 

timepoints. The comparison revealed the superiority of the direct approaches, but the 

application of the Weibull-RS-PLS had the advantage of obtaining additional understanding of 

the relationship between the process parameters and dissolution. To the best of the authors’ 

knowledge, this is the first study of the applicability of ANNs for dissolution prediction from 

PAT data and the results highlighted its potential, which could be primarily associated with its 

capability to handle non-linear relationships. Compared to this, the most common Direct PLS 

technique showed a significant nonlinear trend in the error, mostly at the critical initial phase 

of the dissolution profile. Fast (i.e. real-time applicable) predictions were possible with Direct 

ANN coupled with a PCA-based preprocessing of the spectra, where the PCA step also served 

as a method for outlier detection.  

The introduced methodologies can be generalized for the application with several PAT 

measurements, material properties and registered process parameters. To achieve their data 
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fusion, Direct ANN is also an easy and straightforward method. Further studies may aim to test 

the potential of data fusion using different process data (e.g. in-line spectroscopic 

measurements, particle size data) with several pharmaceutical formulations. Furthermore, the 

robustness of the modeling strategies via parallel testing still needs to be established. In this 

way, a comprehensive process understanding and control could be achieved, which can further 

contribute to the RTRT of the manufacturing.  
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6 SUMMARY 

As the pharmaceutical industry is increasingly implementing continuous manufacturing 

techniques, and the QbD and PAT paradigms are explicitly encouraged by the regulatory 

bodies, the application of advanced mathematical and chemometric modeling techniques is 

soon becoming unavoidable both at the development and manufacturing stage. Therefore, this 

work aimed to contribute to the pressing topics of digital design of processes and products, as 

well as to the development of real-time release possibilities supported by PAT and chemometric 

data evaluation.  

Firstly, a fully integrated flowsheet model was developed based on continuous unit 

operations to characterize the plant-wide continuous upstream manufacturing of acetylsalicylic 

acid. To achieve this, first, a novel filtration modeling methodology was developed to predict 

the changes in the filterability caused by the different CSDs produced in a continuous 

crystallizer. The model was found to be in good agreement with the experiments and was used 

to mathematically characterize the operation of an automated batch-type continuous filtration 

integrated with a continuous crystallization the first time. Furthermore, the mechanistic 

description of the in vitro dissolution of capsules was incorporated into the flowsheet model, 

which enabled the digital design of the final product. Overall, the utilization of the integrated, 

dynamic flowsheet model demonstrated its outstanding impact on the optimization of the 

manufacturing and determining the risk associated with the change of the operating conditions. 

These results contributed to the better understanding of the development, operation and control 

of integrated continuous process line, and could further promote the experimental integration 

of existing continuous unit operation to achieve fully continuous end-to-end manufacturing. 

  Secondly, downstream process steps were analyzed using real-time applicable Raman and 

NIR spectroscopy and chemometric modeling techniques. The lubrication properties of an 

integrated continuous powder blending and tableting process were studied by the means of PAT 

the first time. It was found that the Raman and NIR spectroscopic models could not only 

determine the content uniformity, the applied compression force and the lubricant (magnesium 

stearate) concentration, but their simultaneous utilization provided additional information on 

the distribution of the lubricant within the tablet. This made it possible to deduce the occurrence 

of overlubrication, which is a critical factor on several tablet properties, including tablet 

hardness and dissolution. The possibility of surrogate modeling of in vitro dissolution testing 

was further studied on an extended-release tablet formulation. Four calculation strategies were 

systematically compared, and it was found that directly predicting the dissolution rate is more 
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efficient than using a dissolution model to describe the profile. Moreover, ANNs, which were 

applied the first time for dissolution prediction from PAT data, proved to provide the best 

similarity to the reference dissolution measurements. The obtained similarity between the 

calculated and measured curves indicated that the surrogate model could be applied in place of 

the traditional dissolution testing in a real-time release strategy, meaning the reduction of a 10 

h long measurement to a 5-15 s long, real-time, non-destructive spectrum accumulation. 

Although the studies presented in this thesis were conducted using model pharmaceutical 

formulations, the developed modeling methodologies can be directly transferred to further, 

commercial formulations and their manufacturing processes. Consequently, the results could 

find applications in the pharmaceutical industry both at the development and manufacturing 

phase e.g. to aid the development of integrated continuous lines, to design and control the 

processes and products, and serving as a basis of real-time release testing strategies.  
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