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PREFACE 
This thesis has been submitted to the PhD School of the Faculty of Science, University of 

Copenhagen. The represented work was carried out at the Section for Chemometrics and 

Analytical Technologies of the Department of Food Science, at the University of Copenhagen. The 

project was supervised by Dr Åsmund Rinnan. 

The Ph.D. project was funded as part of the EU Horizon 2020 Research and Innovation 

programme under the Marie Skłodowska-Curie grant agreement No 675074, as part of the 

funding for the Innovative Training Network “Protein-Excipient Interactions and Protein-Protein 

Interactions in Formulation (PIPPI)”. Database development was done in collaboration with the 

Department of Chemistry of the Danish Technical University. Collaboration on the research on 

nDSF, DSF and ICD were done with the Department of Chemistry, Technical University of 

Denmark, with Novozymes A/S, and with the Department of Pharmaceutical Technology and 

Biopharmaceutics, Ludwig-Maximilians-University Munich. 

 

Current work resulted in the following research articles, marked as first-authored papers, P1, P2, 

and P3. These are included as chapters in this manuscript. Co-authored papers, CP1 and CP2, are 

discussed within the thesis in the context of P1, P2, and P3. 

 

Publications and manuscripts included in the thesis: 

 

P1 – Chapter 8 

[1]  D. Augustijn, A. Kulakova, S. Mahapatra, P. Harris, Å. Rinnan, Isothermal Chemical 

Denaturation: Data Analysis, Error Detection and Correction by PARAFAC2, (2019), [submitted 

manuscript]. 

 

P2 – Chapter 9 

[2]  D. Augustijn, S. Mahapatra, W. Streicher, H. Svilenov, A. Kulakova, C. Pohl, Å. Rinnan, Novel 

Non-linear Curve Fitting to Resolve Protein Unfolding Transitions in Intrinsic Fluorescence 

Differential Scanning Fluorimetry, European Journal of Pharmaceutics and Biopharmaceutics, 

(2019). 

 

P3 – Chapter 10 

[3] D. Augustijn, A. Lianos, A. Kulakova, I. El Bialy, L. Gentiluomo, M.L. Greco, S.H. Hansen , S. 

Indrakumar, S. Mahapatra, M. Martinez Morales, C. Pohl, M. Polimeni, A. Roche , H.L. Svilenov, A. 

Tosstorff, M. Zalar , R. Curtis, J.P. Derrick, W. Frieß, A. Golovanov, T.A. Khan, M. Lund, A. Nørgaard, 

G. H.J. Peters, A. Pluen, D. Roessner, W. W. Streicher, S. Uddin, C.F. van der Walle, G. Winter, P. 

Harris, Å. Rinnan, PIPPI-data: Public Protein Stability Characterization and Formulation Screening 

Database, [manuscript in preparation]. 
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[4]  L. Gentiluomo, D. Roessner, D. Augustijn, H. Svilenov, A. Kulakova, S. Mahapatra, G. 

Winter, W. Streicher, Å. Rinnan, G.H. Peters, Application of interpretable artificial neural networks 

to early monoclonal antibodies development, European Journal of Pharmaceutics and 

Biopharmaceutics, 141 (2019) 81-89. 

 

CP2 

[5]  L. Gentiluomo, H. Svilenov, D. Augustijn, I. El Bialy, M.L. Greco, A. Kulakova, S. 

Indrakumar, S. Mahapatra, M. Morales, C. Pohl, A. Roche, A. Tosstorff, R. Curtis, J. Derrick, A. 

Noergaard, T. Khan, G. Peters, A. Pluen, Å. Rinnan, W. Streicher, C. van der Walle, S. Uddin, G. 
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development through comprehensive computational and biophysical characterization, Molecular 
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“An expert is a person who has made all the mistakes which can be made in a very narrow field” 

– Niels Bohr 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

“Science is magic that works.”  

– Cat's Cradle, Kurt Vonnegut 
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excipients 



VII 
 

SEC Size-exclusion chromatography 
SLS Static light scattering 
T½, Tm (Apparent) melting temperature 
Tagg Aggregation onset temperature 
Tonset, Ton Unfolding onset temperature 
Trp Tryptophan 
Tyr Tyrosine 
VH, VH Antibody heavy variable region 
VL, VL Antibody light variable region 

  



VIII 
 

ABSTRACT / SUMMARY 
(English) 

The characterization of protein stability in relation to formulation is an important and developing 

analytical field. The field of protein formulation science aims at finding the solvent conditions that 

optimize protein colloidal stability, conformational stability, and solubility. The studied proteins 

are often biotherapeutics, and direct intravenous admission of the formulated protein into 

patients necessitates a fully characterized and flawless drug product. The analytical toolbox for 

protein stability studies is large, and consists of high-throughput screening methods, low-

throughput methods, and long-term storage or stress studies. 

The PIPPI consortium has built a uniquely comprehensive data set in the field of protein 

formulation, as a combination of varying proteins, formulation aspects, and analytical techniques. 

These data are built up as two formulation screenings. Within this comprehensive set, protein 

conformational stability is measured by various fluorescence spectroscopy techniques, where 

data dimensionality can be used and expanded to gain advantages over current methods. 

Protein fluorescence spectroscopy is an important tool to monitor protein conformational 

stability, as changes to the fluorescent amino acid electrostatic environment are observable as 

fluorescence peak deformations. For two of these techniques, innovative multivariate data 

analysis approaches have been developed as improvements over the traditionally solely 

univariate analysis methods. First, it is shown how PARAFAC2 can be applied in the analysis of 

fluorescence spectroscopy in isothermal chemical denaturation experiments (P1). Secondly, a 

study finds how non-linear curve fitting of nDSF data can improve and automate analysis, as 

particularly beneficial in the case of overlapping protein unfolding transitions (P2). An example 

data set is used to show protein unfolding as three-way fluorescence data. This set is used to show 

how extending the dimensionality of protein fluorescence data, and by using its multi-linear 

properties, the specificity can be enhanced (Chapter 7).  

The characterizations of protein stability over a range of proteins and protein formulations are 

part of the large effort to create an all-inclusive data set for protein formulation scientists. The 

protein formulations included in this dataset have been chosen based on an experimental design 

that mimics industrial formulation development. The culmination of the screening effort, the 

PIPPI-data database and its web-interface (P3), thus encompasses a comprehensive data set that 

is unique in the field of protein formulation. The PIPPI-data database is discussed with regards to 

challenges of protein formulation science as a whole. 
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(Danish) 

Karakterising af proteinstabilitet i relation til formulering er et vigtigt analytisk felt under 

udvikling. Formålet bag forskning i proteinformulering er at finde de rette solventbetingelser for 

at optimere proteinkolloidal stabilitet, konformationel stabilitet samt opløselighed.  De 

undersøgte proteiner er ofte bioterapeutiske midler, og direkte intravenøs indsprøjtning af 

proteinformuleringerne i patienten gør det nødvendigt at lægemidlet er fuldt karakteriset og 

fejlfrit.  Den analytiske platform til proteinstabilitetsundersøgelser spænder bredt, i form af high-

throughput screening metoder, low-throughput metoder og langtidslagring eller stress-studier. 

PIPPI-konsortiet har opbygget et unikt omfattende datasæt inden for proteinformulering, med 

kombinationer af forskellige proteiner, formuleringsforhold og analytiske teknikker. Dataet er 

baseret på to formuleringsscreeninger. Inden for dette brede sæt af prøver måles den 

konformationelle stabililtet af proteinerne ved hjælp af forskellige fluorescensspektroskopiske 

teknikker, hvorunder datadimensionaliteten kan udnyttes og udvides til at opnå fordele i forhold 

til de nuværende metoder.  

Protein-fluorescensspektroskopi er et vigtigt værktøj til at monitorere den konformationelle 

stabilitet af proteiner, idet ændringer i det elektrostatiske miljø omkring de fluorescerende 

aminosyrer kan observeres som deformeringer af fluorescenssignalerne.  For to af disse 

teknikker er der udviklet innovative multivariate dataanalyse metoder, der har resulteret i 

forbedringer i forhold til de traditionelle univariate metoder. Først demonstreres hvordan 

PARAFAC2 kan anvendes i analysisen af fluorescensspektroskopi på isotermiske kemiske 

denatureringsforsøg (ICD) (P1). Dernæst viser et studie hvordan ikke-lineær curve fitting af nDSF 

data kan forbedre og automatisere analysen, hvilket er særligt fordelagtigt i tilfælde af 

overlappende proteinudfoldningsovergange (P2). Et eksempel-datasæt bruges til at vise 

proteinudfoldning i form af trevejs fluorescensdata. Dette bliver brugt til at illustrere hvordan 

udvidelsen af dimensionaliteten af protein-fluorescensdata, samt udnyttelsen af dets multi-

lineære egenskaber kan føre til en øget specificitet (kapitel 7).  

Karakteriseringen af proteinstabiliteten over en række af proteiner og proteinformuleringer er 

en del af den store indsats til at skabe et omfattende datasæt til brug for forskere inden for 

proteinformulering.   Proteinformuleringerne, inkluderet i dette datasæt, er udvalgt på baggrund 

af et eksperimentelt design, der efterligner industriens formuleringsudvikling. Slutresultatet af 

screeningsindsatsen, PIPPI-data databasen og dens web-interface (P3), indeholder således et 

omfattende datasæt, der er unikt inden for proteinformulering. Endeligt diskuteres PIPPI-data 

databasen med hensyn til udfordringer inden for proteinformuleringsvidenskab som helhed. 
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1. INTRODUCTION 
The research represented in this thesis deals with the analytical chemistry in the field of protein 

formulation. Specifically, it concerns data analysis and data handling in a formulation screening 

setting. Protein formulation research is an innovating field, where new instruments are 

developed or adopted from various other analytical fields. With these emerging techniques and 

improvements of established methods, more and more diverse data is collected. Traditionally, the 

field of protein formulation has a univariate focus, much alike other fields, based in the extraction 

of theoretical, or otherwise well-established, parameters from the measurement data. The role of 

multivariate statistical analysis can be further developed for specific applications in the field of 

protein characterization. Multivariate data analysis can use, otherwise unexplored, data 

dimensions to gain additional insights. Furthermore, multivariate data analysis has a large set of 

tools that can be applied to more precisely and more robustly extract the parameters of interest. 

Finally, I suggest how current analytical methods can be applied to obtain extra information from 

measurements, and to suggest problems that can be solved using the full range of available data. 

 

The conundrum underlying the field of protein formulation is: How can the stability of a protein-

based medicine be guaranteed over its life-time, under the stresses that occur during production, 

fill-finish, storage, shipping, and admission? This breaks down into various smaller questions. (1) 

What are the underlying mechanisms of protein stability? (2) How to characterize the stability of 

a protein? (3) What analytical tools are suitable to detect protein stability? (4) How do these 

analytical tools relate to each other? (5) How do high-throughput methods compare to long-term 

stability studies? (6) How can different samples be compared within the same method and 

between methods. 

The aim of this research is to look at these questions from a multivariate data analytical 

perspective, looking at improvements in terms of data analysis methodologies and strategies, as 

well as a comparison in applicable strategies with relation to the data structure. The work has a 

focus on fluorescence spectroscopy as the analytical technique. 

Below, you will find an overview of the field of protein formulation and of the PIPPI project. 

Discussed are general consideration for proteins, how the proteins investigated connect to 

present-day biotherapeutics, and an overview of the PIPPI proteins. 

Over the following chapters, the theory of protein stability is explained, where research focus 

areas are highlighted and expanded upon together with the research techniques relevant to P3, 

the development of the database. Chapter 5 discusses the theory of protein fluorescence and its 

application to the field of protein formulation. Chapter 6 gives and overview of the data aspects 

in protein fluorescence, which is exemplified by Chapter 7. The Chapters 8, 9, and 10 link the 

aspects of protein formulation, protein fluorescence, and data dimensionality to the manuscripts: 

P1 (Isothermal chemical denaturation with fluorescence spectroscopy), P2 (intrinsic 

fluorescence differential scanning fluorometry), and P3 (Development of a public database and 

data collected in protein formulation screening). 

1.1 PIPPI PROJECT 

The PIPPI project, “Protein-excipient Interactions and Protein-Protein Interactions in 

formulation”, is a collaborative research project by a consortium of scientists in the field of 

structural and computational biology, biophysics, protein formulation and stability. The 
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consortium consists of both academic and industrial partners working in Denmark, Sweden, 

Germany and the United Kingdom. 

The principal goal of the consortium is the development of a public database filled with cutting-

edge data and knowledge about the properties of proteins in pharmaceutical formulations. The 

researchers aim to combine systematic investigations of the physico-chemical behavior of a 

number of proteins with an in-depth understanding of the molecular interactions behind the 

macroscopic behavior. Next to the database, a major outcome of the project is the comparison of 

different experimental techniques, looking for complimentary and overlapping information, 

especially between high-throughput screening and long-term stress and stability studies. Data is 

generated across two protein screenings. The first screening, Screen 1, investigates the effect of 

pH and ionic strength, which is followed by a second screening, Screen 2, that investigates the 

effect of buffer molecules and excipients. The experimental design of both Screen 1 and Screen 2 

are included as Appendix 04. Figure 1 shows the workflow of the first formulation screening by 

the PIPPI consortium[5]. Fourteen of the eighteen proteins have been included therein, the 

plectasins were excluded for their different characteristics and subsequent characterization 

methods. The experimental methods (in blue) and in-silico methods (in green) complement each 

other, in combination with information on 14 studied proteins (in yellow). Both the experimental 

methods and in-silico methods are elaborated on in the method section, Chapter 3. The public 

dataset (in red) is the subject of P3, which also encompasses data from the second experimental 

screening. 

 

 
Figure 1. Overview of the PIPPI Screen 1 inputs, by Gentiluomo et al. (2019)[5]. This can be extended to include Screen 2, 
which has an extended range of biophysical and computational characterizations as well as a different experimental 
design of formulation conditions. 

The contributions described in this manuscript are focused on improving the extraction of 

information from raw data, focusing on data originating from fluorescence spectroscopy (P1, P2), 

and on the design of publicly accessible data and database (P3). Co-authored paper CP1, 

investigates ANNs method for the prediction of aggregation, and CP2, on the data collection of 

Screen 1 and the cross-correlations of screening techniques. 

 

The analytical methods used in both screening studies are collectively employed in order to 

describe the efficacy of biotherapeutics. Efficacy is the protein’s ability to produce a desired or 

intended effect. It is important to keep the efficacy high and constant after producing, storing, 

and/or administering liquid formulation, such as that the effective dosage and effect are 

predictable. A loss of efficacy can be caused by a combination of protein aggregation, film 

formation, degradation, deformation or unfolding. Furthermore, particles composed of 

aggregated protein may cause unintended immunogenicity.[6] 
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1.2 DESCRIPTION OF PIPPI PROTEINS 

When trying to make a generic study of proteins in the biopharmaceutical formulation process, it 

is imperative to select proteins with a similar fold-distribution as the proteins in the general 

biopharmaceutic field. The protein fold classes are broad categorizations of protein tertiary 

structure topologies, and the distribution of biotherapeutics currently available among the 

different fold classes is given in Figure 2.  

 
Figure 2. Distribution of protein fold class of biopharmaceutics. 

Proteins used in the PIPPI project (Table 1) are selected to reflect the range of protein folds that 

are found in currently available biologics. The selected 18 PIPPI proteins cover 80% of the 

biologics as characterized by their tertiary structure. Next to the protein fold classes, there are 

other important protein characteristics that ought to be included. The PIPPI proteins cover (1) a 

large range of sizes, from the 4 kDa plectasins, via 150 kDa IgG1-type antibodies, up to a 204 kDa 

bispecific, (2) the predominant part of the biological isoelectric point (pI) range, with the bulk of 

the proteins in the range of pI 4.7 to pI 9.2, and (3) various protein functions, such as molecule 

binding (e.g. HSA), protein-protein binding (e.g. IgG1), cytokinesis (i.e. Interferon-α) and 

antibiotic membrane disruption (e.g. plectasin). 

Table 1. Proteins studied by the PIPPI consortium.  

PIPPI ID Type  MW (kDa) pI Specification Structure 

PPI‐01 IgG1λ  144.8 7.96   all‐β 

PPI‐02 Human IgG1κ 148.2 8.53   all‐β 

PPI‐03 Human IgG1κ 144.8 8.44 Wild type all‐β 

PPI‐04 IgG1λ 146.2 8.99 Triple mutant[7] all‐β 

PPI‐08 IgG1κ w/ scFv 204.4 8.9 ‐ 9.2 Bispecific all‐β 

PPI‐10 Human IgG1 144.2 8.95   all‐β 

PPI‐11 IgG4λ‐P 146.3 9 Triple mutant[7] all‐β 

PPI‐13 Human IgG1κ 148.9 9.04 Triple mutant[8] all‐β 

PPI‐17 IgG2κ 145.1 7.78   all‐β 

PPI‐18 HSA‐NEP 146.7 5.8 Protein conjugate all-α (HSA)  

α+β (NEP) 

PPI‐30 IFNα‐2A 19.2  5.97 Interferon alpha2a all‐α 
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PPI‐40 Plectasin 4.4  9.33 Wild type small 

PPI‐41 Plectasin 4.4  9.75 Mutant small 

PPI‐42 Plectasin 4.4  9.92 Mutant small 

PPI‐43 Plectasin 4.4  9.97 Mutant small 

PPI‐44 Transferrin 74.9  6.58  α/β 

PPI‐45 Lipozyme 29.5  4.7  α/β 

PPI‐46 Lipolase 29  4.8  α/β 

PPI‐49 HSA 69.4  5.67  all‐α 

      

i. PPI-01, PPI-02, PPI-03, PPI08, PPI-10, PPI-13, and PPI-17 are studied in P1. 

ii. PPI-03, PPI-13, and PPI-30 are subject to further investigation in P2. 

iii. All amino acid sequences, with the exception of PPI-04, PPI-08, PPI-11, PPI-40, PP-41, PPI-42, 

and PPI-43, are currently available at http://pippi-data.kemi.dtu.dk. 

 

For the purpose of this thesis, all proteins are considered as amino acid (AA) chains in aqueous 

solution and, unless otherwise specified, correctly folded and monomeric. Some proteins 

encompass multiple amino acid chains that are sometimes chemically linked, as multi-domain 

proteins. This is the case for roughly half of the PIPPI proteins, most of which are 

immunoglobulin G-type monoclonal antibodies. These proteins play an important role in novel 

biologics, both as a large portion of newly approved therapeutic proteins, and also by forming the 

basis of contemporary biologics research fields, such as antibody drug conjugates ADCs. These 

proteins are also studied in P1 and P2. A brief elaboration of their structure, variations and 

nomenclature, focusing on IgG1 and IgG2, is included as Appendix 05. 
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2. PROTEIN STABILITY 

Proteins are innately unstable, and require a tailored environment to have a long shelf-life. The 

physico-chemical stability of proteins, collectively designated protein stability in the formulation 

context, can be categorized into four interacting facets. (1) The term chemical stability is used to 

indicate changes to the protein primary protein structure, for instance by deamination, oxidation, 

fragmentation or hydrolysis. (2) Adsorption is the proteins propensity to form films at surface 

interfaces. (3) Colloidal stability concerns protein-protein interactions, leading to aggregation 

and/or precipitation. (4) And the conformational stability characterizes the propensity for a 

protein to unfold or misfold, or in general the preservation of tertiary structure.[9-11] 

In the PIPPI project, the adsorption was studied outside of the formulation screening. It requires 

different techniques and high protein concentration, or is characterized as a variable of protein 

concentration, which was incompatible with the constant and low protein concentration 

(~1 mg/ml) used in the protein screening setup. Chemical stability was tested for the samples at 

the start of the screening, primarily as fragmentation. In the late-stage formulation process, the 

main focus lies on conformational and colloidal stability, which is mimicked by the screening 

experiments of PIPPI. 

Colloidal stability and conformational stability can both lead to aggregation. The rate of 

aggregation is set by equilibrium constants, for reversible processes such as unfolding (K1) 

association (K2), and irreversible rate constants for polymerization of unfolded (k2) and native 

(k2) protein. Aggregation triggered by unfolding is sometimes designated as nonnative 

aggregation. The two main pathways for aggregation are given in Figure 3, by Ohtake et al. 

(2011)[5]. 

 
Figure 3. The effect of excipient on the equilibrium constant of unfolding and association. K1: Equilibrium constant for 
protein folding/unfolding, k1: Rate constant for association of unfolded protein, K2: Equilibrium constant for association 
of native structure, k2: Rate constant for association of native protein oligomers. Aggregation can occur from the 
association of either the unfolded or the native state of proteins by different mechanisms. Figure by Ohtake, Kita and 
Arakawa (2011)[5]. 

The characterization of stabilities relies on the extraction of physicochemical parameters, which 

are denoted as analyzed data, e.g. highly processed data, in opposition to raw data, which is 

collected as either direct machine output or after low-level processing. This distinction becomes 

especially relevant in Chapter 6 and Chapter 10 (P3). 

2.1 COLLOIDAL STABILITY 

Colloidal stability is the capacity of a protein to dissolve in solution, leading to a colloidal state 

where the proteins are dispersed homogenously through the solution as monomers or 
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occasionally small oligomers. A low colloidal stability implies aggregate formation, leading to 

larger particle formation, sediments, or emulsification. Figure 4 shows the interaction between 

colloidal stability and protein concentration. In the most favorable case, case 1, protein 

concentration can be increased until maximum solubility is reached without precipitation. 

Depicted case 2 and case 3 show protein precipitation, with different precipitation mechanisms, 

before maximum solubility is reached. 

 
Figure 4. Theory of precipitation of protein as function of protein concentration, illustrating both the concentration effect 
of colloidal stability as well as three cases of protein solution. S1 is used here to denote the maximum solubility. In the ‘ideal’ 
case, case 1, protein concentration can be increased until maximum solubility is reached without precipitation. Case 2 and 
case 3 show protein precipitation, with different precipitation mechanisms, before maximum solubility is reached: a solid 
phase is formed as a function of protein-protein interactions and protein concentration. Figure by Patrick Garidel (2013) 
(https://www.americanpharmaceuticalreview.com/Featured-Articles/152568-Protein-Solubility-from-a-Biochemical-
Physicochemical-and-Colloidal-Perspective, accessed 22-12-2019). 

Characterization of the colloidal stability and comparison of colloidal stabilities of multiple 

proteins or formulations, is done by approximation of rate kinetics or by aggregation 

thermodynamics. The latter can be also be obtained from modelling approaches, which provides 

additional practical insights into the mechanism and influence of formulation aspects. 

The parameterization of colloidal stability and aggregation is depending on the technique used, 

as discussed in the next section. Theoretical kinetic or thermodynamic parameters are calculated 

from experimental data. Herein some assumptions have to be made, most importantly the 

approximation of proteins as hard spherical particles in dilute solution.[12] The foremost 

calculations are: 

(1) The osmotic virial coefficient is used to describe the interaction between particles as part of 

the grand canonical partition function, or in terms of the contribution to density and pressure 

within the sample. In essence, the virial coefficients are the contributions of interaction effects 

of different particles, which summed describe the deviation from an ideal gas. Herein, of 

relevant parameter, the osmotic virial coefficient B2 (or b2), describes the particle-particle 

interaction. B2 can be split into various contributions that are measurable, as interaction 

within the three-component system, composed of the bulk (solvent), denoted by an index 1, 

the protein (solute), denoted by an index 2, and the excipient (co-solute) dissolved in water, 

denoted by an index 3. For protein colloidal stability, the protein-protein interaction is 

described as the second osmotic virial solute-solute coefficient (mol-1mL-1g2), denoted B22. The 

Protein-co-solute interaction is contained in second osmotic virial cross coefficient (mol-1mL-

1g2), denoted B23, which relates to added excipients or proteins. The protein-solvent virial 

coefficient B12 of a dilute system is not often of particular interest, since the solvent is always 



7 
 

water. The effect of pH and salt are best expressed in terms of B22, as contributing to 

electrostatic protein-protein interactions. A negative B22 indicates protein-protein repulsion, 

and is therefore indicative of increased colloidal stability. The B22 is represented by A2, the 

second virial coefficient, or B2, when only B22 is relevant.[12-14] 

(2) The diffusion interaction parameter, denoted as kD, indicates how diffusion trends with 

concentration. The kD is directly related to the second virial coefficient. This parameter should 

not be confused with the equilibrium dissociation constant, noted Kd, e.g. as commonly used 

in protein-ligand binding. The diffusion interaction parameter is calculated from the 

translational diffusion coefficient (Dt), as determined by scattering light-based techniques, as 

a function of concentration. In DLS, the kD is obtained from 𝐷 = 𝐷0(1 + 𝑘𝐷𝐶 +  … ) with incept 

D0 and protein concentration C. A positive value of kD is indicative of repulsive interactions 

while negative values indicate attraction.[15] 

(3) The hydrodynamic radius, Rh, and the radius of gyration, Rg, are two measurement of the size 

of a protein in solution. They give insight into solvation effects, tertiary structure, 

oligomerization (i.e. dimerization), and aggregation. Rh is defined as the radius of a hard 

sphere at equal diffusion rate as the investigated particle. It is therefore an approximation of 

the effective size, also termed as ‘apparent size’. The hydrodynamic radius is the observable 

placeholder for the Stokes radius or Stokes-Einstein radius at infinite dilution. The radius of 

gyration is the mass weighted average distance from the protein’s center to each of its mass 

elements. When both Rg and Rh are determined, the ratio of Rg/Rh gives insight into the general 

shape of the particle. The ratio’s maximum (~0.78) indicates a spherical protein[16]. 

(4) Viscosity and zeta potential (ζ-potential) are two measurement for colloidal flow in protein 

solutions. The viscosity is important for sample administration, where low viscosity means 

low needle-pressure and easy administration. The zeta potential is a measurement of the 

electrokinetic potential of the particles in the system. In broad terms this means that, due to 

charges at the protein surface (surface charge), an opposingly charged layer of bulk solution 

ions surrounds the protein, forming the stern layer and a slipping plane. These layers shield 

the protein from the bulk solution, and thus from other proteins. The charge in these layers 

is the zeta potential, a measurement of the electrostatic shielding.[17] 

2.2 CONFORMATIONAL STABILITY 

Conformational stability is given as the propensity of a formulated protein to retain its tertiary 

structure. Conformational stability encompasses both chemical conformational stabilities, as 

subject to study in P1, where protein conformational stress is tested by chemical denaturants and 

thermal conformational stability, as subject to study in P2, where protein conformational stability 

is investigated during a temperature ramp.  

Conformational stability is described as an equilibrium between the folded and unfolded state, 

as: 𝐹 (𝑓𝑜𝑙𝑑𝑒𝑑)
𝐾1
⇔  𝑈 (𝑢𝑛𝑓𝑜𝑙𝑑𝑒𝑑), which for multi-domain proteins can be described for each 

unfolding step or domain, or in its entirety by inclusion of the intermediate state(s).[18, 19] 

Proteins can have multiple protein unfolding domains, and therefore multiple unfolding 

transitions. Protein unfolding can lead to aggregation. Hydrophobic amino acids are typically 

folded inwards, solvent unexposed, whereas hydrophilic amino acids form the protein surface. 

Protein unfolding exposes hydrophobic patches, which initiate aggregation. Unfolding induced 

aggregation can be described in terms of rate kinetics, i.e. as given by k1 in Figure 3 above. An 
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example of unfolding induced aggregation is IFN-α (PPI-30) in P2. Some of the commonly used 

indicators of conformational stability are: 

(1) Thermodynamic Gibbs free energy of unfolding ΔG or ΔGu, is an indirect observable of the 

energy involved in the unfolding, and therefor directly relates to the amount of energy that is 

spend in unfolding the protein. It is the difference between the Gibbs free energies of the 

folded and unfolded state, [Δ𝐺𝑈 = 𝐺𝑈 − 𝐺𝐹], where The Gibbs free energy relates to enthalpy 

H, entropy S and temperature T by [𝐺 = 𝐻 − 𝑇 ∗ 𝑆]. The value of ΔG is typically small, 

observed as around 5 – 20 kcal mol-1 for IgG1s depending on domain and temperature [20]. 

For perspective, chemical bonds are much stronger, such as the relatively weak C–C bond at 

85 kcal mol-1, or C–H at 98 kcal mol-1 [21]. The Gibbs free energy can be derived for chemical 

denaturation experiments, for the equations see Lazar et al. (2010)[20]. For multidomain 

proteins, each unfolding step n result in multiple ΔGn, as is schematically given in Figure 5. 

 
Figure 5. Protein unfolding path ways. (a) Single step unfolding of the protein, as characterized by the Gibbs free 

energy of unfolding ΔG. (b) Multi-step unfolding, where a significant population of partially denatured protein is 

present during the unfolding, yielding ΔG1 and ΔG2. Multi-step unfolding is common with multi-domain proteins. 

Figure by Clarkson et al. (2016)[22]. 

(2) For thermal stress experiments, the thermodynamic van ‘t Hoff enthalpy, HvH, can be 

determined and compared. However, difficulties occur when baselines are obscured in multi-

domain or multi-step unfolding, as is often the case for complex biotherapeutics.[2, 23] 

(3) Technique specific comparative parameters can be used when calculating theoretical values 

is not feasible. These are directly observable descriptors of the unfolding curve at specific 

ratios of native and denatured protein, and are discussed in P1 and P2. For thermal 

denaturation experiments, like DSF and DSC, these parameters are the unfolding transition 

midpoint, or (apparent*) melting temperature, Tm or T½, for multiple unfolding as indexed by 

the transition number, e.g. “Tm,2”. The unfolding onset temperature Tonset, or Ton, is another 

important parameter, as aggregation can be initiated by a low fraction of unfolded protein. 

For chemical denaturation experiments, the comparative parameters are based on the 

denaturant concentration, as transition midpoint C½ or Cm and the slope of the transition over 

the denaturant concentration, denoted as mi or the m-value. 

 
* Unless reversibility is established, melting temperatures are noted as apparent. Differential scanning 
calorimetry (DSC) is the method of choice to provide reversible melting temperatures. 



9 
 

2.3 MISCELLANEOUS PARAMETRIZATIONS 

Other parametrizations are useful to understand underlying mechanisms of stability or as 

qualitative measurements of the protein sample. Below an incomplete list of the characterizations 

from the PIPPI consortium can be found, as relating to P3. For more characterizations, see CP2. 

(1) The isoelectric point, pI, is the pH at which the net charge of the protein is zero. This gives 

insight in electrostatic (repulsion) interactions above and below the pI. The pI of specific 

protein domains or regions can be obtained from in-silico modelling. 

(2) Surface charge distribution shows how charges are distributed over the protein, where 

patches or regions of 5 to 15 amino acids can be aggregation points. It is further important to 

understand the stabilization mechanisms of salts and excipients on the sample. 

(3) Aggregation onset temperature Tagg gives the temperature at which aggregation occurs. 

(4) Molecular weight Mw and polydispersity PD indicate the mass and distribution of mass of the 

protein or particles in the sample, respectively. The Mw of the monomeric protein is usually 

known; however, Mw is useful to determine the degree of oligomerization and is an important 

input for theoretical calculations. 

(5) Monomer loss Mloss, is a calculated fraction of oligomerized or aggregated protein in 

comparison to an initial measurement. Partially degraded protein is usually not taken into 

account. A baseline measurement can be taken from a reference, e.g. a t0 initial measurement, 

or calculated from protein concentration, e.g. by spectroscopic measurement in combination 

with chromatography. This makes Mloss a contextual value. 
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3. PROTEIN STABILITY CHARACTERIZATION METHODS 

Full characterization of chemical instability requires a set of different analytical tools. For late-

stage formulation development, the main two optimizable characteristics are conformational and 

colloidal stability. In early-stage formulation and developability studies, additional “general” 

parameters allow for insights into the developability and comparison of drug candidates. 

Techniques can further be grouped by their trade-offs, with various advantages and 

disadvantages. Techniques are suitable for high-throughput (HT) screening, (1) when little 

sample is consumed, either through small volume or dilute samples, (2) they have a short analysis 

time, and (3) when they have a low labor cost, i.e. automated or parallelized. In contrast, 

techniques that require high sample consumption, longer analysis time, or are labor-intensive, 

often provide more accurate or more robust results. Late-stage formulation often relies on these 

techniques, where the role of HT is to pre-select formulation conditions.[24, 25] Within the PIPPI 

project, a broad investigation into the correlation within and between HT and non-HT techniques 

is performed, see Gentiluomo et al. (2019)[5] and Svilenov & Winter (2019)[26]. 

An overview of the techniques used within the PIPPI project is given below. Of particular interest 

are the distinctions between HT and non-HT techniques, the output parameter(s) and their 

relation to colloidal and/or conformational stability, and the distinctions between experimental 

and In-silico techniques. Techniques are listed by their primary function of colloidal or 

conformational stability screening, although overlap is found. Not all techniques are part of the 

PIPPI-data database, or in the multiple screening series, but merit mentioning by their analogy or 

similarity in outcome with employed techniques. An overview of the techniques included in 

PIPPI-data and in the PIPPI project can be found in P3. 

3.1 GENERAL TECHNIQUES 

In terms of analysis time and the equilibrium state of the sample, there are two main approaches 

to formulation characterization:  

i. Direct measurement of the sample, where the sample is characterized directly after 

formulation, or when stressed, and the sample is not incubated. This is applicable to 

measurement of the protein equilibria that establish quickly, or to avoid disturbances by slow 

effects.  

ii. The sample is allowed to equilibrate after formulation, or kept under continuous stress (e.g. 

increased temperature). This results in two types of measurements. First, studies where 

equilibrium between different protein states is established, e.g. between the folded and 

unfolded state, with incubation typically in the order of hours or days. Secondly, long-term 

storage and stress studies, which investigate ongoing protein processes such as protein 

aggregation or degradation. In the latter type of measurements, the revealed trends are most 

related to the real-world handling of biotherapeutic formulations.  

Long term-storage and stressed storage studies are approximated using the faster techniques, 

which would allow for the pre-selection of conditions to test in long-term stability studies.[25] 

Relating the HT techniques to long-term storage is difficult, but has been attempted by the PIPPI 

consortium with the use of Artificial Neural Networks (ANNs), (CP1) by Gentiluomo et al. 

(2019)[4] and with the combination of measurements, creating a predictive scoring, by Svilenov 

et al. (2019)[27]. 
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The following techniques are versatile, and do not specifically fall solely into the presumed 

conformational or colloidal stability characterization categories. 

 

Capillary isoelectric focusing, cIEF, is a separation technique, where particles are separated in 

an electric field based on pI, yielding accurate pI measurement of the protein, but also of possible 

oligomer or degradation products. Capillary isoelectric focusing is a direct measurement and HT 

technique. 

PEG (Polyethylene Glycol) precipitation assay, or PEG-assay, is a general method to test the 

solubility of a protein. Turbidity, as a measure of precipitation (particle formation), is measured 

over an increasing PEG-concentration. The bulk solution is saturated by PEG, and precipitation 

occurs by decreasing the available bulk volume for solvation of the protein. [28, 29] The output 

is a relative solubility. The technique is fast but labor-intensive and not performed across 

different conditions.  

Nuclear magnetic resonance spectroscopy, NMR, is a very versatile technique with many 

applications. High Field NMR experiments are slow, labor-intensive and costly. High field NMR is 

used to answer specific research questions, which as advantage the resolution in combination 

with measuring directly in formulated solution.[9, 30] Worth mentioning are recent 

developments in ‘screening’ protein-excipient interactions by Zalar & Golovanov[31][submitted 

manuscript] and Svilenov et al. (2019)[32], where NMR is used to support PIPPI Screen 2. 

In-silico modelling techniques use the protein primary structure, the amino acid sequence, 

possibly in combination with known protein data on structure (e.g. SAXS or X-ray 

crystallography) or other experimental parameters, to obtain useful protein information. Various 

different approaches are used to simulate biophysical processes, such as protein-protein 

interactions, protein-co-solute interactions, and protein unfolding. The aim is to extract physical 

parameters from the system in order to compare proteins and formulations, as well as to 

understand and compare the key mechanisms behind observed protein behavior. Homology 

modelling is used to construct a 3-dimensional protein model from the primary structure. Within 

PIPPI, the homology models are used by Protein-Sol[33] to calculate protein surface electrostatic 

charges as a function of pH and salt concentration. Furthermore, effective charge distributions 

and titration curves are obtained from Monte Carlo simulations MC. Information on 

oligomerization, protein interactions and unfolding can be obtained by molecular dynamics 

simulations MD. E.g. the radius of gyration can be obtained from MD.[34] 

 

Briefly, other techniques that have been used within PIPPI, but not as part of the formulation 

screenings, are: Field flow fractionation (FFF) techniques, such as AF4 and HF5, which give 

measurements of aggregation, global structure and size. Analytical ultracentrifugation (AUC) 

yields information on aggregation and hydrodynamic radius, and can also be used to characterize 

protein-protein interactions[35]. Static light scattering (SLS) can be used to obtain the second 

virial coefficient (A2, B2), Rg and Mw; Isothermal titration calorimetry (ITC) can be used to obtain 

thermodynamic interactions, such as unfolding ΔG, binding affinity (Ka, Kd), and enthalpy changes 

as ΔH.[9, 24, 34] 
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3.2 CHARACTERIZATION OF COLLOIDAL STABILITY AND AGGREGATE 

FORMATION 

Dynamic light scattering, DLS, is an HT technique that measures light scattering as a function of 

time. An auto-correlation function is used to analyze the fluctuations arising from the Brownian 

motion of the particles, yielding diffusion coefficient D, used to calculate Rh and kD. Furthermore, 

DLS is available as a well-plate reader setup, and it is suitable for long-term storage studies. Other 

light scattering techniques, such as static light scattering SLS and multi-angle (laser) light 

scattering MA(L)LS, as detector for chromatography, use a similar setup to characterize particles. 

Zeta potential measurement (ζ-potential) estimates Zeta potential by micro-electrophoresis: 

Particles are separate by an electric field, after which light scattering is used to determine particle 

size. The combination of particle size and electrophoretic mobility allows for the estimation of 

the zeta-potential. 

Size-exclusion chromatography SEC-, in combination with various detectors, is an important 

tool to characterize oligomerization and particle formation. Multiple detectors can be used 

simultaneously, yielding information on each chromatographic peak on retention time, Mw, 

concentration, as used to obtain Mloss, and PD.[36] Refractive Index and UV detectors are 

commonly used, together giving both absolute and relative concentrations. For PIPPI, an 

additional MALS detector was often employed[4, 5]. SEC is a primary choice for the analysis of 

stressed or long-term storage samples, as is included in PIPPI Screen 1 and Screen 2. 

Small angle X-ray scattering SAXS is used to study protein structure and tertiary structure 

changes in formulated solution, as well as protein-protein attraction/repulsion. SAXS is used to 

determine Mw, Rg and the biomolecule maximum diameter Dmax. Through modelling of the SAXS 

data, a theoretical three dimensional model of the protein folding can be matched to the 

measurements, giving experimentally based homology models and mixtures of homologies as a 

function of formulation.[37, 38] 

3.3 CHARACTERIZATION OF CONFORMATIONAL STABILITY  

Circular dichroism spectroscopy CD is used to measure protein unfolding by a specialized form 

of (far-)UV absorbance spectroscopy. In CD, the difference in left- and right-handed polarized 

light absorption is obtained as a function of wavelength. These absorptions result from the 

protein’s folded state chirality, which result in an absorbance ratio at set wavelengths, as 

ellipticity. The ellipticity is subject to changes in the secondary and tertiary protein structure. CD 

can be used to probe thermal stability by using a temperature ramp, this HT technique is termed 

thermal scanning CD, or as a detector in isothermal chemical denaturation.[24, 39, 40] 

Differential scanning calorimetry, DSC, is a low-throughput technique that measures the heat-

capacity of the formulated protein sample versus a blank formulation. As such, unfolding 

transitions can be identified and characterized as thermodynamic parameters (e.g. ΔG). DSC 

results are approximated by HT techniques, most commonly differential scanning 

fluorimetry.[24, 41] 

Differential scanning fluorimetry, DSF, measures thermally induced unfolding. Protein 

conformational stability is described in terms of transition temperatures, as Tm and Tonset. High 

unfolding temperatures indicate a higher conformational stability. Protein unfolding leads to 

solvent exposure of the hydrophobic protein’s core, which can be measured in two ways: 

Extrinsic fluorescence DSF measures protein unfolding using an external dye. This dye changes 
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fluorescent properties based on its polar environment, which is observable as it interacts with 

the hydrophobic and hydrophilic surface of the protein.[42, 43]. Intrinsic fluorescence DSF, IF 

DSF, characterizes solvent-exposure of fluorescent amino acid residues.[24, 42, 44-46]. IF DSF is 

the subject of P2. The theory of protein fluorescence as well as the analysis of IF DSF data is 

discussed in detail at the end of Chapter 5. 

Isothermal chemical denaturation ICD, sometimes referred to as cold denaturation, studies 

conformational stability by disruption using a chaotropic compound (a denaturant). The 

formulated protein samples are incubated at different concentrations of denaturant, commonly 

GuHCl or Urea, after which an equilibrium between the native and denatured protein state(s) is 

found. The states and ratios are identified using a spectroscopic technique, such as CD or IF. The 

ratios are used to estimate thermodynamic unfolding parameters.[9, 20, 24, 47] ICD by intrinsic 

fluorescence is discussed at the end of Chapter 5. ICD is the subject of P1, where fluorescence 

spectroscopy is used as detector.  
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4. LIQUID PROTEIN FORMULATION 
In the field of protein formulation, researchers aim to find the optimal solvent conditions for a 

given protein. The trade-off in protein formulations lies in the stability aspects that need to be 

optimized and balanced, here discussed in terms of the protein concentration, the colloidal 

stability and the conformational stability. Protein concentration and colloidal stability are a 

natural inverse, as higher concentrations automatically lead to more protein-protein interactions 

(See, Figure 4). 

An ideal formulation has strong protein-protein repulsion, a high thermal and chemical 

stability and high protein solubility. The optimal conditions for each individual aspect might 

not coincide. To optimize the solvent conditions, an experimental design scheme is used across 

experimental methods. Traditionally, a multistep optimization scheme is used. Each step is off a 

factorial or reduced factorial design, for ease of sample preparation, and where first pH and ionic 

strength are tested. Found global optima are then improved upon by selecting excipients, salt 

ions, buffer ions, and surfactants. Because of this multi-step design, it is possible to miss optima 

when interaction effects come into play, as is shown in the co-authored paper, Gentiluomo et al. 

(2019)[5]. 

4.1 PH AND BUFFER 

The first aspect of liquid protein formulation is the solution’s pH. The acidity has an effect on both 

colloidal and conformational stability, where specific proteins are stable within a narrow range. 

The pH modifies the net charge of the protein together with the surface hydration. The net charge 

is commonly described as pI, the pH at which the net charge is zero. However, at any pH a protein 

will have a different charge distribution over its surface, as depending on the pKa of the surface 

residues. A strong protein net charge generally leads to repulsion effects, as charges work 

repulsively. Proteins are generally aggregation prone at pHs around the pI. And in some cases, 

charged patches can act as aggregation sites. The pH can also lead to internal repulsion effects, 

that can lower unfolding energies (ΔGu), and therefor plays a role in conformational stability.[48, 

49] 

Protein buffers are generally prepared in the pH 3 to 10 range, where pHs around 6 are preferred. 

For therapeutic IgG formulations, pHs between 5.5 and 7 are preferred, both as mAbs are 

commonly most stable in this range and because physical administration of strong acidic or basic 

solutions can cause discomfort. Common buffers are histidine, acetate, phosphate, tris†, and 

citrate. When selecting the buffer molecule, the buffer range, ionic strength and concentration of 

the buffer become important. Table 2 shows an inventory of approved mAb products by Zbacnik 

et al. (2017)[50] to illustrate both typical buffers, pH ranges and protein concentrations. 

Lyophilized products are dissolved before administration to the patient, however lyophilized 

products are not studied within the PIPPI screening. 

 

 
† tris(hydroxymethyl)aminomethane 
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Table 2. Formulation of a selection of approved mAb products by Zbacnik et al. (2017)[50]. Lyophilized products are not 
under consideration within the PIPPI consortium. 

 
PIPPI Screen 1 tests histidine and tris buffers. Screen 2 tests acetate, histidine and phosphate 

buffers. 

4.2 SALT AND IONIC STRENGTH 

The second aspect in the formulation process is the ionic strength of the solution, together with 

the specific salt used. Salt can have multiple competing effect that stabilize or destabilize the 

protein in solution, both in colloidal and conformational stability, both of which are pH, type of 

salt and salt concentration dependent.[48, 51-53]  

The addition of ionic salts alters the solubility of proteins. The salt-in (increased solubility) and 

salt-out (decreased solubility) effect can be ordered by the Hofmeister (lyotropic) series, which 

gives an overall grouping and order by how protein stability is affected.[54] The Hofmeister series 

is a generalized order, and can show deviations per protein. The salt-in/salt-out effect is strongest 

for anions, and the Hofmeister series of anions is depicted by Figure 6. The figure lists common 

effect of these salts with regards to protein stability.[52] Also the buffer molecules should be 

considered as both ionic strength modifiers and by their salt-in/salt-out effect. 
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Figure 6. The Hofmeister series of anions. Protein colloidal stability and solubility, increased for the anions on the left 
(green), however conformational stability is increased for anions towards the right (red). Figure by Zhang and Cremer 
(2006)[52]. 

Because of the interaction effects, different aspects of the protein stability can peak with different 

salts and concentrations. Salts have two mechanisms that affect protein electrostatic interactions: 

ion-binding on the protein surface and electrostatic shielding[48, 55]. The ion binding effect 

alters the charged state of ionizable groups, which is pH dependent, altering polar protein-protein 

interactions. Ionic shielding occurs at lower salt concentrations, where the effective charge of the 

protein causes a gradient in ionic strength around the protein surface, forming a repulsive layer. 

This effect of salts on colloidal stability is most directly characterized by ζ-potential and B22 

measurement.[53] Also the electrostatic shielding effect is pH dependent: at pH below the pI the 

protein is positively charged and shielded by anions, and vice versa at a pH above pI. When the 

pH is similar to the pI, the ionic shielding effect is minimal. At high salt concentrations the ionic 

shielding effect is also lost, as strong electrostatics within the solution counteract the gradient 

around the protein.[51, 53, 55]. 

In short, the precise optima of a proteins stabilization by salts depends on: the foremost 

aggregation pathway, the salt used, the concentration, the pH, the pI, and the surface charges of 

the aggregation prone regions. 

Within PIPPI, for the Screen 1 and Screen 2, only NaCl is used as a salt, together with different 

buffer anions. It focusses on the interaction effect of a simple salt with other formulation factors. 

Screen 1 tests for 0, 70 and 140 mM NaCl, where also 10 mM NaCl is recorded for some HT 

techniques. Screen 2 experiments test for 0 and 140 mM NaCl. 

4.3 CO-SOLUTES  

Excipients and other co-solutes, or co-solvents, are used to further stabilize the protein 

formulations. Co-solutes can affect both colloidal and conformational stability, and four 

mechanisms are described by Ohtake et al. (2011)[56]. These mechanisms are summarized by 

their effect on the protein direct environment in solution, as depicted in Figure 7. Preferential 

binding (Figure 7, left) occurs at positive protein-co-solute interactions, forming a layer of higher 

concentration of excipient that shields the protein and increases solubility. This can have both a 

positive or a negative effect on protein conformational stability, i.e. increasing or lowering the 

free energy of unfolding ΔG.[57, 58] Preferential hydration (Figure 7, right) is the model used 

when the protein-excipient interaction is negative, and the direct protein environment consists 

of the aqueous bulk phase. Preferential hydration promotes conformational stability as solvent 

exposure of the protein’s hydrophobic core becomes energetically less favorable.[11, 56, 59] 
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Figure 7. Schematic of Co-solute interactions with the protein. (left) Positive protein-co-solute interactions result in 
increased co-solute (dots) on the protein surface, termed preferential binding. (right) Negative protein-co-solute 
interactions result in decreased co-solute on the protein surface, termed preferential hydration. 

Through these mechanism, the protein’s free energy is altered, and stabilizing excipients can 

affect both conformational and colloidal aggregation. Figure 8 (left) shows a stabilizing co-solute 

effect on conformational stability expressed in free energy of unfolding and (right) a stabilizing 

co-solute effect on native and nonnative aggregation, given by the free energy of association.[11] 

For PIPPI Screen 2, three excipients were tested: sucrose, arginine and proline.[60]  

 

Figure 8. The effect of stabilizing co-solutes (excipients) on free energy of formulated protein. Figure by Ohtake et al. 

(2011)[56]. Stabilizing co-solvents raise free energy, important is the gap energy of the conformational stability, 

increasing the free energy of unfolding, and therefore decreasing unfolding rates. 

Co-solutes can have both a stabilizing and a destabilizing effect on protein conformational 

stability. For two of the PIPPI excipients the effect is shown for bovine serum albumin by Wen et 

al (2017)[58]; They reported that the addition of arginine decreased the protein’s Tm by ~9 °C, 

whereas the addition of sucrose increased Tm by ~3 °C. Preferentially binding and conformational 

stability promoting co-solutes are labeled kosmotropes. The destabilizing co-solutes are labeled 
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chaotropes.[6, 49] Chaotropes are used in chemical denaturation experiments. The 

conformational stability is given by the energy difference between the native and unfolded state, 

as ΔG. The three co-solute effects on ΔG of the native and denatured states are shown in Figure 9. 

 
Figure 9. Schematic of possible effects of a co-solute on the free energy of protein conformational states. The separation of 
native (N) and unfolded (U) energies without co-solute serves as reference point, with unfolding energy as ΔGu. Preferential 
hydration increases the free energy of the native state, however due to the hydrophobic core and solvent exposure thereof, 
the net ΔGu increases. Preferential binding lowers the energy of the native state but can also affect the energy of the 
unfolded state. The preferentially binding co-solute can either increase the ΔGu (stabilizing) or decrease ΔGu 
(destabilizing). Figure inspired by Timasheff (1992)[57]. 

4.4 SURFACTANTS  

Surfactants were not part of the PIPPI screening and are often added in the last step of the protein 

formulation process. However, surfactants are an important part of the final drug product, as 

protein-surface interactions play an important role in aggregation during the life-time of 

formulated biotherapeutics. In biopharmaceutics, commonly used nonionic surfactants are 

polysorbate 20, polysorbate 80, and poloxamer 188, which all have shown limited 

protein-surfactant interactions.[61, 62] These surfactants are polymers that compete with 

proteins for adsorption to hydrophobic surfaces.[63] The effect of surfactant concentration, here 

denoted as Cs, and its optimization, is illustrated in Figure 10 by Khan et al. (2015)[61]. 

 
Figure 10. The effect of surfactant concentration (Cs), and surfactant competition with the protein for surface adsorption. 

(left) Without surfactant, formulated biologic adsorption leads to native and nonnative aggregation. (middle) Insufficient 

surfactant leads to competition for surface adsorption, diminishing but not elimination protein-surface interactions. 

(right) Sufficient surfactant effective blocks protein from interacting with the interface. Figure by Khan et al. (2015)[61].  
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5. PROTEIN FLUORESCENCE 

The fluorescence of a protein is the fluorescence sum of its amino acid constituents: 

phenylalanine (Phe or F), tyrosine (Tyr or Y), and tryptophan (Trp or W). These are naturally 

occurring amino acids and their aromatic ring structure gives them their fluorescent 

properties.[64] The concentration of fluorescent amino acids within the protein is very high, 

estimated as much as 280 mM[65] equivalent on average, leading to interaction effects that can 

be used to characterize protein behavior.  

First, an understanding of the mechanisms behind fluorescent emission is given, based on the 

Jablonksi diagram, as relevant for the fluorescent amino acids that make up proteins. This is 

continued with a discussion of the basic properties of the amino acids and their influence on 

protein fluorescence. An overview of PIPPI-proteins is given. Full protein fluorescence, with 

regards to fluorescent signal intensity and emission spectra, is then described. Finally, a detailed 

description of protein unfolding characterization by fluorescence spectroscopy is given for the 

techniques in P1, P2 and P3. 

5.1 JABLONSKI DIAGRAM, MECHANISM AND TERMINOLOGY 

Fluorescence is the emission of photons originating from the decay of an excited electron state. 

This excited state is reached by absorbance of energy in the form of a photon. A Jablonski diagram 

(Figure 11) is a schematic diagram of energy used to illustrate the mechanisms underlying 

fluorescence. The vertical axis represents the energy, where possible electron energy states are 

given as horizontal bars in black. The ground state, or S0 forms the highest (partially) occupied 

electronic state at the lowest energy level. The lowest unoccupied energy state S1 is depicted with 

four additional vibrational states (0 – 3) with relatively small energy differences. All states, 

including S0, have multiple vibrational states. The fluorescent chronological path is as follows: 

The molecule is excited by the absorbance of an electron (purple arrow) to any of the higher 

energy states (Sn>0). By internal conversion the lowest energy vibrational state of S1 is reached. If 

this energy gap between S1 and S0 is well defined, the energy step is too large to match common 

mechanisms of energy expulsion, and fluorescence can occur. The S1→S0 energy decay can occur 

by either fluorescence, where a photon is emitted with energy equivalent to S1→S0 (green arrow, 

hν), or by non-radiative decay, knr (black arrow). When fluorescence occurs, the emitted photon 

has a lower energy than the absorbed photon, and thus a longer wavelength. 

 
Figure 11. Basic Jablonski diagram, illustrating fluorescence as electronic energy states. Absorbance of a photon (in 
purple) leads to electron excitation from the ground state S0 to any of the electronic state S1 or Sn>1, for which some 
vibrational states are drawn (0 – 3). Energetic decay by internal conversion leads to the lowest energy vibrational state of 
S1, from which photon emission (fluorescence, green) or non-radiative (knr) occurs. 
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The radiative and non-radiative decays are both very fast processes, in the order of nanoseconds. 

The competition between fluorescence and nonradiative decay determines the quantum yield, 

which is the ratio between absorbed and emitted photons. The life-time of the S1 excited state 

follows an exponential decay, which half-life is termed fluorescent life-time. 

The energy gap S0-S1 depends on the molecule, giving each individual fluorophore a specific 

emission wavelength, which can be altered or dispersed by the fluorophore’s electrostatic 

environment, local environment and energy. This gives the ensemble of fluorophores in solution 

a specific distribution of energy transitions both for absorbance and emission, resulting in the 

excitation and emission spectrum. The absorbance and emission spectra of quinine are given in 

Figure 12. The wavelength difference between the peak S0→S1 absorption, at any vibrational 

energy, and S1→S0 peak emission is the Stokes shift. Note that typically the emitted photon has a 

longer wavelength than the absorbed photon, but over the complete ensemble, the emission and 

excitation spectra can overlap. The emission and excitation spectra are independent of each 

other, by Kasha's rule, and external factors can affect both the emission and excitation spectra in 

different ways. 

 
Figure 12. Absorption and emission spectra of Quinine as illustration to electronic state energies. The x-axis is linear in 
energy (bottom, wavenumbers in 10-3 cm-1). Common for fluorescence spectroscopy is the use of wavelength (in nm, top). 
(source: https://www.olympus-lifescience.com (accessed 29-12-2019)). Quinine can be found in tonic water, giving it a 
visible blue fluorescence under a (UV) black light. 

FLUORESCENCE SPECTROPHOTOMETERS 

The measurement of fluorescence, fluorescence spectroscopy, is done using a fluorescence 

spectrophotometer, also known as a fluorometer. At its core, the spectrophotometer has three 

sections: (1) the source of excitation light, (2) the sample chamber, and (3) the detector of the 

emission. 

(1) The excitation source is typically a laser or a lamp. Lasers have high intensity, useful for small 

volume samples and narrow bandwidth. Lamps, such as the xenon-flash lamps, emit a broad 

spectrum of light at different intensities, where a monochromator, collimator and slit are used 

to produce the excitation light beam. The advantage of a lamp is that, in combination with the 

monochromator, it can produce a series of excitation wavelengths in rapid succession. 

https://www.olympuslifescience.com/
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(2) For clear liquids, like low-concentration formulated proteins, the ideal sample chamber setup 

is a 90-degree angle between the incoming excitation and outgoing emission. The sample 

holder can feature a cuvette, capillary or well-plate, together with a heating element. 

(3) The detector contains a monochromator (or two) to select the measured emission 

wavelength. A slit selects the bandwidth and the emission is measured by a photometer. 

Observed emission intensity depends on the complete experimental setup including the sample, 

where considerations are (a) the protein concentration, (b) the irradiated volume, as shape, size, 

and window of the cuvette, (c) the intensity of the excitation light source, (d) the detector gain, 

(e) instrument specific absorption factors, which can be λex or λem dependent, and (f) the 

temperature. 

For more information on fluorescence spectrophotometers, see e.g. Principles of Fluorescence 

Spectroscopy by J.R. Lakowicz (3rd Ed. 2006)[65]. 

WAVELENGTH AND INTENSITY 

In common denotation, the fluorescence signal is given at a specific emission wavelength as λem 

and intensity Iem, and fluorescence excitation wavelength as λex. We annotate the excitation and 

emission wavelengths at maximum intensity Iem,max as λex,max and λem,max. The wavelengths are 

either used theoretically, at a single wavelength, or experimentally as representing the small 

bandwidth around the wavelength. Here, λ is the nominal wavelength, as shown in Figure 13. The 

wavelengths of the emission or excitation are distributed around this wavelength by the effective 

bandwidth, as set by the size of the slit or characteristics of the laser. The bandwidth determines 

the resolution of the observed excitation and emission spectra. 

 
Figure 13. Terminology for wavelength, bandwidth and intensity. 

In experimental data, the fluorescence intensity is commonly recoded as a relative intensity 

photon count, using arbitrary or relative units, to which the thesis adheres. In a theoretical 

setting, the intensity at a given emission wavelength, Iem,λ, is expressed as equal to the number of 

photons emitted by fluorescence multiplied by their energy in joules.[66]  

5.2 AMINO ACID FLUORESCENCE 

The simple aromatic ring systems of phenylalanine (Phe or F), tyrosine (Tyr or Y), tryptophan 

(Trp or W), or quinine in the example above, are ideal fluorophores as they have a large surface 

for photon capture and the π-π*-electron structure of the aromatic ring provides discrete electron 

energy levels. 
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The fluorescence emission spectrum can be measurement over a range of λex, resulting in a two-

dimensional Excitation-Emission Matrix, or EEM. Figure 14 shows EEM of free form tryptophan 

obtained measurements of aqueous solutions of pure amino acid. PARAFAC decomposition gives 

the independent emission and excitation spectra of tryptophan. 

 
Figure 14. Tryptophan data PARAFAC decomposition, with 1 component. The EEM gives the full emission-excitation 
spectrum, which is highly symmetrical allowing for the decomposition using PARAFAC. The excitation and emission modes 
are shown, giving the excitation and emission spectrum of tryptophan. Modelled data consisted of 15 measurements of 
Tryptophan, at different pH (unbuffered 4, 7 and 10) and temperature (10, 25, 40, 55 and 70 °C) to look at formulation 
effects on solvent-exposure. Recorded λem 230 nm to 500 nm in steps of 2 nm, λex 230 nm to 340 nm in steps of 5 nm. Rayleigh 
scattering was removed and intensities are normalized by peak maximum. 

For phenylalanine, tyrosine, and tryptophan the excitation and emission maxima can be obtained 

by PARAFAC decomposition of pure samples or mixtures. High resolution pure spectra of the 

three amino acids can be found in Appendix 06. For pure spectra, the resulting emission and 

excitation spectra obtained from PARAFAC are plotted in Figure 15. 
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Figure 15. Pure fluorescent amino acid emission (top) and excitation (bottom) profiles, obtained from PARAFAC modelling 
of pure samples. The two figures are shown with a shared wavelength axis to enhance the readability of the Stokes shift. 

The properties of the fluorescent amino acids are summarized in Table 3. The excitation spectra 

of tyrosine and tryptophan are very similar. Free form tryptophan has an λex,max at 283 nm, and 

free form tyrosine has an λex,max at 278 nm. Below an excitation wavelength of 250 nm, there is 

another strong protein emission peak for the aromatic amino acids (For a more detailed EEM See 

Appendix 06, or Trp - Figure 17). These peaks correspond to the higher energy absorption bands 

of the aromatic structures.[67] 

THERMAL QUENCHING 

Both free form amino acid and protein fluorescent intensities decrease monotonically with 

temperature. This effect is termed thermal intensity quenching, and originates in the competitive 

mechanisms for de-excitation by non-radiative decay, during the fluorescence life-time.[66, 68] 

Thermal quenching is important for the modelling of the fluorescence data in nDSF (P2), and for 

the modelling of protein unfolding in the βLg data (Chapter 7). The protein thermal quenching 

was shown in the early days of protein fluorescence, by Gally & Edelman (1962)[69]. The original 

graphs of the temperature dependence of peak intensity, with the constant emission peak shape, 

are shown in Figure 16. Graph A: the emission peak shape of tryptophan, decreasing over 

temperature but without peak deformation. Graph B & C: the emission peak maxima, Imax, for both 

tyrosine (B, top curve), nearly linearly decreasing, and tryptophan (B bottom curve), nonlinearly 

decreasing. This trend holds for amino acids as part of the polypeptide chain (C). Each protein has 

a differently shaped signal decay, with a 40% to 65% signal decrease between 20 °C and 60 °C. 
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Figure 16. Three fundamental graphs on the temperature dependence of fluorescence of amino acids and proteins, by Gally 
& Edelman (1962)[69]. Original descriptions included. 

RAYLEIGH AND RAMAN SCATTERING 

Two scattering effects commonly disrupt the EEM of proteins: Rayleigh scattering and Raman 

scattering. The Rayleigh scattering is elastic scattering, and can be seen in the EEM as diagonal 

lines, following 𝜆𝑒𝑚 = 𝑛 ∙ 𝜆𝑒𝑥 , 𝑛 = 1, 2, 3 …, where n is the nth order of the scattering overtones. 

Rayleigh scattering can be removed, by removing excitation-emission pair intensities 

approximately ± 5-10 nm from 𝜆𝑒𝑚 = 𝑛 ∙ 𝜆𝑒𝑥, as is done in P1 and Chapter 7. Raman scattering is 

inelastic and predominantly found as the Raman scattering of water at set energy shift, roughly 

3400-3600 cm-1 below the λex. I.e. at λex of 285 nm (the excitation wavelength used for the IF ICD 

data in P1), the Raman peak occurs at λem roughly 315-317 nm. It is therefore important to not 

confuse the Raman peak with that of tyrosine. Raman scattering can be reduced by subtracting a 

blank. 

 
Figure 17. Tryptophan fluorescence EEM at pH 4.0, no buffer, 25.0 °C, 0.01 mM Trp. Measured λex 190-340 nm in steps of 
2 nm, and λem 220-500 nm in steps of 1 nm. Marked are the 1st and 2nd order Rayleigh (magenta), and the Raman line of 

water (green). The two excitation peaks correspond to λex at 283 nm and 220-222 nm. 

A  B  C  

Trp 

Tyr 
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5.3 PROTEIN FLUORESCENCE 

With regards to intrinsic protein fluorescence, the contribution of phenylalanine is negligible. The 

phenylalanine spectrum is only observable in the total absence of tyrosine and tryptophan, at 

high protein concentration and excitation light intensity. Tyrosine is a weaker fluorophore than 

tryptophan, and the tyrosine contribution in protein fluorescence further decreased by various 

factors, such as a chosen λex above tyrosine λex,max. In the absence of tryptophan, the signal of 

tyrosine fluorescence is strong enough for good protein fluorescence, however tyrosine does not 

react as strongly to the polarity of its chemical environment as tryptophan.[70] Furthermore, 

tryptophan can be selectively excited at λex 295–305 nm. A summary of the characteristics of the 

free form and bound Tyr, Phe and Trp are given in Table 3. 

Table 3. Fluorescent amino acid properties and their abundances in PIPPI proteins. More information on the PIPPI proteins 
can be found in Table 1. The amino acid sequences of all PIPPI proteins, with the exception of PPI-04 and PPI-08, are 
published online in the PIPPI-data database (P3). The emission and excitation maxima given are taken from measurements 
or reported in literature. 

Fluorescent properties 
 Phenylalanine Tyrosine Tryptophan 

Abbreviation Phe, F Tyr, Y  Trp, W 

Structure 

   

Simple Aromatic system benzene phenol indole 

Quantum yield (approx.)[65, 
71] 

0.024 0.14 0.13 – 0.20 

λex,max (nm) [67, 72] 257 276 – 278 283 

λem,max (nm) free form 282 303 350 
(solvent polarity 
dependent) 

λem,max (nm) protein core 
[65, 70, 72, 73] 

292 303-305 
 

305 – 348  

λem,max (nm) protein surface 
[65, 67, 70] 

260 - 300 303-305 
 

354 – 358 

Natural abundance [65] 4.0% 3.3% 1.3% 

Contribution protein emission 
(λex ~285nm) 

0% 0% – 10% 100% 

Polar as AA in chain [64] Nonpolar Polar Nonpolar 

Hydrophobicity as AA in chain 
[64] 

Hydrophobic Mainly hydrophobic Hypdrophobic 

Relative abundance in PIPPI proteins – (No. of AA) (% of total AA in protein) 
PPI‐01 38 (2.8%) 64 (4.8%) 24 (1.8%) 

PPI‐02 50 (3.8%) 52 (3.9%) 24 (1.8%) 

PPI‐03 44 (3.3%) 64 (4.8%) 20 (1.5%) 

PPI‐04 N/A N/A N/A 

PPI‐08 N/A N/A N/A 

PPI‐10 42 (3.2) 58 (4.4%) 24 (1.8%) 
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PPI‐13 46 (3.4%) 58 (4.3%) 26 (1.9%) 

PPI‐17 54 (4.1%) 56 (4.2%) 20 (1.5%) 

PPI‐18 59 (4.6%) 51 (4.0%) 15 (1.2%) 

PPI‐30 10 (6.1%) 5 (3.0%) 2 (1.2%) 

PPI‐40 2 (5.0%) 3 (7.5%) 1 (2.5%) 

PPI‐41 2 (5.0%) 3 (7.5%) 1 (2.5%) 

PPI‐42 2 (5.0%) 3 (7.5%) 1 (2.5%) 

PPI‐43 2 (5.0%) 3 (7.5%) 1 (2.5%) 

PPI‐44 28 (4.1%) 26 (3.8%) 8 (1.2%) 

PPI‐45 10 (3.7%) 15 (5.6%) 4 (1.5%) 

PPI‐46 15 (5.6%) 10 (3.7%) 4 (1.5%) 

PPI‐49 35 (5.7%) 19 (3.1%) 2 (0.3%) 

The fluorescent intensity of proteins at specific λex and λem depends on several factors. This can be 

understood in terms of the fluorescent intensity contributions of each individual fluorescent 

residue or as how the collective contributions make up the protein EEM.[74] The presence of 

phenylalanine, tyrosine and tryptophan in the PIPPI proteins is given in Table 3. Within the 

protein secondary structure, the tryptophan and tyrosine residues are positively associated with 

strands, α-helices, and 3-helices.[75] The fluorophore location in the primary, secondary and 

tertiary structure of the protein is important for the fluorescent properties. For folded proteins, 

the primary and secondary protein structure give the fluorescent residues in folded proteins their 

immediate local electrochemical environment, or environment for short. The fluorophore’s 

environment determines its S1 and S0 energies, the Stokes shift, and the quantum yield. 

Neighboring residues can provide alternative energy decay path ways, such as (Förster) 

resonance energy transfer, RET or FRET, discussed below. The tertiary structure becomes 

relevant in the context of protein denaturation, where unfolding changes the environment.[65, 

76-78] 

Briefly, the chief factors of protein fluorescence are: (1) The abundance of the fluorescence 

residues in the protein, primarily of tryptophan and, to a lesser extent, tyrosine. (2) The 

absorption by the residues at λex. (3) The quantum yield of the residues, as decreased by non-

radiative decay, e.g. thermal, dynamic or static quenching, and FRET.[65, 66, 79]  

DYNAMIC AND STATIC QUENCHING 

Proteins, and their tryptophan residues in particular, suffer from dynamic and static quenching 

effects when in contact with other molecules in solution. Instead of photon emission, the energy 

can be absorbed by a quencher (Q). Dynamic quenching is the de-excitation by collision with 

external molecules, as schematically given in an extended Jablonski diagram, Figure 18 - middle. 

Static quenching is the formation of interaction complexes, particularly on the aromatic ring, e.g. 

as co-solute binding.[65, 66] 

RESONANCE ENERGY TRANSFER 

Resonance energy transfer (RET), Förster resonance energy transfer (FRET), or Fluorescence 

resonance energy transfer (FRET), is an energy transfer mechanism where no photon is emitted. 

The fluorophore excitation energy, at energy level S1, of the donor (D) is transferred to the S1 of 

the acceptor (A) by dipole-dipole coupling. The acceptor can be another fluorophore or 
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chromophore, however the S1 energy of the acceptor is smaller than that of the donor. The 

acceptor is brought to its excited state, and regular decay pathways apply. Common RET in 

protein is Phe-Tyr and Tyr-Trp. The latter further reduces the quantum yield of tyrosine, whilst 

simultaneously increasing that of tryptophan. As RET occurs through electric fields, the proximity 

of donor and acceptor matters.[65] The RET pathway is given in the extended Jablonski diagram, 

Figure 18, right.[65, 80]  

 

 
Figure 18. Modified Jablonski diagram for the processes of absorption and fluorescence emission (left) including non-
radiative de-excitation (knr), dynamic quenching (middle), and (fluorescent) resonance energy transfer (RET) (right). 
Figure by Lakowicz (2006)[65]. 

5.4 PROTEIN UNFOLDING BY FLUORESCENCE 

Protein unfolding is characterized primarily by tryptophan fluorescence. Tryptophan is the main 

contributor to the protein emission spectrum, and its emission spectrum changes by its local 

environment (see Table 3). Tryptophan’s indole ring structure has two inequivalent S1 excitation 

energy levels, which are sensitive to the polarity of its environment. Tryptophan, as amino acid 

residue, is hydrophobic/nonpolar and commonly folded into the hydrophobic core of the protein. 

When the protein unfolds, the tryptophan becomes solvent-exposed, by interaction or binding of 

water, and its Stokes shift is increased. In the protein’s fluorescent emissions spectrum this 

results in a red shift, the emission peak is shifted to a longer wavelength.[65, 81] The redshift is 

illustrated in Figure 19, where the emission spectra of different tryptophan containing structures 

are shown. The tryptophan redshift is the main mechanism by which protein unfolding can be 

studied using fluorescent spectroscopy, as is done in P1 and P2. 

 

 
Figure 19. Effect of tryptophan environment on the emission spectra. The emission spectra are (1) apoazurin Pfl, (2) 
ribonuclease T1, (3) staphylococcal nuclease, and (4) glucagon. Figure by Lakowicz (2006)[65]. 
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The influence of tyrosine on the protein spectrum is as lower intensity peaks at a shorter 

wavelength and by the Tyr-Trp RET, visible as tryptophan fluorescence. Tyrosine is not sensitive 

to solvent-exposure and does not show a significant Stokes shift, making monitoring more 

difficult. 

In protein unfolding experiments, the protein is unfolded as function of a destabalizing factor, i.e. 

the temperature or chaotropic co-solute. It should be however be noted that the unfolded states 

of thermally and chemically unfolded protein might not be the same[82]. The relationship 

between thermal and chemical denaturation is as follows: Thermal denaturation experiments 

measure the temperature at which ΔGu is zero, whereas chemical denaturation experiments 

measure ΔG at a set temperature. 

Protein aggregation is normally not studied by means of fluorescence. However, protein 

aggregation can affect fluorescence and it is therefore important to keep in mind when studying 

protein stability. In P2, the aggregation of PPI-30 is likely responsible for the observed 2nd 

transition in nDSF. Protein aggregation mainly affects fluorescence signal intensity. 

CHEMICAL DENATURATION 

In chemical denaturation the protein tertiery structure is disturbed over and increasing amount 

of an added chaotropic compound (the denaturant). Denaturants have the opposite effect on the 

protein compared to conformational stabilization as seen for excipients (Section 4.3): The 

unfolding of the protein happens as an destabalizing preferential binding effect (Figure 7). The 

denaturant creates a protein environment that is non-polar enough for the protein to unfold at 

lower temperature. The temperature of unfolding at which 50% of the protein is unfolded is the 

melting temperature Tm. In ICD the temperature is constant: The concentration of denaturant 

needed to reach a Tm equal to the experimental temperature is given as Cm. In cold denaturation 

or Isothermal Chemical Denaturation (ICD), the measurement takes place under isothermal 

conditions and as such the effect of temperature is nullified, both as influence on the unfolding 

process and as a factor in the fluorescence properties of the protein, e.g. thermal quenching. The 

chaotropes commonly used are urea, a mild denaturant, and guanidine hydrochloride (GuHCl), a 

strong denaturant. The sample is incubated with the denaturant, such that a equilibrium between 

nattive and denatured protein is estabilished. This mixture is subsequentially analysed by a 

spectroscopice method, such as the protein fluorescence spectroscopy.[45, 65, 83, 84] 

 

ICD experiments are the subject of P1. Screen 1 data serves as an illustration of the peak shift, 

where each emission spectrum is a combination of the emission spectra of the folded, unfolded 

and/or partially unfolded protein. The protein emission curves of two PIPPI proteins, PPI-02 and 

PPI-45, at pH 7.0 are shown in Figure 20. Notice that the protein intensity can either increase or 

decrease after unfolding. For IgG-type molecules, a fluorescence intensity increase is typically 

found when the protein unfolds.[1] 
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Figure 20. Protein fluorescence spectra as a function of denaturant concentration [M]. Denaturant concentration varies 
in 48 steps from 0 to 5.5 mM GuHCl. Shown is λem 300 to 500 (left) or 450(right) nm in steps of 2nm, and λex at 285 nm. 
Native, folded, protein in cyan and denatured, unfolded, protein in magenta. Data from two protein formulations as part 
of PIPPI Screen 1. Left: PPI-02, an IgG1 protein, formulated at pH 7.0, 10 mM histidine buffer, 0 mM NaCl. Right: PPI-45, 
Lipozyme, formulated at pH 7.0, 10 mM histidine buffer, 0 mM NaCl. The measurement of ICD was performed using 
Unchained Labs HUNK system - AVIA ICD 2304 (Unchained Labs®, Pleasanton, USA) at the Deparment of Chemistry of the 
Danish Technical University. 

The observed emission and excitation wavelengths depend on the instrument used. In traditional 

analysis, a single value is extracted from the observed intensities for each fluorescence 

measurement. This value, a ratio between two wavelengths, is used to estimate the fractions of 

the protein unfolding states.  

THERMAL DENATURATION  

In thermal denaturation, the protein denaturation occurs by a temperature ramp, typically in the 

range of 25 °C to 95 °C, resulting in thermal unfolding. As the temperature increases, thermal 

quenching causes the fluorescence intensity to drop. The general technique is termed differential 

scanning fluorimetry (DSF). The downscaled application of DSF, for HT applications and using the 

protein’s intrinsic fluorescence, is known as nanoscale DSF, nDSF or nanoDSF. Thermal 

denaturation is used in Chapter 7, nanoscale DSF is used in P2. 

In nDSF, thermal denaturation experiments are typically done fairly fast, the temperature is 

ramped in the order of 1°C/min, Only two emission wavelengths are monitored, which typically 

are the approximate maxima of solvent-exposed and solvent-unexposed tryptophan, at λem 350 

and 330 nm respectively. Analogeous to ICD, the ratios 
𝐼350

𝐼330
 or “F350/F330” are calculated. In 

Figure 21 an example of nDSF measurement is plotted; the fluorescent signals I350 and I330 are 

plotted (left), together with the corresponding ratio 
𝐼350

𝐼330
 (right). 
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Figure 21. nDSF data of a single measurement of PPI-13. Visible is two step thermal unfolding. Left) Raw fluorescence 
signals. right). The calculated ratio of the two measured emission wavelengths, where ratio change indicates stokes shift 
of tryptophan residues. 

External dyes are used in Extrinsic Fluorescence Differential Scanning Fluorimetry, where a special 

fluorescent dye is added.[42] Extrinsic fluorescence DSF is part of the PIPPI Screen 1, and 

included in P3. For most proteins dye-based DSF is recorded. The comparison between the 

extracted parameters by intrinsic and extrinsic fluorescence is not 1-to-1, as is shown in 

Chapter 10. 

 

For the smallest PIPPI proteins, plectasins PPI-40, PPI-41, PPI-42, and PPI-43, which contain only 

a single tryptophan residue, no tryptophan nor tyrosine fluorescence is observed. The quantum 

yield is effectively zero or invariable under unfolding. Plectasins are too small for dye-surface 

interaction monitoring. These proteins can be monitored using alternative techniques, such as 

DSC. 

FLUORESCENCE INTENSITY RATIO 

In both ICD and nDSF, the extracted physicochemical paramaeters are based on the red shift as 

the ratio between two points on the protein emission peak. The excitation wavelegth is generally 

not varied or used. The ratio is used as a proxy for protein unfolding state concentrations. 

Analysis of the spectrum based on the ratio between the red-shifted, unfolded protein peak and 

the native proteins peak is based on the ratio at two λem. This is commonly calculated as the 

fluorescence intensity ratio at 350 and 330 nm, given as 
𝐼350

𝐼330
, but also other wavelengths can be 

used. This is shown in Figure 22, for two denaturant concentrations from PPI-45 in ICD. The same 

data is used as above (Figure 20, right). The estimated ratios are, in this case, roughly 1.30 for 

folded protein (cyan) and 1.59 for unfolded protein (magenta). It does not matter particularly at 

which λem the ratio is taken, as long as they are a sufficient distance apart and fall within the peak 

range of both unfolded and folded protein peaks. As such, there is a significant change in ratio 

over the unfolding axis (denaturant concentration or temperature). 
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Figure 22. ICD data of PPI-45. The protein peak ratio can be obtained from the emission spectra at λem of 330 and 350 nm, 

as a measurement for the red shift of the protein. The ratio 
𝐼350

𝐼330
 forms a proxy value for the fractions of unfolded and folded 

protein. 

In ICD, two parameters are extracted from the transition: a slope, m or m-value, is fitted to the 

ratios over the denaturant concentrations at the transition midpoint, and the denaturant 

concentration at the transition midpoint, Cm. From the estimated ratios, the Gibbs free energy of 

unfolding, ΔGu, is calculated, by the relationship: Δ𝐺𝑢  =  −𝑅𝑇 ∙  𝑙𝑛 𝐾 = Δ𝐻𝑢 − 𝑇 ∙ 𝑆𝑢. Where K is 

the ratio folded to unfolded protein, T the temperature dependence and R the gas constant. On 

the right side of the equation, the change in enthalpy of unfolding, ΔHu, and the change in entropy 

of unfolding, ΔSu.[84-86] 

For single domain proteins, the ratio points makes up the baseline and transition curve, as given 

in Figure 23 from an ICD analysis of PIPPI proteins by Svilenov et al. (2018)[47]. An arrow is 

added to the figure to highlight the transition step. This is indicative of two-fold unfolding; 

however, the high degree of overlap makes the estimation of its midpoint difficult.[20] 

 
Figure 23. Chemical denaturation curves by fluorescence ratio of two mAbs (A and B) by their fluorescent ratio. The 
denaturant concentration at which unfolding occurs is different, depending on formulation buffer ion.[47] The arrow has 
been added to highlight the possible two-fold transition underlying the unfolding. The investigated proteins (IgG1-type) 
are known for multiple unfolding domains.  

For nDSF data, the ratio I250/II330 was plotted as example in the previous subsection (Figure 21). 

The ratio serves again as proxy for the red shift of the fluorescent residues, primarily of the 

tryptophan solvent-interaction, and by extention for the unfolding transitions. Traditionally, only 

the ratio is used to estimate Tm and Tonset. The (apperent) melting temperature is estimated based 

on the maxima in the first derivative of the ratio. For symmetric, non-overlapping transitions this 

gives an accurate estimation of transition mid-point. The change in fluorescent intensity, as 
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underlying the ratio, is not used. The Tonset is estimated as a deviation from the ratio baseline. This 

is further discussed in P2 and Chapter 9. 

 

Žoldák, Jancura and Sedlák (2017)[87] argue that, from a theorical and thermodynamic 

standpoint, the unfolding ratio is not a (particularly) good measurement of protein unfolding. The 

introduced bias further increases the ratio of the intensity between the underlying peaks, that of 

the native and denatured states, diverges from 1. In practice, we can follow the unfolding as either 

the experimental ratio I350/I330, as in nDSF (P2), or as spectra, as in the ICD (P1), or as full EEM, as 

the βLg data (Chapter 7). This depends on the experimental setup. The opportunity to obtain true 

spectra, or true underlying ratio of the spectra, allows for the back-calculation of relative fractions 

of the protein states. The calculation of relative fractions is shown in P1 and Chapter 7. 
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6. DATA DIMENSIONALITY 

The structure of measurement data is an important feature for the applicability of chemometric 

tools. Within the PIPPI screenings, there are strong commonalities in the formulations across the 

methods. This is a result of the chosen experimental design.  

Below, the description of the aspects of measurements applying to formulations screening, and 

their relationship to data analysis applications and resulting conclusions. Special attention is 

given to fluorescence spectroscopy. The previous chapter has set out the various effects that can 

be captured by fluorescence spectroscopy as markers of protein conformational changes. 

Intrinsic protein fluorescence spectroscopy allows for the combination of the various aspects of 

formulations screening with additional experimental variables, such as excitation wavelengths, 

to gain more comprehensive insights into the mechanisms underlying protein aggregation. We 

consider the data structure and sample and variable dimensionalities.  

The underlying idea is to obtain better modelling, in terms of resolution or specificity, by using or 

collecting more data. This is illustrated by the βLg data (Chapter 7), where an example data set of 

a simple model protein, β-lactoglobulin, demonstrates intrinsic protein fluorescence in protein 

unfolding over range of solution conditions.  

 

In protein formulations screening, the measurement series over a chosen sample design scheme 

is employed to make useful comparisons of conformational stability between proteins and 

formulations. This effectively adds a basic “protein & formulation” dimensionality to the data. Any 

direction of the data is said to be a data order, or way, mode, or direction. The number of elements 

in an order is its dimension. The measurements serve as the first order of a data set. A regular, 

traditional data matrix of size [measurements x variables] is second order data, which is also called 

two-way data. For this two-way data, the first order is considered as set by the experimental 

design of the formulation screening, and depends on the number of formulation aspects. The 

formulation aspects are listed and elaborated on in Chapter 4. Depending on the design scheme, 

the formulation aspects are investigated simultaneously, with a full factorial design, such as used 

in Screen 1 and the βLg data in the next chapter. The data can be ‘foldable’ to create N-way data, 

with N number of orders. However, we start in the basis with the more traditional data analysis, 

the data is described as a (2-way) matrix: a sample order (first) and a variable order (second). 

The variable dimension can then consist of, for instance, fluorescence emission spectra, 

fluorescence intensities at only a few emission wavelengths, a single fluorescence intensity ratio, 

but also as a series of extracted parameters, such as Rh and kD, and other forms of raw or 

processed data. 

 

The protein formulation scientist often studies a single protein, with multiple formulations. A 

single protein’s formulation dimension is typically under 100 samples, including replicates. For 

example, the nDSF instrument employed in P2 can measure 48 samples in parallel.[46, 88] For a 

raw data experiment, often a spectrum, a chromatogram, or some form of data vector is obtained. 

This results in ‘wide’ (sometimes termed ‘fat’) data, where the variable order dimension exceeds 

the sample order dimension. Analogous; after traditional data processing, the analyzed data 

consists of only a few parameters that were extracted from the raw data. This results in ‘tall’ data, 

where the sample order dimension exceeds the variable order dimension. In the most extreme 

cases, this results in univariate or bivariate data. 
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6.1 DATA STRUCTURE 

With multiple data sets, e.g. measurements of different proteins or instrumental runs, the data 

can be merged in order to create a single model of that data. For the application of different 

models, the relationship between the datasets is important. A combined data model will give a 

more robust idea about general trends, whereas a model of a single protein’s data will give more 

precise information on that protein’s formulation aspects. 

 

Consider the joining of two data matrices, D1 and D2, as a representation of data and their orders, 

as such that it can be extended across multiple data sets and to multi-way data. The possible 

rearrangement of a two-dimensional matrices is given in Figure 24. The first order 

(measurements) of D1 is given by T1. The second order (variables) of D1 is given by W1. Then D1 

is spanned by the basis T1-W1. Similarly, D2 is spanned across T2-W2. In order to analyze D1 and 

D2 together, we have to look at the commonality between the basis of the two matrices. 

The concepts are adopted and generalized from the works of Tauler, Smilde & Kowalski 

(1995)[89], in their research paper it is discussed in the context of multivariate curve resolution 

and three-way data. Figure 24 shows three distinct cases, as a foundation on which to think about 

data ordering. 

Case 1 The data matrix D1 and D2 do not have a common first order (T), nor a common 

second order (W). The data matrices have to be analyzed separately.  

For example: D1 is the chromatography data of protein PPI-01 of Screen 1, where 

D2 is the DLS data of Screen 2. Both data sets describe protein colloidal stability 

and aggregation of PPI-01. However, the measured formulations are not the same, 

nor are the measured variables. Only four formulations are common in T (see 

Appendix 04, on the Screen 1 and Screen 2 data layout). A data concatenation 

would thus mean the removal of almost all data points. 

Case 2 The data matrix D1 and D2 have one order in common, shown is the case where 

the second order (W) is shared. This allows for concatenation along the distinct 

order, and the dataset can be analyzed as a single 2-way dataset.  

For example: Consider D1 and D2 as two measurements of the same protein with 

different formulations, Screen 1 and Screen 2, by a common technique with the 

same instrumental settings, for instance size-exclusion chromatography. D1 and 

D2 share W, but not T. 

A second example, where D1 and D2 share a common first order: PPI-01 Screen 1 

data as analyzed by intrinsic fluorescence DSF and by extrinsic fluorescence DSF. 

After data concatenation by its common sample order, the correlation between 

the two methods can be investigated. 

Case 3  The data matrix D1 and D2 are common in both T and W. A three-way data set can 

be constructed. The bases of the new three-way data are T, W, and a new S, which 

holds the relationship between D1 and D2. The dimension of S is 2, or in general 

as the number of concatenated datasets. 

For example: D1 and D2 are Screen 1 data from long-term storage/stress studies 

after 1 week and after 4 weeks. They share both in formulation and in variables. 

The new S contains the time points, in this case 1 week and 4 weeks.  
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A second example: D1 is the fluorescence emission spectra of PPI-01 at λex at 285 

nm, D2 is the same fluorescence emission spectra of PPI-01 but at λex at 300 nm. 

In the new 3-way data, T contains the formulations, W contains the emission 

wavelengths, S contains the excitation wavelengths. 

 

 
Figure 24. Rearrangement of 2-way matrices as a representation of data organization. Data matrices, D1 and D2, can be 
fused based on their shared order(s). The basis of each data can be described in terms of commonality in the first order, by 
T, or in second order, by W. Three example cases are described: Case 1 – left) For two data matrixes, D1 and D2, none of 
the bases is shared. The data has to be analysed separately. Case 2 – Middle) The second order, W, is shared and the data 
matrices D1 and D2 can be joined by concatenating ‘vertically’. The dimension of the first order of D1 and D2 do not have 
to be the same. Analogous, if the sample basis, T, is shared, the matrices can be joined ‘horizontally’. Case 3 – Right) The 
data have all orders in common, and can be folded into a higher order array. The increase in order is captured in the basis 
S. S describes the relationship between D1 and D2. For case 1-3: The data matrices do not need to be two-way and multiple 
subsequent folding steps can be undertaken. Graphic based on Tauler, Smilde & Kowalski (1995)[89], but extended and 
generalized in its use. 

When data D1 and D2 do have a relationship, but are not fully common in either W or T, the data 

is concatenated (as in Case 2). This results in block data, where subgroups exist in the order along 

the concatenation. The blocks do not need to have the same dimensions along the direction of the 

concatenation. 

 

Any newly formed basis, e.g. S from Case 3, needs to have meaning in order to lead to a useful 

model in terms of that basis. Consider when there is an interchangeability in S, that is to say that 
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S does not have a meaning: e.g. D1 and D2 are ‘perfect’ replicate measurements, and three-way 

folding results in order S. The replicates in S are nearly perfect, as such any element of S can be 

swapped, without changing the outcome of any model. 

The relationship contained in S needs to hold for all elements of W and T. Other requirements of 

W, T, and S depend on the data analysis method. 

 

The three discussed cases, from Figure 24, can be extended for multi-way data D1 and D2. In Case 

2: in order to concatenate a N-way D1 and D2, they need to have all-but-one orders in common. 

The concatenation can take place along this excluded order. In Case 3: all orders need to be 

common. Also, the number of matrices D1, D2…, D3 is not limited as long as the commonalities 

apply. As such it is easy to concatenate the measurements of the different proteins. 

6.2 RANK AND SPECIFICITY 

When the data order is increased, the number of dimensions in one of the orders is reduced. It is 

therefore useful to briefly introduce the concepts of rank and rank deficiency. The rank is the 

number of independent vectors that span the data in the model. For data analysis in the context 

of fluorescence measurements, the rank is best understood as the number of independent 

contributions to the data. We then use rank to mean chemical rank, in contrast to mathematical 

rank. As such, any direction of the data can be written as a linear combination of the independent 

contributors. Due to noise in experimental data, the mathematical rank is practically always 

larger than the true number of independent chemical components. However, we still use the 

chemical rank to indicate the contributions to the data that are distinguishable from noise and 

outliers. Problems arise when a model is used to extract more independent components than the 

chemical rank, where the model is then rank deficient. As an example: consider a matrix of 20 

mixtures of 2 fluorophores with dissimilar emission profiles, measured over 20 emission 

wavelengths. Each emission spectrum can be described as the linear combination of the two 

underlying spectra. Each sample can be described as the concentration of the two fluorophores. 

The data has a chemical rank 2. A model that tries to extract three components will return 

nonsensical components; it is (chemical) rank deficient. 

 

Chemical rank deficiency can be resolved by increasing the specificity. The specificity is the ability 

to distinguish the underlying components, extracted as ‘pure’ components or as ‘information with 

biochemical meaning’. Consider the previous example, now with two fluorophores with 

near-identical, or indistinguishable, emission spectra. The chemical rank is 1: A two-component 

model will not yield the concentrations of the fluorophores. The specificity of the measurement 

can be increased either by measuring more or different emission wavelengths, or by increasing 

the order of the data, by varying the excitation wavelength. The new data has a higher specificity, 

the components are more distinguishable and the data rank is increased. 

MULTI-LINEARITY 

Multi-linearity is a common restriction for linear decomposition methods. That is to say, these 

methods find the independent components by taking advantage of the multi-linear relationships 

between the orders of the data. A data set is multi-linear if all components linearly affect all 

dimensions of all orders. A component can be co-linear in some of the sample orders, and still 

have a non-linear effect in other modes. 
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DATA UNFOLDING  

Data unfolding is the concatenation of the layers of a multi-way array. Unfolding is depicted in 

Figure 24, where the N-way data of Case 3 is unfolded to match the results of Case 2. This leads 

to the elimination of S from the bases, however the dimensions of S are now contained in either 

W or T, depending on the direction in which the data is unfolded. Unfolding leads to multi-block 

data, similar to case 2 when either T1 or W1 do not match T2 or W2 completely. 

The advantage of data unfolding is that two orders are joined, and interaction effects are no longer 

present. On the downside, the model interpretation can be hindered and the trends between the 

collapsed and concatenated orders is no longer captured by the model. 

6.3 LINEAR DECOMPOSITION METHODS 

In data analysis, we are generally interested in supervised and unsupervised models. When a single 

analytical (experimental) technique is used, unsupervised methods are used. When multiple 

experiments are collected, supervised methods allow for the comparison of HTS methods with 

long-term stability methods. In both cases the data is structured. For two-way data, PCA and PLS 

are commonly used linear decomposition methods for unsupervised and supervised data 

analysis, respectively. Parallel factor analysis (PARAFAC) is a linear decomposition method for 

N-way data, as an extension of PCA beyond 2-way data. PARAFAC2 is an adaptation of PARAFAC, 

limited to 3-way data, that is used and explained in P1 (See Appendix 01). In the context of 

PARAFAC and PARAFAC2, the requirements of orders of the data in these and strongly related 

linear decomposition methods are given in Table 4.[90-93] 

Table 4. Order requirements in linear decomposition methods that are related to PARAFAC and PARAFAC2 to illustrate 
differences and advantages. 

MODEL CONSTRAINTS 

More stable, chemically meaningful, components can be obtained by using model constraints. 

Model constraints add a limitation to the components. The chosen limitations are based on 

external knowledge about the system and behavior of the components. For the listed algorithms, 

the most common constraints are (1) non-negativity, (2) unimodality, and/or (3) orthogonality. 

Depending on the algorithm, not all constraints are applicable to all data orders.[91, 94] Non-

negativity is especially useful, as model components in excitation and emission mode are to 

reflect emission spectra. 

Method Acronym 

Input data 

maximum order Data order requirements 

Principal Component Analysis PCA Two-way 
Linear 

Limited by chemical rank 

Partial Least Squares regression PLS 
Two-way & 
Two-way Y 

Linear 
Limited by chemical rank 

Parallel Factor Analysis PARAFAC N-way 
Multi-linear 

Limited by chemical rank 

Parallel Factor Analysis 2 PARAFAC2 3-way 
Multi-linear in all but one 

order. 
Limited by chemical rank 

Parallel Profiles with Linear 
Dependences 

PARALIND N-way 
Multi-linear  

Partially limited by chemical 
rank 

Multilinear PLS N-PLS 
N-way &  

Two-way Y 
Multi-linear in X and Y 

Limited by rank 
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6.4 EXTENDED DIMENSIONALITIES 

The concepts of multiple fluorophores underlying the data becomes especially difficult for large 

proteins, such as the PIPPI IgG-type proteins with 19 to 26 Trp residues and multiple unfolding 

domains. Consider again Figure 19, where the emission spectra of tryptophan residues show a 

large range as a function of their position within the protein. The changes in fluorescence 

emission spectra are a function of solvent exposure, local environment by neighboring residues, 

and RET. For these large proteins, the quantum yield of each fluorophore can vary along with 

their individual emission and excitation spectra, making distinctions between fluorophores 

virtually impossible. Simply put, the data has insufficient chemical rank to resolve the underlying 

fluorescent amino acids emission spectra. The βLg data presented in Chapter 7 gives an idea 

about the possibilities and difficulties of protein fluorescence, in a relatively simple 2-tryptophan 

system under changing environment. 

When characterizing conformational stability by intrinsic protein fluorescence, we therefore 

focus on a general protein shift in all data orders, as a function of the order that perturbs the 

tertiary protein structure. A second realization is that this protein fluorescence shift could, and 

hopefully is, distinguishable for each protein unfolding step. In this manner, each protein tertiary 

structure state is seen as a chemical specie. 

 

In order to distinguish the unfolding steps better, i.e. improve the specificity, we must consider 

the data orders and chemical rank. Furthermore, we must consider the modelling algorithms and 

the interaction effects inherent to the experimental method, the formulation, the samples, and all 

other data orders. It is important to characterize non-linear interactions to estimate the lost 

specificity by their inclusion. This is done in P1, where protein emission peaks are inspected for 

interactions with formulation aspects (ionic strength, excipients, pH, and protein), in order to 

combine data sets.  

 

As discussed in section 5.4, the fluorescence ratio is not an ideal parametrization[87]. It is chosen 

as a way to avoid interaction effects on the fluorescence intensity. P2 reintroduces the observed 

intensities to increase specificity in nDSF, but combines it with the ratio in order to stabilize a 

non-linear fit of a model transition function. 

 

To increase the specificity of measurements, the data orders and their dimensions can be 

extended. These aspects can “break” the multi-linearity of the data through interaction effects. 

This is a significant drawback for the use of linear decomposition methods. Linear decomposition 

methods are generally excellent tools for the analysis of fluorescence data due to the multi-

linearity between emission and excitation. The extent of an interaction effect should be weighed 

against the increase in selectivity gained from the extra data order. Data unfolding removes the 

interaction but will also reduce the selectivity. In protein fluorescence, often one sample order is 

confounded with ‘time’, as equilibria are established slowly this has to be taken into account. In 

the next chapter, the excitation wavelength is varied along with temperature (time) and pH. 
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7. UNFOLDING OF BETA-LACTOGLOBULIN 

Protein intrinsic fluorescence spectroscopy and the resulting data dimensionality, by order, rank 

and specificity, is illustrated using a small study of the unfolding of β-lactoglobulin, βLg. 

β-lactoglobulin is a small (18.3 kDa) globular protein of 162 AA, with two fluorescent tryptophan 

residues. Of the two tryptophan residues, one is located in the interior, in the hydrophobic protein 

core whereas the other is solvent exposed in the native form. A full description of βLg can be 

found in Appendix 07. The unfolding temperature of β-lactoglobulin is 60 to 65 °C.[95] The study 

investigates protein refolding and misfolding, in part as a reproduction and extension of the data 

published by Bhattacharjee and Das (2000)[96].  

 

Briefly, in the pertinent part of the study by Bhattacharjee and Das (2000)[96], βLg was 

formulated at pH 2.0, 3.0, 4.0, 5.0 and 7.0, and the samples were incrementally heated from 25 °C 

to 90 °C, and then cooled back to 25 °C, at regular temperature intervals. The fluorescent peak 

intensity I was reported at λex 295 nm and λem 335 nm. The λem,max was also recorded at λex 295 nm, 

shifting between 331 nm and 339 nm. Additionally, ANS‡[43, 97] – an external dye, was used to 

probe the hydrophobicity of the surface. In separate experiments, they showed both a difference 

in Trp Imax and λem,max for ‘renaturated’ samples, together with a decrease in hydrophobic 

interactions (below 60 °C) on cooling, indicating misfolding. The data collected in the 

reproduction study had a few key differences, favoring increased data order over measurements 

in temperature. 

METHOD 

Samples were prepared at pH 4.0, 5.0, 7.0 and 10.0, by HCl and NaOH and unbuffered. The 

concentration βLg was 0.01 mM, identical to the original study. The fluorescence was recorded as 

EEM; over both excitation, 190 – 340 nm per 2 nm, and emission wavelengths, 220 – 500 nm per 

1 nm. Only six temperature data points were recorded: stepwise increasing at 10 °C, 25 °C, 50 °C, 

70 °C, 80 °C and cooled back at 25 °C (renaturated). Each temperature was reached in ~10-15 

minutes, after which it was incubated for 30 minutes and measured over ~20 minutes. 

The design resulted in 24 measurements. Three additional replicates of pH 4.0 were taken at 

25 °C and after cooling. The replicates were taken with 30-minute increments, excluding 

measurement time, to ensure the sample had reached equilibrium. The replicates showed no 

large deviations in intensity or shift. 

EXPLORATORY ANALYSIS 

The excitation-emission matrices (EEMs) over the temperature at pH 7.0 are shown Figure 25. 

Detector voltage is not varied. Increase in overall signal intensity between the two measurements 

at 25 °C before and after heating is in accordance with the imitated study. The raw data for pH 

4.0, 5.0, 7.0 and 10.0 can be found in Appendix 08. 

 
‡ 8-Anilinonaphthalene-1-sulfonic acid (ANS) – a hydrophobic surface interaction activated (or ligand 
binding activated) fluorescent dye. 



40 
 

 
Figure 25. Excitation-emission matrices (EEMs) for βLg at pH 7.0, ordered according to temperature. The sample after 
cooling, marked as renatured is marked in red. The 1st and 2nd order Rayleigh scatter are marked (magenta) and serve as 
guide for the eye. 

From the figure above we can directly observe peak intensity Imax as well as I335. The intensity Imax 

declines through thermal quenching, however after cooling the Imax has increased, in accordance 

to the replicated study.[96] For pH 7.0, the Imax drops by ~70% between 10 °C and 80 °C, from 

850 a.u. to 260 a.u. The intensity maxima of the different pHs are plotted in Figure 26, only for 

pH 4.0 the Imax before and after denaturation match. 

  
Figure 26. Intensity maximum and recovery after cooling. The curves are colored according to pH and renaturation 

experiments are additionally marked by in red. The intensity after renaturation is increased, however does not reach the 
intensity equivalent to the experiment before heating.  

In an initial investigation, the added value of the extended dimensionality can already be shown. 

Here, we focus on peak shift, by normalizing all the spectra by maximum intensity Imax. For each 

pH series, the measurement at 25 °C serves as a baseline EEM. A gentle 2-way density 

smoother[98] (1st order) is applied to obtain robust baselines, which are subsequentially 
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subtracted from each measurement at the corresponding pH. The results are shown for pH 7.0 in 

Figure 27. All EEMs and relative EEMS for pH 4.0, 5.0, 7.0 and 10.0, including replicates, are 

available as Appendix 08. From the Figure below and the remaining data, several effects become 

visible. The protein unfolding can be observed based on the two regions that decrease/increase 

at roughly λem 325 nm and 360 nm. 

 
Figure 27. Difference EEM fluorescent intensity of βLg relative to the measurement at 25 °C before denaturation. The 
smoothed normalized EEM at 25 °C is subtracted from normalized EEMs, plotted for pH 7.0 at different temperatures. The 
cooled sample is remeasured at 25 °C, marked as renatured in red. The data used is shown in Figure 25. The 1st and 2nd 
order Rayleigh scatter are marked (magenta) and serve as guide for the eye. 

From the data and relative EEMs, the following conclusions and observations can be made, in 

order of subjective importance: 

(1) At temperatures 70 °C and 80 °C, a significant Stokes shift occurs in tryptophan fluorescence, 

with a peak increase above emission 350 nm relative to the 25 °C sample. This is due to the 

exposure of the protein core tryptophan to the solvent.  

(2) After the cooling, the peak is still partially red shifted. Visible here as a relative decrease in 

the signal of tryptophan at low λem (around 325 nm). This is considered as an increase in 

solvent exposed tryptophan fluorescence, assigned to (partial) ‘misfolding’ of the protein.  

(3) The Stokes shift and change in relative intensity, is non-uniform across the excitation 

wavelength. The raw data λex,max was 280 – 282 nm. 

(4) For pH 4, the redshift was minimal (data in Appendix 08), and the signal intensity was almost 

identical both before and after heating. This leads to two possible explanations: (a) only a 

small fraction of the protein unfolded at pH 4.0 at high temperature, and the pH has a 

stabilizing effect on its conformational stability, or (b) the protein refolded correctly at pH 4.0. 

Option (a) is supported by a much smaller observed Stokes shift at high temperature, 

compared to the other pHs. Although some unfolding was seen, supporting option (b). 

(5) Between temperatures of 10 °C, 25 °C and 50 °C, small emission peak shifts occur before 

protein unfolding temperature, this is attributed to a different gradient of thermal quenching 

of solvent exposed and solvent unexposed tryptophan. This is hard to confirm based on the 
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normalized spectra, as it is only visible as a relative change in the ratio of the two tryptophan 

residues. 

(6) There is no significant change in fluorescence of tyrosine, the changes occur at wavelengths 

above the emission wavelength of tyrosine. The tyrosine fluorescence is quenched, based on 

both this and the raw data. 

(7) The normalization step also increases the Raman scatter of samples at 70 °C and 80 °C, visible 

as an increased relative intensity below the 1st order Rayleigh scatter line. 

(8) There is an increased Rayleigh scattering intensity in the raw data at high temperature and 

after denaturation. This effect is not related, or certainly not obviously related, to aggregation. 

Rayleigh scattering is not accurately measured by fluorescence spectroscopy, as it can be an 

effect of many aspects of the instrumentation, for example condensation on the cuvette or the 

formation of gas bubbles inside the cuvette. 

N-WAY ANALYSIS 

The βLg data can be restructured according to the previous section. The excitation, emission, and 

temperature, orders are common along the measurements. Furthermore, as discussed in Chapter 

5, the relation between excitation and emission is independent. The relationship between pH and 

the tryptophan is of concern, since pH affects the Stokes shift. The temperature’s effect on 

tryptophan fluorescence could show an interaction effect with pH. Also note that temperature is 

actually the confounded factor of temperature and time. 

Table 5. Expected non-linearities as interaction effects in the given data orders. 

 pH Temperature Excitation Emission 

pH - concern No effect concern  

Temperature concern - No effect No effect 

Excitation No effect No effect - No effect 

Emission concern No effect No effect - 

The Rayleigh and Raman scatter do not follow multi-linearity, the emission intensity is dependent 

on the excitation wavelength. It is therefore important to remove the Rayleigh scattering. This is 

done by setting a width around the Rayleigh scattering line to zero.[99] The Raman scattering is 

fairly low and was not problematic in the data. Otherwise, the subtraction of a blank 

measurement from the data would be a possible approach. 

 

The data can be unfolded along the pH and temperature dimension to remove the interaction 

effect of the pH and temperature. The resulting three-way data can be modelled using PARAFAC. 

In order to eliminate the effect of pH on emission, the samples can be analyzed separately for each 

pH. However, a combined model is preferred. Non-negativity constraints are applied to all 

PARAFAC modes (orders), as the emission, fluorophore concentration and excitation are all 

expected to be strictly positive. The model is made using two components. The number of 

components is validated by the core-consistency (not shown) and visual inspection. 

 

The PARAFAC model is shown in Figure 28. The components are shown over the three data 

orders, as corresponding modes in the model. The components can be identified by their emission 

spectra (Figure 28, Mode 2 – top right). The emission spectra show both the tryptophan 

fluorescence of the solvent-exposed tryptophan (component 2, red) and that of the solvent-
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unexposed tryptophan (component 1, blue). Although the two emission peaks are fairly similar, 

the excitation spectra of the two components (Figure 28, mode 3 – bottom left) shows a large 

difference in excitation maxima. The excitation mode adds to the specificity of the model. The 

source of the change is not known and can be a result or mixture of: a shift in absorbance of 

tryptophan between the two transition energy levels or reduced Tyr-Trp RET, where the 

contribution of tyrosine falls as the protein unfolds. The contribution of the temperature and pH 

to the mixing of the spectra is shown as a jagged pattern (Figure 28, mode 1 – top left). The pattern 

follows also the effect on intensity, however now split for both components. With the 

interpretation of the emission, we can now represent mode 1 as a relative fraction between the 

unfolded and folded emission contributions (Figure 28, mode 1 – bottom right). Note that the 

fraction of component 1 decreases in the range 10 °C to 50 °C. 

 
Figure 28. PARAFAC model of the 3-way βLG data. (Top left) model scores per measurement over mode 1 (sample pH and 
time/temperature). (Top right) model scores per measurement over mode 2 (emission spectrum). (Bottom left) model 
scores per measurement over mode 3 (excitation spectrum). (Bottom right) analysis of the mode 1 scores, where for each 
pH the temperature-time path is plotted. The data points are equidistant in time, with exception of the cooling step to 25 °C 
(marked red). Repetitions of the measurement at pH4, after cooling, are included. 

The main relationship between pH and thermal unfolding are observed in terms of Trp emission 

peak shift, where the shift is caused by the underlying mixing of exposed and unexposed 

tryptophan fluorescence. It is however still the case that the fluorophores are not identical, where 

both can contribute partially to the observed components. With this measurement method, the 

specificity was insufficient to identify more distinct chemical species. Additionally, the intervals 

of the temperature order dimensions were much too big to extract melting temperatures from 

the temperature mode. 

If we look at the conclusions drawn from the elaborate analysis of the raw EEM data above, we 

can see that all important conclusions (1 – 5) can also be drawn from the PARAFAC model results. 
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The conclusion (6), that there is no visible contribution of tyrosine, could be disputed or clarified: 

when the solvent-exposed emission profile is studied, as component 2 in Figure 28, one can see a 

possible side peak, as convoluted peak, at 300-302 nm. This would indicate tyrosine fluorescence 

is visible in the unfolded state, where Tyr-Trp RET is reduced by increased distances between the 

residues. 

Other key aspects that could be further examined in this data set are: (1) The use of the excitation 

wavelength λex below 250 nm, corresponding to the lower excitation peaks of tryptophan, 

tyrosine, phenylalanine[67], as discriminator and the interaction of this excitation peak with pH, 

(2) the incubation time and differences among the replicates, and (3) the maximum temperature 

before cooling, as it effects both the total fraction of denatured protein as well as a possible degree 

of aggregation. 

Through the PARAFAC modelling, it is possible to create a ‘modelled’ EEM per component, and to 

investigate the residual matrix for interaction effects. 
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8. P1 – IF ICD MODELLED BY PARAFAC2 

The research represented in P1 (Appendix 01) focusses on the modelling of IF ICD data using the 

linear decomposition method PARAFAC2. The data used in the study consist of Screen 1 and 

Screen 2 measurements by IF ICD. Only the PIPPI IgG proteins are included in order to limited the 

effect of the protein types, whilst still having enough data to obtain stable and comparable models. 

From the IgGs, the majority showed unfolding by GuHCl, and only PPI-04 unfolded by Urea. To 

avoid modelling the effect of the denaturant protein-co-solvent interactions, PPI-04 was excluded 

from the research in the paper. 

The ICD data set has full emission spectra at each denaturant concentration, measured at one 

excitation wavelength. The data is considered as third order, with the directions of sample, 

emission spectra, and denaturant concentration. For Screen 1, the data order could possibly be 

increased, by its multi-level factorial experimental design, up to 5-way: protein, pH, salt 

concentration, emission, and denaturant concentration. However, Screen 2 does not have a full 

factorial design (Appendix 04) and PARAFAC2 is (currently) limited to 3-way data.  

 

We first consider models based on the data of a single protein, analogous to Chapter 7, by N-way 

decomposition. Similar to the βLG data, the observed emission spectra are the result of the 

combination of two underlying chemical components: the emission spectrum of the unfolded 

protein and the emission spectrum of the folded protein. The mixing of the components is given 

by the denaturation concentration, where two components are mixed as a function of the 

denaturant concentration. The core issue in the data is that this mixing is not co-linear, as the 

formulation affects the mixing in the denaturant concentration order. In other words: The 

denaturant concentration profile is formulation specific. (A denaturant mixing profile is shown in 

Section 5.4, Figure 23.) That the profiles are formulation specific is not unexpected, these profiles 

are what gives each formulation its ΔG and allows us to derive a measurement of conformational 

stability per formulation. 

This co-linearity issue is solved by employing PARAFAC2, as extension of PARAFAC, where the 

denaturant concentration mode is split in a common part H and a sample specific part Pk. This 

effectively removes the need for co-linearity between the sample and denaturant concentration 

data orders, as the deviation is contained within each Pk. 

In order for PARAFAC2 to work, it still requires co-linearity between the formulation (sample) 

mode and the emission mode. The formulation mode consists of the concatenation pH, NaCl 

concentration, and added excipient. In P1 we show that these three factors do not have a large 

effect on the emission spectrum by investigating the emission spectra of the native and denatured 

protein. As such, single protein ICD experiments, over the formulations, can be adequately 

described by the PARAFAC2 models. 

 

A concern are the multi-domain unfolding steps of IgGs, which are well-described in 

literature.[22] As such, three chemical components underlying the data are to be expected. 

However, the data lacks specificity and cannot be used to separate more than two chemical 

components. The fluorescence emission spectra of the intermediate state, or partially unfolded 

state, is not distinguishable from a mixing of native and fully unfolded protein. This is in part 

inherent to the underlying fluorophores. The three-component PARAFAC2 model is rank 

deficient in terms of the 19 to 26 tryptophan residues in IgGs, which cannot be distinguished. Nor 
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is it possible to identify a subset mixture of the fluorophore emissions that signifies the 

intermediate protein state. Instead, one intermediate, or partially unfolded, protein state is to be 

identified by deconvolution of the denaturation profile, as is common in the traditional analysis 

method.[20] 

 

A combined protein PARAFAC2 model was made. The selection of only IgG data allowed for the 

concatenation of the 3-way data sets along the sample dimension, creating a sample dimension 

that is the combination of protein and formulation. Once more, a two-component solution was 

derived. The components now represent a crude emission spectrum of solvent-exposed and 

solvent-unexposed tryptophan. This is possible because the IgG emission spectra are more 

similar among the mAbs than between all PIPPI proteins. In Figure 29, two protein denaturation 

experiments are shown, of IgG1 (PPI-13) and HSA (PPI-49), which can be compared to the 

denaturation spectra of IgG1 (PPI-01) and Lypozyme (PPI-45) show in Section 5.4, Figure 20. The 

IgGs have very similar emission peak shapes and peak shifts. 

 
Figure 29. Protein fluorescence spectra as a function of denaturant concentration [M]. Denaturant concentration varies 
in 48 steps from 0 to 5.5 mM GuHCl, measured λem 300 to 500 nm in steps of 2nm, λex at 285 nm. Native, folded, protein in 
cyan and denatures, unfolded, protein in magenta. Data from two protein formulations as part of PIPPI Screen 1. Left: PPI-
13, an IgG1 protein, formulated at pH 8.5, 10 mM Tris buffer, 140 mM NaCl. Right: PPI-49, HSA, formulated at pH 7.0, 10 
mM histidine buffer, 140 mM NaCl. The measurement of ICD was performed using Unchained Labs HUNK system - AVIA 
ICD 2304 (Unchained Labs®, Pleasanton, USA) at the Deparment of Chemistry of the Danish Technical University. 

For the combined protein PARAFAC2 model, the IgG proteins were similar enough to describe the 

crude solvent-exposed and solvent-unexposed emission profiles. Each protein state was then a 

mixture of these two-components. This resulted in clear denaturation profiles, from which the 

transitions could be estimated. 

 

The created PARAFAC2 models have some advantages over traditional analysis: (1) The method 

circumvents the use of the fluorescence ratio. (2) The data showed a large set of outliers of 

unknown origin, especially at 0 mM GuHCl. The model components and model residuals were 

used to identify outlier measurements. (3) The denaturation profiles outliers could be 

reevaluated based on interpolation. (4) The combined protein model showed the structure of the 

errors, which related back to the experimental setup.  
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9. P2 – IF DSF MODELLED BY NON-LINEAR CURVE FITTING 

In nDSF, the protein is thermally unfolded and the intrinsic protein fluorescence is monitored at 

a set excitation wavelength by two emission wavelengths, as is described in Section 5.4. In P2 

(Appendix 02), we report an alternative method to derive Tm and Tonset from the data, which is 

particularly aimed at data where the unfolding transitions overlap. 

In the nDSF experiments, the fluorescence intensity is monitored at an emission wavelength of 

330 and 350 nm, roughly equivalent to the peak emission wavelength maxima of solvent-

unexposed and solvent-exposed tryptophan. Due to thermal quenching, the intensity is 

decreasing over the increasing temperature (Figure 30, left). To counteract the quenching effect, 

the fluorescence ratio is calculated (Figure 30, middle). In ordinary analysis, the first derivative 

of the ratio (Figure 30, right) is used to calculate the apparent melting temperature. When the 

transitions are well separated, as is the case for the dark blue signal, then the Tm,1 and Tm,2 are 

estimated as the two maxima in the first derivative. However, with varying degrees of overlap in 

the transition, the transitions are skewed, as is increasingly the case for the curves in Figure 30 

(dark blue< light blue < yellow < dark red). 

  
Figure 30. IF DSF of PPI-03 as example of analysis and overlapping transitions. Left) fluorescence intensity as a function 

of temperature, measured at excitation of 350 nm and 350 nm. Middle) The ratio of the two intensities, showing the 
transitions. Right) First derivative of the fluorescence ratio, where the peak maxima also show the different degrees in 

overlap of the transitions. 

Because of the measurement at a single excitation and only two emission wavelengths, the scan 

rate is very high. Each fluorescence emission has 23 data points per °C, or 1600 points between 

25 and 95 °C. In order to obtain the derivatives, either a β-spline or Gaussian moving average 

smoother has to be applied before calculation of the derivative. 

In traditional analysis, the two transitions, Tm,1 and Tm,2, are obtained by the maxima in the first 

derivatives of the ratio. Therein, it is assumed that the intermediate state is fully reached. With 

the higher degrees of overlap, this is less likely to be the case. Furthermore, using the maximum 

of the first derivative of the ratio as transition midpoint assumes a symmetrical transition over 

temperature. This symmetry does not necessarily hold true, due to possible aggregation, as is 

shown for PPI-30 in P2, and the number of unfolding domains, as particularly relevant for mAbs. 

The IgGs have three unfolding domains, typically unfolding in the order CH2, Fab, CH3, where the 

latter two often coincide.[100, 101] The structure of IgGs can be found as Appendix 05. 

To surmise: The derivative-based approach works well for well-separated, symmetrical 

transitions, leaving an opening for methods aimed at resolving the transitions for otherwise 

unanalyzed, complicated data. The opportunity to resolve the transition relies on modelling of 

the raw fluorescence intensity, I350 and I330, and using the ratio during model construction.  

 



48 
 

The fluorescence intensity is decreasing linearly by thermal quenching of the fluorophores 

underlying the data. The methodology reported in P2, uses a theoretical transition curve, in 

combination with a baseline for each protein state, to fit the unfolding transitions. Modelling of 

the ratio itself was also attempted, but establishing a baseline for the highly overlapping 

transitions, was not possible. 

It was found that a transition curve that allows for small asymmetries can better accommodate 

the non-linear effects in the temperature order of the data. The selected asymmetric transition 

function is a generalized logistic function, which takes the form [𝑦(𝑥) =  (1 + 𝑒𝑏(𝑎−𝑥))
−

1

𝜈], where 

a is the shift of the transition, b the width of the transition and ν the asymmetry. The advantage 

of this curve is that it only has three fitted parameters, and that its inverse, 𝑥(𝑦), is easily 

calculated. The transition function and its parameters are illustrated in Figure 31. 

 
Figure 31. Generalized logistic function. The effects of the parameters a, transition shift, b, transition width, and ν, 
asymmetry is shown. 

The baselines were approximated linearly, which is a compromise in order to obtain a good fit. 

For each experiment, a large number of parameters is fitted: two transition functions, 6 

parameters, and six baselines, 12 parameters. Hence, the fitted curve is very flexible, and can fully 

describe the theoretical curves underlying the data. However, the curve is also prone to fit local 

minima due to the amount of fitted parameters and the non-linear nature of the equation fitted.  

In order to obtain chemically relevant fits, we extended the variable dimensions to 6 variables: 

(1) the raw intensity signals for the emission intensities, (2) the ratio, (3) the first derivative of 

the raw intensity signals of the two emission intensities, and (4) the first derivative of the ratio. 

We then applied constraints and penalties, i.e. weights, to circumvent incorrect solutions. 

 

In order to validate the developed methodology in P1, the approach is applied to three protein 

formulation series from Screen 1. It shows high correlation with the traditional analysis method 

for single transitions observed for PPI-30, as well as for double separated transitions as observed 

for PPI-13. For the overlapping transition of PPI-03, we uncovered trends in the derived Tm,1, Tm,2 

and Tonset that were previously obscured. 

 

An innovation is that the Tonset of the second transition can now also be obtained, together with 

estimations for the baselines, giving extra information regarding the thermal quenching of the 

fluorescence signal. 
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10. P3 – PIPPI-DATA DATABASE AND SCREENING DATA 

P3 describes the collection of PIPPI screening data into a public database, and can be found in 

Appendix 03. The scale of the dataset, as a combination of proteins, formulations and analytical 

techniques, is unparalleled within the field of protein formulation. However, protein formulation 

data is hard to model and even with a large dataset it is difficult to draw nuanced relationships 

between variables and proteins.  

 

When considering the overarching modelling of trends, the main challenges specific to the field 

of protein formulation stability screening are: 

1. The non-linear, or intermittent, relations between formulation conditions and observed 

behavior. 

2. The competition of mechanisms in colloidal and conformational stability underlying 

protein aggregation. 

3. The limited number of independent samples, e.g. proteins, slightly alleviated by the PIPPI 

screening. 

4. The limited number of measurements of the same extracted parameter, e.g. ΔG, using 

different techniques. 

5. The multi-step formulation screening optimization process, where not all interaction 

effects are studied simultaneously. 

 

Screening data is obtained with the aim of identifying optimal formulation conditions. In general, 

the ‘optimum’ is not given as a single number or set of numbers, such as that would be useful in 

regression. Rather, for each protein, there is a comparison made between stability factors, as 

extracted physicochemical parameters, and the long-term stability, as proxy for aggregation 

propensity, in an effort to find the most likely destabilizing pathway.[102, 103] The measured 

observables rarely relate linearly to each other, or to the formulation aspects, making 

extrapolation difficult.[4, 5, 9, 59] The mechanisms underlying both colloidal and conformational 

stability are only unidirectional on short intervals. As example, consider the interaction between 

pH and pI: the pH has a clear suboptimum when nearly equal to the pI, where the protein has no 

considerable surface charges. Outside of the pI, both positively and negatively charged proteins 

show repulsive protein-protein interactions. Another example would be protein-co-solute 

interaction, where at low excipient concentrations can improve protein repulsion through 

preferential binding, whilst at high concentration it can have a strong destabilizing effect on 

conformational stability. 

 

In the analysis of the screen 1 (CP2), the pair-wise correlations between the extracted parameters 

from 12 analytical techniques was examined.[5] The correlation matrix is given in Figure 32. 

Insignificant correlations are removed (p > 0.05). Noticeable is that most parameters have only 

weak correlations with each other. This is especially surprising for variables that are 

measurements of the same, or related, mechanism or underlying parameter.  
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Figure 32. Reported pair-wise correlation between experimental parameters from the PIPPI Screen 1 data, on the PIPPI 
proteins included in CP2. For clarity the diagonal elements were removed. Strong correlations are only found within 
methods and comparable between protein types. For more information on the experimental parameters, see Chapter 2. 
Figure by Gentiluomo et al. (2019)[5]. 

The stability estimators do not result in strong correlations between measurement techniques, 

even in related techniques. This is exemplified by two conformational stability estimators: the 

apparent melting temperature by IF DSF, and the reported Cm and ΔG as determined by ICD. These 

methods are both measurements of the unfolding energy, however they are not correlated in a 

meaningful manner across Screen 1. The relationship between Tm and ΔG is given in Figure 33. It 

shows two cases, (a) and (b), for two samples (red and blue). In DSF, the Tm is a measurement at 

a set ΔG (ΔG=0), whereas in ICD, the ΔG is determined at set temperature (T = 4 °C). The ordering 

in stability factors found can be reversed, depending on the shape of the curve. This further shows 

also that the measurement of ICD is temperature dependent, and different orderings of stability 

across formulations can be made depending on the temperature. 
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Figure 33. The two example cases of the temperature dependence of the Gibbs energy of protein stability calculated for 
typical parameters obtained for globular proteins. The melting temperature, Tm, is the temperature at which ΔG is zero. 
In both graphs, the dependence of two samples is plotted (red and blue). Left) An example where the Tm of both samples is 
identical, however at low temperature the blue curve is more stable with a higher ΔG, as determinable by ICD. Right) The 
red curve has a higher Tm, and appears more stable, however, the ΔG at storage temperatures (<20 °C) is actually lower 
than that of the blue curve. Figure and data by Freire et al (2013)[84]. 

Consider also the differences between extrinsic and intrinsic fluorescence DSF. IF DSF measures 

protein unfolding by monitoring tryptophan, whereas Extrinsic DSF utilizes a surface-binding 

fluorescent dye to measure hydrophobic patches on the protein surface. Although the 

correlations between the two are always positive, the correlation is not very strong, as illustrated 

for Screen 1 data of PPI-17 shown in Figure 34. Both methods report Tm1 and Tonset. This was tested 

for all Screen 1 data. It is found that the strength of the correlation between the two extracted 

parameters depends on the protein, as the protein domains that unfold need to have both 

hydrophobic patches as well as changes in the Stokes shift of Trp residues. Furthermore, the 

binding of the fluorescent dye is temperature dependent, and it is hard to distinguish more than 

one transition. On the other hand, hydrophobic patches are likely aggregation sites, and direct 

measurement of hydrophobic binding can therefore be an advantage.[42, 43, 97] 

 
Figure 34. Comparison of intrinsic fluorescence nDSF and extrinsic dye DSF of PPI-17, screen 1. Shown are the correlations 
between extracted Tonset & Tm values by two techniques. Datapoint are colored according to pH (NaCl conc. 0, 70 and 140 
mM are unmarked). The 1st order polynomial fit (solid red lines), together with the 1 standard deviation confidence interval 
of the fit itself (dashed red lines) serve as a guide for the eye. The correlation found between the Tonset-values is not 
significant in this example. 
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Identification of the aggregation pathways and the nuances within the pathways play a key role 

in identifying the trends in larger protein data sets. A study of four IgGs by Sahin et al(2010)[104] 

shows that for proteins with a similar aggregation pathway, nonnative unfolding, a full 

characterization allows for comparisons between formulations that relate to aggregation. In 

order to obtain models with which to correctly identify the aggregation path, between proteins 

and within formulation series of a protein, a large data set in both the formulation and protein 

dimension had to be collected. This large data set was previously unavailable in the public 

scientific community. PIPPI has collected one such data set, which is collected into a public 

database: PIPPI-data (P3). 

 

Another bottle neck in finding trends in formulation data, particularly for novel biologics such as 

mAbs, is the availability of the protein structure. The amino acid (AA) sequence of studied 

proteins is often subject to confidentiality, leading to a scarcity in full experimental sets that 

include AA sequences. This makes it difficult for the in-silico modelling of proteins to be linked to 

experimentally determined parameters. PIPPI sequences of all but two proteins are published 

within the PIPPI-data database. This creates a unique opportunity to relate in-silico models to 

actual protein stability, both with current methods and with new, yet to be established 

methodologies. 

 

As shown in P1 and P2, the analysis of raw instrumental data for novel experimental methods is 

another active field of research. The extraction of parameters, such as kinetic and thermodynamic 

values, is hindered by measurement errors and uncertainties. It was determined that the 

inclusion of raw data was important for the development of new data analytical methods and for 

the validation of publicized results. Although extending the measurement orders (see Chapter 6) 

can provide new insights into the nuances of the formulation aspects, also the inclusion of data 

from other measurements in the analysis of the raw data can improve the currently provided 

extracted values.  

 

To surmise, PIPPI-data provides a comprehensive data set, that is currently in a unique position 

to aid the field of protein formulation science. The data contains significant advantages: 

1. It contains the data of 18 proteins. These proteins have been chosen to provide variation in 

the four major protein fold classes, size, and functionality. A large subset of antibodies is 

included, making it possible to study within-group differences. The large set of proteins 

allows for the validation of trends. 

2. The amino acids sequences are provided for 16 proteins. In-silico modelling techniques can 

be applied as well as structural knowledge that can be included in the modelling of data 

trends. 

3. A large range of formulation conditions, that are systematically applied for all proteins. All 

major formulation aspects are included, with the exception of surfactants. Through its 

multilevel fractional experimental design, it provides data on formulation aspect interactions. 

However, the data set is not exhaustive over the plurality of formulation possibilities, such as 

alternative excipients, alternative salts, and excipient combinations. 

4. A large range of techniques have been applied. These cover contemporary measurements of 

protein descriptive characteristics, colloidal stability, and conformational stability.  
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5. The HTS measurements are enhanced by cross-laboratory replicates, using three of the 

proteins as workhorses. 

6. Long-term storage and stress studies are included, providing targets for predictive modelling. 

7. The raw data is included together with details on the models used to arrive at analyzed data, 

i.e. the extracted physicochemical values. 

8. The data is publicly available and well documented. As such, it is reproducible in new 

experimental measurements of additional proteins. 

 

The database can be found at http://PIPPI-data.kemi.dtu.dk. PIPPI-data is designed as a relational 

database management system (RDBMS) for which the enhanced entity relationship (EER) diagram 

can be found in Appendix 09. 

  

http://pippi-data.kemi.dtu.dk/
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11. CONCLUDING REMARKS 

Throughout the thesis, the relationship between the aspects of protein formulation, protein 

stability, and protein fluorescence have been discussed. The measurement of intrinsic protein 

fluorescence is one of the pillars of protein conformational stability characterization. The idea is 

that altering to the measurement setup, varying measurement parameters, or including more of 

the data, can result in improved data specificity.  

Through the works in P1 and P2, it becomes clear how the two main technologies applied in 

protein formulation research can be enhanced by improving the methodology for the extraction 

of (physicochemical) parameters. In P1, the data analysis of full emission spectra in ICD allowed 

for the modelling of the protein unfolding through linear decomposition methods. This resulted 

in single protein models, revealing the underlying chemical components of the spectra, as well as 

combined protein models. The combined protein model was applicable to a range of similar IgG-

type proteins, which allowed for the discovery of systematic instrument errors. These errors 

could be corrected by using the linear decomposition model, aiding the extraction of the 

physicochemical parameters. The inclusion of the full emission spectra increased the specificity 

in the resulting model. In P2, the data analysis of nDSF data of multi-domain proteins is studied. 

This data is complex lower-order or low dimensional data, as collected over a set of only two 

emission wavelengths. Strongly overlapping transitions proved difficult to separate into three 

underlying chemical components. The study showed how the specificity of the data could be 

increased by inclusion of the fluorescence intensities as well as the ratio of these intensities. This 

allowed for the fitting of a constrained, non-linear curve that was able to identify the two 

underlying unfolding transitions. 

For N-way data, the use of linear decomposition methods shows clear advantages as a result of 

the relationships between protein fluorescence, by emission and excitation, and the aspects of the 

formulation. The βLg data represented in Chapter 7 shows the possibilities and challenges of 

protein fluorescence, as illustrated in this relatively simple fluorescent system. Two signals were 

distinguished as chemical components reflecting the protein folded states; however, it was not 

identified to which extend each of the two tryptophan residues contributed to the components. 

Simply put, the fluorescence spectroscopy data had insufficient chemical rank to obtain the 

specificity to distinguish underlying fluorophores in complex proteins. 

The data sets studied in P1 and P2 are part of a large, highly structured, screening effort along 

many experimental techniques. This comprehensive data set, created by a collaboration between 

nine universities and industrial collaborators, can be used to properly explore trends in protein 

stability. Uncovering trends is currently hindered by non-linear and interacting mechanisms 

underlying the data, and the unavailability of public data stifles the comprehensive modelling. To 

this end, data has been collected, organized and curated in a publicly available database: 

PIPPI-data, as described in P3. The data set comprehensively reflects the proteins, formulation 

aspects, and techniques in the field. The study has been designed to form the basis for 

investigations into the complexity of protein formulation and the database is to be expanded by 

the protein formulation and protein stability research community. PIPPI-data is designed to host 

more public protein data, and as such will expectantly promote robust modelling of protein 

formulation data.  
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Abstract 
Characterization of a protein’s conformational stability is a key step in the development of 
biotherapeutics, where protein unfolding leads to adverse properties, such as aggregation and loss of 
efficacy. Isothermal Chemical Denaturation (ICD) can be applied to determine chemical stability, 
aiming to identify the optimal solvent conditions, in terms of pH, salt concentration, and added 
excipients. For seven monoclonal antibodies, this study investigates the observed intrinsic protein 
fluorescence emission spectra as a function of denaturant concentration. Protein formulations are 
screened in two experimental series. We show how the peak shapes of folded and unfolded proteins 
are preserved under added salt (0 – 140 mM NaCl) and added excipients concentrations, as typically 
found in biotherapeutic formulations, and that only minor effects in tryptophan fluorescence peak 
tailing are observed over a large pH range (5.5 – 9.0). The data of seven mAbs, where GuHCl was a 
suitable denaturant, are modelled using PARAFAC2. PARAFAC2, a linear decomposition method, is 
well suited for the data, and yield robust, valid, and automated models that allow for the detection of 
erroneous measurements. Analysis of the errors show correlation with the well-based experimental 
setup, and differences in observed errors between the two experimental series. We additionally show 
a correction method for these outliers based on PARAFAC2 model scores, such that full transition 
curves can be retrieved, increasing the accuracy of any subsequent analysis. 
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1. Introduction 
In biotherapeutic development, the determination of the stability of prospective proteins plays a key 

role both in the selection of suitable candidates for further development and in the formulation 

development of lead candidates. Determination of the thermal stability of proteins is important in 

many fields of the bio- and life sciences. In the context of biopharmaceutical development, the 

conformational stability of a protein demonstrates its propensity to – partially – unfold, thus assessing 

this parameter under laboratory-stressed conditions will yield partial insight into the long-term 

stability parameters.1-3 Protein unfolding is important to evaluate, as it can be induced by 

bioprocessing stresses, storage, and pharmaceutical delivery. Investigation of unfolding propensities 

of proteins and formulations thereof yield insights into aggregation, degradation, and loss of efficacy.1, 

4, 5 

In conformational stability estimation, various techniques are employed, each with various 

drawbacks. These techniques are based on gradual protein unfolding, where a reversible 

thermodynamic path is favored, and rely on strictly controlled experimental parameters whilst 

incrementally altering few experimental parameters. Better control over experimental parameters 

allows for downscaling of sample volumes and handling. All these techniques aim at quantifying or 

ranking protein unfolding stability, either in terms of the controlled parameters or in terms of 

thermodynamics parameters, most commonly in terms of the Gibbs free energy of unfolding ΔG. Each 

of these techniques have merits and downsides, and Isothermal Chemical Denaturation (ICD) is most 

commonly applied as a complimentary technique or when alternative, high-throughput, techniques 

fail. 

Differential Scanning (micro) Calorimetry (DSC or μDSC) measures heat capacity over a range of 

temperature in order to determine unfolding enthalpies and ΔG for each unfolding transition. Clear 

drawbacks of this technique are a lower throughput, larger sample volumes, and that proteins with 

irreversibility of unfolding cannot be measured accurately. Modern Intrinsic Fluorescence Differential 

Scanning Fluorimetry (IF DSF) relies on measurement of tyrosine or tryptophan fluorescence peaks, 

which shift as a function their direct electrochemical environment. The peak shift as a function of 

temperature yields apparent Tm values, in a low volume, high-throughput method. Drawbacks are 

grounded in the strong temperature ramp and inability to resolve overlapping peak transitions using 

a purely thermodynamic model.6 Furthermore, measurements are typically short and equilibrium may 

not have been reached, or not to the same extent at different formulations.7 Circular Dichroism (CD) 

measurements can be used to determine protein unfolding in a similar fashion, here the difference in 

left- and right-handed polarized light absorption is obtained as a function of wavelength. These 

absorptions result from the protein’s folded state chirality resulting in an absorbance ratio at set 

wavelengths, termed ‘ellipticity’. The ellipticity is subject to changes in the secondary and tertiary 

protein structure. CD can be used to probe thermal stability by using a temperature ramp, in much 

the same way as DSF.4 

1.1 ICD in formulation screening 
Isothermal Chemical Denaturation (ICD) measures protein conformational stability by perturbation of 

the structure using chaotropic agents. The disruption of the structure can be observed by monitoring 

a physical observable. Herein, we utilize the protein’s intrinsic fluorescence, and study conformational 

stability based on the same fluorescence peak shift process as is employed in DSF measurements, and 

further deliberated on in section 2.2. Multidomain proteins will show a limited set of unfolding steps, 

based on the chaotropic strength of the used denaturant. Under isothermal conditions, the transitions 

can be described in terms of the transition midpoint c½ or cm, indicating 50% unfolded protein in terms 
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of denaturant concentration or by calculation of thermodynamics as ΔG.8 It should be noted that ΔG 

can change with protein concentration, which was attributed to changes in aggregation propensity. 8 

In ICD experiments, formulated protein samples are mixed with denaturant and incubated in order to 

reach equilibrium. Measuring equilibrated samples allows for better estimation of the parameters. A 

trade-off with other techniques is the lower number of data points collected as each concentration 

has to be pipetted and incubated separately. A clear advantage of ICD in protein formulation 

development, is the lack of temperature ramp, such as that the physical properties of, for instance, 

excipients do not change. Furthermore, the assessment of fluorescent signals is not impeded by the 

temperature induced, and fluorophore dependent, decrease of signal that otherwise coincides with 

unfolding. ICD has some drawbacks, making it less standard in a biopharmaceutical screening setting: 

a relatively high sample consumption and low throughput. However, it does offer complementary 

insights into protein stability, especially when the drawbacks of other techniques hinder high-

throughput assessment. 

Current ICD techniques employ highly automated systems, and resulting data are regularly evaluated 

based on emission peak maximum wavelength or the ratio of fluorescence signals. Additionally, often 

the ICD of a protein is not only measured one single time, but aims to compare formulation conditions 

or proteins. By performing such a screening, a comprehensive data set over a diverse range of 

formulation conditions is obtained.9 Herein, multivariate data analysis (MDA), as commonly found in 

traditional analytical chemistry, allows for the development of new approaches for data analysis, 

preprocessing and outlier detection. 

1.2 Scope 
In this work, we investigate the use of multivariate data analysis (MDA) on a screening study 9, where 

ICD has been measured as a function of proteins, salt concentrations, pH and excipient. We apply MDA 

to fluorescence emission spectra for seven mAbs, formulated in two screening series with 27 and 16 

formulations each over 48 denaturant (GuHCl) concentrations. The first series investigates the effect 

of pH and ionic strength. The second screening series investigates the effect of three common 

biopharmaceutical excipients10 (proline, arginine and sucrose) over pH and ionic strength. Where the 

common approach is to analyze each set of ICD data separately, we show how the data can be 

analyzed together. This efficiently simplifies the comparison between different protein formulations. 

This also gives the unique opportunity to assess and understand which measurements are subject to 

errors originating in the measurement system, and which measurements follow the protein stability 

overall trends. Therefore, we will show that we, through the use of the advanced MDA method 

PARAFAC211, 12 (PARAllel FACtor analysis 2), are able to detect outliers, and subsequently remove or 

correct these measurement points. The observed outliers are then related back to the instrumental 

setup, where error frequencies appear systematically, with minor differences within and between the 

two screenings. From the created models, a corrected dataset can be reconstituted to be used in 

further analysis. We show how the methodology can readily be used in order to improve ICD 

measurement systems as diagnostic, as well as give more robust and stable c½ or cm based on corrected 

protein unfolding curves. 

2.  Materials and methods 
2.1 Materials and experimental screening 

Two series of experimental screenings were set up, as schematically given in Figure 1. The first 

screening, focusing on pH and NaCl effects, tests 27 formulations conditions without excipients, as 

represented by blue markers in Figure 1. The studied proteins are listed in Table 1. Formulations of 

protein PPI-17 at pH 8.0, 8.5 and 9.0 were not collected due to strong protein aggregation when 
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dialyzed at pH 8.5. The second screening series tested 16 formulation combinations. Protein samples 

were formulated with one of three excipients (280 mM proline, 140 mM arginine, or 280 mM sucrose) 

or without an added excipient, in combination with two pH levels (5.0 and 6.5) and two salt 

concentration levels (0 and 140 mM). The samples without excipient, four per protein, are replicates 

with those of the first screen. The second series was carried out ten months after the first.  

The studied proteins are IgG1-type PPI-01, PPI-02, PPI-03, PPI-10, and PPI-13, bispecific IgG1 PPI-08, 

and IgG2-type PPI-17. 

 
Figure 1. Experimental design of the formulations. In blue the first series, without excipients, for formulations with all 
combinations of nine pHs (in steps of 0.5, pH 5.0 – 7.5 buffered by 10 mM histidine, pH 8 - 9 buffered by 10 mM Tris) and 
three salt concentrations (0, 70, and 140 mM NaCl). The second series is represented by the four columns, in purple, yellow, 
orange and blue, indicating combinations of two pHs – 5.0 and 6.5, two levels of NaCl – 0 and 140 mM, and three excipients. 
In the second series, the corresponding formulations were also produced without excipient (pH 5.0 & 6.5 at 0 & 140 mM 
NaCl), corresponding to replicates of the first series but replicated in the second experimental series. 

Chemicals and materials used in sample preparation were: L-histidine (J.T.Baker®), L-histidine 

monohydrochloride (J.T.Baker®), Trizma® base (Sigma-Aldrich®), Trizma® hydrochloride (Sigma-

Aldrich®) and sodium chloride (Sigma-Aldrich®). Dialyses were performed using Slide-A-Lyzer™ dialysis 

cassettes (Thermo Fisher Scientific®). 

ICD studies were performed with an Unchained Labs HUNK system - AVIA ICD 2304 (Unchained Labs®, 

Pleasanton, USA). This fully automated system required protein stock solutions, formulation buffers 

and denaturation buffers. Protein stock solutions were prepared by dialysis of the antibodies in 10 mM 

histidine at pH 5.5 and pH 7.0, and in 10 mM tris at pH 8.5. Each dialyzed protein stock was diluted to 

1 g/L and used for ICD experiments performed within this pH ±0.5. E.g. the protein stocks of 10 mM 

histidine pH 5.5 were used for ICD experiments performed at pH 5.0, 5.5, and 6.0 in the presence of 

0, 70, and 140 mM NaCl, covering nine different formulation conditions in total. For the second series, 

all studied antibodies were dialyzed in 10 mM histidine at pH 5.0 and 6.5. For the pH and NaCl effect, 

buffer solutions were prepared at different pH (from 5 to 9) in combination with 76 and 152 mM of 

NaCl. The protein stock did not contain NaCl, adding it to the formulation buffer decreased final 

concentration of NaCl to, respectively, 70 and 140 mM. For the second series, formulation buffers 

contained excipients: 328 mM sucrose, 328 mM proline, 164 mM arginine, or without excipient, which 

resulted in 280 mM, 280 mM, 140 mM, and 0 mM reference mixtures respectively. Finally, 

denaturation buffers were prepared as formulation buffers with addition of 6 M GuHCl, resulting in 

an experimental chaotropic range of 0 to 5.5 M GuHCl, over 48 steps of 0.12 M GuHCl increments. 

Final conditions were robotically mixed, incubated, and measured. Incubation was set for 1134 

minutes (≈19 hours). For each protein, 1 g/L protein stock was used to set the spectrometer gain. The 

spectroscopic measurements were performed with an excitation wavelength of 285 nm, and the 

emission spectra was recorded from 300 to 500 nm, in steps of 2 nm. 
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 2.2 Protein fluorescence and denaturation 
Fluorescence spectroscopy is employed in various methods for protein characterization. External dyes 

can be used to monitor protein thermal unfolding 13. However, the use of external dyes requires more 

consideration in terms of sample preparation and its reliance on the appearance of hydrophobic 

patches on the proteins surface during unfolding. Intrinsic protein fluorescence is more commonly 

employed as a more direct measurement of changes to the proteins structure, which is only feasible 

if fluorescent amino acid residues are present. 

We focus on the protein intrinsic fluorescence spectrum, as can be recorded as the combined 

contributions of three aromatic amino acids – phenylalanine, tyrosine, and tryptophan. The role of 

phenylalanine is negligible, due to a significantly lower quantum yield along with a maximum at lower 

excitation and emission wavelengths. In general, the mixing of the fluorophore signals depends on14 

(a) the abundance of the residues in the studied protein, (b) the quantum yield of these residues, at 

the excitation wavelength15, (c) their absorbance at the excitation wavelength, and (d) the Förster 

resonance energy transfer (FRET), in this case from tyrosine to tryptophan16, 17. Folded protein 

fluorescence emission spectra are a combination of tryptophan and tyrosine contributions, especially 

as the excitation spectra of both these amino acids are highly similar and proteins are typically excited 

at wavelengths above 280 nm*. To reduce the influence of tyrosine, an excitation wavelength between 

285 nm and 300 nm is commonly used4, ensuring that the behavior of Tryptophan becomes the 

predominant factor in studying the proteins.14, 18 

For protein-bound tryptophan, the protein emission peak is shifted to lower wavelength, based on its 

electrostatic interactions with sterically neighboring amino acids. The underlying mechanisms have 

been well described by Vivian and Callis (2001)19 and this shift can differ between proteins and 

residues 16. This is well-illustrated by Alston et al (2004)20 and by Najor et al (2014) 21, showing different 

shifts and intensities for tryptophan residues at various sites in Ribonuclease Sa and Giα1, respectively. 

In terms of protein unfolding, this means that a protein’s tryptophan residues fluorescence show red 

shifted emission as the polarity of their surroundings increases, i.e. on moving from a hydrophobic 

environment to hydrophilic environment16, 22. Tryptophan residues in native proteins are typically 

buried and during unfolding they become solvent exposed, moving into a polar environment. The 

proteins unfolding can be characterized by measuring the ratio between solvent exposed and buried 

tryptophan fluorescence signal peak shapes, as is used in DSC, Intrinsic Fluorescence (IF) DSF, nDSF, 

and IF ICD. 

The intensity of the tryptophan fluorescence signal is subject to changes based on the electrostatic 

environment of the fluorophores, and some tryptophan residues can be completely quenched in the 

native state 20, 21. Typically, in denaturation experiments and under isothermal conditions, the signal 

intensity increases during protein unfolding. Various other factors can affect the observed signal 

intensity, as relevant for the data collected for this study: for sufficiently dilute samples, the signal 

increases linearly with protein concentration. Protein aggregation into larger aggregates is known to 

decrease the signal. Also, the solvent conditions can affect the intensity, most prominently in the 

denatured state, by changing the electrostatic environment of exposed tryptophan. Outside the 

biopharmaceutical pH range, below pH 3.5 or above pH 10, sharp drops in fluorescence signal are 

observed for tyrosine and tryptophan† derivatives23. Within a typical biopharmaceutical pH range, the 

pH can have a small, non-linear effect on the fluorescence intensity. For the purpose of this study and 

 
* Free form tryptophan has an excitation maximum at 285 nm, and free form tyrosine has an excitation 
maximum at 280 nm. 
† At high pH (pH 10) tryptophan-derivative quantum yield increases up to three-fold before dropping off. 
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the applied multivariate data analysis technique, the fluorescence intensity is less important than the 

peak shape. The effect of solvent conditions (pH and ionic strength) including excipients, as typical for 

biopharmaceutical formulations, on the fluorescence peak shape are shown in the results. 

The fluorescence peak shift is monitored to study protein thermal unfolding. This can be done by 

observing the signal at two different wavelengths, e.g. as used in intrinsic fluorescence differential 

scanning fluorimetry, or by taking a full emission spectrum. By limiting the number of measured 

emission wavelengths, the measurements can be taken in quick succession. This allows for a steep 

unfolding curve, i.e. a steep temperature ramp, beneficial to a high-throughput methodology. For ICD 

the incubation period is long, and a single measurement is taken at each distinct denaturant 

concentration, and a full fluorescence emission spectrum is obtained. Access to the full emission 

spectra gives us the opportunity to apply advanced data analysis methods to (a) further study the 

fluorescence peak shift, (b) better characterize the shift and unfolding ratio, and (c) better distinguish 

between different unfolding transitions. 

For the studied set of monoclonal antibodies, the number of tyrosine and tryptophan residues are 

given in Table 1. It is not known to which extent each of the residues contribute to the observed 

fluorescence signal. 

Table 1. Presence of tyrosine and tryptophan residues in the studied monoclonal antibodies. The amino acid sequence of 
PPI-08 is not given. PPI-08 is a bispecific monoclonal antibody. 

Protein Mw 
(kDa) 

No. 
AA 

Tyrosine 
residues 

Tryptophan 
residues 

PPI-01 144.8 1334 64 (4.8%) 24 (1.8%) 

PPI-02 148.2 1324 52 (3.9%) 24 (1.8%) 

PPI-03 144.7 1330 64 (4.8%) 20 (1.5%) 

PPI-08 204.4 -  - - 

PPI-10 144.2 1326 58 (4.4%) 24 (1.8%) 

PPI-13 146.3 1338 58 (4.3%) 26 (1.9%) 

PPI-17 145.1 1322 56 (4.2%) 20 (1.5%) 

Monoclonal antibodies have multiple thermal unfolding steps4, 14, 24, 25, and the antibodies in this study 

have shown multiple transitions in corresponding DSF studies across the formulation conditions 1, 6, 9. 

The methodology relies on the presence of tryptophan residues that have non-zero quantum yield, 

are not solvent exposed in the native state, and are solvent exposed in a denatured or intermediate 

state. Furthermore, for multidomain proteins with multiple unfolding stages - such as mAbs25 - this 

implies that each structural change must include at least one tryptophan residue in order to be 

characterized separately. Not all domains will unfold under the same denaturant range consistently. 

For mAbs the common unfolding domains are, in order of energy, the CH2, Fab and then CH3 domain. 

The Fab region is found to be highly variable in ΔGFab due to changes in the Fv domain, and this 

transition can coincide with the other domains depending on protein and formulation.6, 26, 27 It 

therefore becomes important to have neat, error free, data in order to be able to identify these 

transitions. 

2.3 Data collection and treatment 
Each protein formulation was measured as a function of 48 denaturant concentrations, 0 – 5.5 M 

GuHCl, in steps of 0.12 M, measuring intrinsic fluorescence emission between 300 – 500 nm, in steps 

of 2 nm. The first screen contains 180 samples, while screen 2 consists of 112 samples. Therefore, the 

total number of emission spectra for the two screens are 8640 and 5376, respectively. 
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As an example of the data input, we show a single formulation experiment, over 48 denaturant 

concentrations. Figure 2 shows the fluorescence emission spectra of PPI-03, formulated at pH 7.0 and 

0 mM NaCl, over denaturant conditions between 0 M and 5.5 M GuHCl. 

  

Figure 2. Example of ICD data. Protein fluorescence spectra of PPI-03, formulated at pH 7.5 and 70 mM NaCl, as a function of 
denaturant concentration. 

Data was exported into MATLAB® (MATLAB and Statistics and Machine Learning Toolbox Release 

2018b, The MathWorks, Inc., Natick, Massachusetts, United States) and analyzed therein. The used 

MATLAB® code related to the PARAFAC2 decomposition is based on open source libraries, The N-way 

toolbox28 and parafac2.m29, both available on www.models.life.ku.dk/algorithms. 

3. Multivariate analysis 
3.1  PARAFAC2 

The applied advanced data analysis method, PARAFAC2, creates a trilinear decomposition of the data. 

The algorithm is described by Kiers et al (1999)12, and we focus on the results of the decomposition 

and its implications pertaining to ICD data. The notation follows that used by Kamstrup-Nielsen et al. 

(2012)30, and the significance of the notation – as regarding to the decomposition of ICD data – are 

given in Table 2. 

Table 2. Applied mathematical notations and terms, with their relation to the experimental data. 

notation  

a Lowercase or uppercase, italic – indicates a scaler or index 

a Lowercase, bold – indicates a vector 

A Uppercase, bold – indicates a two-dimensional matrix 

A Uppercase, underlined and bold – indicates a three-dimensional tensor 

terms  

k… K Sample index k, a specific combination of a protein and formulation, of all 
combinations K. 

i… I Wavelength i, for all wavelengths I. 

j… J Denaturant concentration j, between j = 1 at 0 M GuHCl and j = J at 5.5 M GuHCl. 

X Three-way data tensor, of size K × J × I, to be modelled by PARAFAC2. 

D Modelled fluorescence Intensity for each sample k, as a value for each 
component.  

A Modelled fluorescence spectrum or spectrum shift, for each emission 
wavelength i, as a value for each component. 

B Modelled mixing of components as a function of denaturant concentration, 
determined for each sample k and over the denaturation concentrations j…J, 
denoted as Bk 

H  The common part of mode B. 
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Pk The formulation and protein specific part of mode B. 

E The residuals or error tensor, representing unmodelled variation. 

f… F The PARAFAC2 component f, each representing spectroscopically relevant 
states. 

 
To apply PARAFAC2, the data is arranged in a three-dimensional tensor, by stacking the denaturation 

profiles along the sample axis. We create the tensor X, of size [K × J × I], has in its first dimension K 

samples, as protein and formulation combinations, a second dimension with J variables, as denaturant 

concentrations, and a third dimension with I variables, over the emission wavelengths. For the first 

experiments series, this results in a tensor X of 180 samples by 48 denaturant concentrations by 97 

emission wavelengths. Strictly, the number of denaturant conditions for each sample is variable and 

erroneous measurement at a specific denaturant concentration can be excluded. The method does 

not require other preprocessing of the data. 

The trilinear decomposition splits the tensor X into three modes, D, B, and A, and an error tensor E 

containing the residuals. The number of components (or factors), F, is the tunable parameter in 

PARAFAC2. Each component contains a separate piece of chemical information of the data, and 

determination of the appropriate number of components is discussed in section 3.2. For the ICD data, 

with two components we can model both the native (f = 1) state and the denatured (f = 2) state. Other 

variations in the data, that are not modelled by the components, end up in the residuals or error, E. 

PARAFAC2 is an unsupervised method, meaning that it finds the components autonomously by finding 

the patterns in the data that allow for the minimization of the squared residuals, and not by prescribed 

patterns or fluorescence spectra. 

Each mode has F number of components and lies along the original directions of the tensor. The first 

mode, mode D, lies along the sample dimension K and represents the overall fluorescence intensity of 

the sample for each model component. The second mode, mode Bk, lies along the denaturation 

concentrations and gives the mixing of the components for each sample k at different denaturation 

concentrations (j…J). The third mode, mode A, lies along the spectroscopic dimension I and represents 

the fluorescence emission spectrum. In PARAFAC2, mode Bk is split into a common part H, and a 

sample specific part Pk. The term Pk is a vector that describes the denaturation process for a specific 

formulation. 

The fluorescence spectrum of a single sample k at one specific denaturant concentration j over the 

emission spectrum i…I, is then the sum of the components combined with the residuals. For two 

components (F = 2) the overall PARAFAC2 model is given graphically, in Figure 3. Modes D and A 

consist of F vectors each as df and af, of length K and I respectively, and are easily visualized. Mode B, 

split into H and the denaturant dependent term pf,k, is hard to visualize, as it contains K × J × F values, 

and it is therefore split and visualized per protein. 

 
Figure 3. A two component PARAFAC2 model, the 3-way tensor X is split into modes D, Bk and A, and a residual tensor E. For 
ICD data, the denaturation curves are obtained in the second mode Bk, commonly written as (Pk∙H), with common component 
H and formulation dependent Pk for each sample k. The three modes for each component f…F are vectors, denoted df, pf,k∙H 
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and af. Mode D represents the dependence of the sample (as a combination of the protein and formulation) in the intensity 
of the fluorescence for each component. Mode A represents the fluorescence spectrum as component peak shift. 

The applicability of PARAFAC2 relies on the trilinearity of the structure underlying the data12. In 

chemical terms, this means that each spectrum can be split into independent contributions from 

distinguishable compounds and that the resulting modes cannot have an interaction term. For the ICD 

data, this lack of interaction term forces us to combine the formulation and proteins into the same 

dimension, since both the protein and the formulation would influence the overall fluorescence 

spectrum intensity and shape. Vice versa, in order to create a PARAFAC2 model only the denaturant 

concentration can influence the peak shift. Therefore: if the formulation has an interaction effect on 

the protein peak shift in combination with the denaturant, PARAFAC2 cannot be used. This recognizes 

the importance of the effect of formulation on the fluorescence emission peak shape, and should be 

investigated before application of PARAFAC2. 

Additional constraints to PARAFAC allow for more meaningful models. Applicable constraints are 

limited to mode D and A.31 These constraints can be combined for both modes, and combinations of 

(a) unconstrainted, (b) nonnegative, (c) orthogonal or (d) unimodal and nonnegative, modes are 

possible.29 However, all constraints reduce the fit and valid unconstrained models are preferred. The 

applied constraints can be useful to obtain “chemically valid” models, i.e. where the mode 

components reflect known or expected underlying patterns. In mode A, the spectra are expected to 

be nonnegative and often unimodal, as tryptophan is likely to be the only contributor. 

The number of PARAFAC2 components is chosen based on the expected number of spectroscopically 

relevant contributions. Increasing the number of components will always decrease the residuals, thus 

improving the model fit. However, if too many components are used, some will be chemical 

meaningless, and/ or some components are split into multiple, semi-equivalent components. The use 

of too many factors in a model is termed overfitting, and should be avoided. If too few components 

are chosen, the model is underfitted, and valuable information is left in the residuals.12, 31 Multiple 

validation strategies for deciding on the model complexity are available (see section 3.2). 

3.2  Model validation 
PARAFAC2 models should be checked and validated, which is done in a combination of methods. 

Multiple PARAFAC2 models are made, using random initialization to avoid local minima during 

optimization, and the reinitializations of models over an increasing number of components can be 

compared. Validation and comparison of the models check (a) for uniformity in solutions and local 

minima, (b) that modes make “sense” from a spectroscopic perspective32, 33, (c) the size of the fit, as 

this is important to ensure the model is based on a significant portion of the data, (d) the residual 

matrix for unmodelled structure, which would indicate that the selected method is unsuitable or the 

model is underfitted, and (e) model complexity by checking the Core Consistency. Core consistency is 

a common tool for the estimation of the appropriate number of PARAFAC2 components30. 

The model fit is calculated as the difference between the data X and model. The reconstructed data �̂� 

is calculated from the model where the residuals are removed, �̂� =  𝐀𝐃𝑘(𝐏𝑘𝐇)T. The fit is calculated 

as the difference between the modeled and input data, ∑ (𝐗 − �̂�)𝐼,𝐽,𝐾 , which is expressed as a fraction 

of X. 

3.3  Outlier detection 
We aim to detect outliers – measurements that lie outside the overall pattern of the samples. The 

outliers originate from measurement errors, mixing errors, or buffer preparation errors. These outliers 

are characterized by the mode of the data it manifests, and, depending on the phase where the error 
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occurred, how widespread the error is. Assuming correct buffer preparation, we focus on outliers 

caused by instrumental errors in either sample and buffer mixing, or in the spectroscopic 

measurement. Such outliers manifest along the spectroscopic dimension, i.e. for a single combination 

of protein, formulation and denaturant concentration. To detect these outliers, we look at the 

PARAFAC2 residuals of each unique combination of sample and denaturant concentration. Outliers 

are determined from the sample’s contribution to the residual tensor E. 

We propose the following workflow for analysis of ICD data, as given in Figure 4, involving two 

PARAFAC2 models where the second, final model is based on data without outliers. In the scheme the 

data is collected and input into a first PARAFAC2 model step, where the number of components is 

estimated and the resulting model is validated. In order to use the residual tensor E for outlier 

detection, the PARAFAC2 model has to be optimized and validated beforehand. With too few 

components, measurements that are not modelled by these components will show large residuals and 

will therefore be marked incorrectly as outliers (false positive). With too many components, the model 

will accommodate specific or common outlier patterns, resulting in low residuals and misclassification 

of outliers fitting these patterns (false negative). To assess each measurement, we compare errors 

within each denaturant experiment. We sum over the spectral dimension i, to obtain the error at 

denaturant concentration j. We use a one-sided cutoff value of three standard deviations to mark 

significant high errors. An example of ranges of residuals for various formulations of monoclonal 

antibody PPI-13 samples are shown in Figure 8 (left). Once all outliers are marked, their data is 

removed from data input, and a second PARAFAC2 model is made, using the same number of 

components as before. Although a highly similar model is expected, the model is to be validated anew. 

From this second PARAFAC model we obtain (1) a sample and denaturant concentration independent 

spectral mode A, (2) an emission wavelength and denaturant concentration independent sample 

mode D, and (3) an emission wavelength independent denaturant response mode B. Outlier values 

are removed from Mode B. We can use mode B to correct the observed outlier, for which a method 

is described in section 3.4, or exclude found outliers from further analysis. For further analysis, it is 

possible to investigate mode Bk (as Pk · H), or reconstitute the original data as �̂�𝑘 with or without the 

corrected outliers, for each sample k. The error term is removed, and Pk is of varying length or contains 

outlier corrected values. 

 
Figure 4. The used analysis scheme to create a PARAFAC2 model based on non-outliers and correct outliers. The data input is 
modelled in its entirety by PARAFAC2, this model is optimized for number of components and validated. Outliers are detected 
using a cut-off based on their contribution to the residual tensor E. The outliers are removed, and a second PARAFAC2 model 
is obtained and validated for the remaining measurements. Outliers can then be predicted in the denaturant dependent mode 
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B, based on surrounding points. Further analysis can be based on (a) outlier corrected mode B scores, (b) the outlier corrected 

�̂� data, or (c) the input data wherefrom found outliers are removed. 

3.4  Outlier correction 
We used an iterative smoother over the PARAFAC2 Bk term to fill missing data. The method uses a 2nd 
order Savitzky–Golay filter, where the marked outlier itself and neighboring points marked as outliers 
are not used in the polynomial fits. For the 48 points in Bk over a full denaturant series a width of 
seven datapoints is used to interpolate the outliers. This is done in an iterative procedure, where the 
fit is repeated for all outliers in Bk, ranked according to residual between the smoothed Bk and the 
estimated Bk. After the first fit, Bk is updated and the Savitzky-Golay filtering is repeated using the 
updated points. This procedure is repeated until all outlying points have been estimated. This results 
in iterative interpolation and possible extrapolation, depending on the position of the corrected data 
point. 

4. Results 
4.1  Fluorescence peak characterization 

For the assessment of the peak shape deformation by formulation factors, we investigate the emission 

spectra of the native state, at low denaturant concentration, and of the denatured state, at high 

denaturant concentration. For the investigated proteins, the first data series was used to assess the 

effect of salt and pH. The second data series, formulated at four combinations of salt and pH, with and 

without excipients, shows the effect of these excipients on the peak shape. Outliers are visible, and 

are identifiable by either a low signal, a peak deformation, or interference patterns in the background. 

To illustrate the peak deformations, we normalize the signal intensity by the protein peak maximum 

of the fluorescent emission above 306 nm. The acquired emission wavelengths, 300 to 500 nm covers 

also part of the first order Rayleigh scatter peak, originating from excitation at 285 nm. Results shown 

herein are for monoclonal antibody PPI-03 and PPI-13, at selected formulations. Graphs of other 

proteins and formulation measurements are found in the supplementary materials, note that these 

graphs include the curves of outliers, which may appear as inflated backgrounds or low intensity 

spectra. 

The effect of the salt concentration, at 0, 70, and 140 mM NaCl, for PPI-03 at pH 6.5 without added 

excipient is shown in Figure 5A. Twelve curves are plotted, for each salt concentration at 0, 0.12, 5.38, 

and 5.5 M GuHCl. The emission spectra are highly similar, and an outlier can be seen in blue (0 M 

GuHCl, 0 mM NaCl). Based on all the data, we conclude that the addition of NaCl does not significantly 

affect fluorescence emission peak shape in any of the investigated mAbs. Changes in pH mainly affects 

the fluorescence signal intensity, but a small effect on peak shape is observed. By investigating all the 

mAbs, the data show a small peak tailing effect, as is most pronounced for the native state. For PPI-13 

this effect is shown in Figure 5B, where formulations from the first experimental screening are plotted. 

In total 108 curves are plotted, the 27 formulations at 0, 0.12, 5.38, and 5.50 M GuHCl, and colored 

according to pH. The peak deformation is minor when compared to the peak shift between the native 

and denatured states, and peak maxima remain intact. From the second experimental series, the data 

show that effects of excipients on the native and denatured protein fluorescence emissions spectrum 

are not significant. Figure 5C shows the peak shape of PPI-03 at low (0.12 M GuHCl) and high (5.50 M 

GuHCl) denaturant concentrations. The 32 samples are formulated at pH 5.0 and pH 6.5, in 

combinations with 0 and 140 mM NaCl, and colored according to excipient. 
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Figure 5. The effect of formulation factors on mAb fluorescence emission peak shape. (A) The effect of salt concentration. 
Plotted PPI-03 at pH 6.5 without added excipient. Twelve curves represent 0, 70, and 140 mM NaCl in combination with 0, 
0.12, 5.38, and 5.5 M GuHCl. One outlier (0 M GuHCl, 0 mM NaCl) can be observed. (B) The effect of pH on the peak shape. 
PPI-13 in the native and denatured curves with 27 formulations (pH and Salt) at 0, 0.12, 5.38, and 5.5 M GuHCl, and colored 
according to pH. A clear pattern shows increased peak tailing over increased pH. (C) The effect of added excipients, from the 
second experimental series data of PPI-03. Plotted 16 formulations (pH 5.0 and pH 6.5, in combination with 0 or 140 mM 
NaCl, and 280 mM arginine, 140 mM sucrose, 280 mM proline, or without excipient). Some outliers are included. No effect of 
excipient on peak shape is visible. 

Between studied proteins, the emission peak shape and intensities can vary. The spectroscopic 

detector gain was set per protein experimentally, and only the peak position λmax can be compared 

between proteins. Figure 6 shows the variation in emission peak maxima, in shift and intensity, over 

the studied proteins. Although measurements were taken per 2 nm in emission wavelength, a 2nd 

order polynomial fit of 9 data points around λmax was employed to obtain a more refined estimation 

of that λmax. Within each protein formulation series, we can compare both the intensity maxima and 

shift between signals from folded and unfolded protein. This further illustrates the input data, and 

sets expectations for PARAFAC2 model results and validation. Trends in fluorescence intensity as a 

function of pH and salt concentration hold only per protein, and not in general, and have shown both 

similar and opposing trends between native and denatured states. E.g. the intensity of the denatured 
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state’s peak of PPI-03 increases with pH and the peak of PPI-13 decreases with pH, however for both 

these proteins the native state peaks of formulations at pH 6.5 or 7.0 have the highest intensity. Native 

proteins show λmax at emission wavelengths of 336-348 nm. For the denatured proteins the emission 

maximum is shifted to higher wavelengths, 353-358 nm. Denatured monoclonal antibodies can show 

an increase in fluorescence signal relative to the native state, which, depending on protein and 

formulation, are observed to increase the intensity by factors* between approx. 1.1 and 6.9. This 

increase is attributed to increased quantum yield of solvent exposed tryptophan. 

 
Figure 6. Summary of protein maxima across formulations. Plotted are estimated protein peak maxima by their respective 
wavelength and intensity. Native proteins (0 M GuHCl) show λmax at emission wavelengths between approx. 336 and 348 nm, 
whereas denatured proteins (5.5 M GuHCl) show intensities at a higher wavelength, over a small range, between 353 and 
358 nm. Please be aware that the data contains outliers. For clarity low intensity (below 0.04 a.u.) samples have been 
removed (i.e. the cluster of PPI-01 and PPI-03 at emission wavelength below 335 nm). 

As shown, pH, excipient and NaCl concentration do not strongly influence peak shape. Of these, pH 

has the strongest influence. Protein have varying peak maxima both in intensity and λmax, however 

overall peak shape is preserved. We can make use of the structure in the data to model the chemical 

denaturation of proteins at varying formulation. Herein, we assume that at various denaturant 

concentration, samples are characterizable as mixtures of the native and denatured state. We 

investigate single protein series models, negating the differences in folded protein spectra between 

proteins, and a global model, where the measurements are all modelled as mixtures of the same two 

underlying phenomena: the native and the denatured state. 

4.2  Single protein models 
When studying a single protein, we propose straightforward modelling of the data by PARAFAC2. We 

remove wavelengths below 306 nm, as Rayleigh scatting patterns cause a high intensity signal at the 

lowest wavelengths. For each of the seven protein samples of the first experimental series a separate 

PARAFAC2 model can be made. The PARAFAC2 model of PPI-03, over the 27 formulations of the first 

experimental series, is shown in Figure 7. In mode D (left) and mode A (right), 1st component is 

ascribed to the native state base spectrum and 2nd component to its denatured state counterpart. The 

core consistency (plotted supplementary materials) is used to estimate the correct number of 

components and to validate the model. Outliers have been removed and the model is recalculated. 

 
* Samples are mixed and measured in different wells in the instrument, but originate from one prepared 
formulation and buffer solution, instrumental pipetting and spectroscopic error margins are not included in 
the reported factors. 
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Figure 7. The PARAFAC 2 model of PPI-13. Mode A (left, fluorescence profile) and mode D (right, fluorescence intensity) scores 
of the 2 component PARAFAC2 model of PPI-13. The 1st component signifies the native state base spectrum and intensity and 
2nd component the denatured state base spectrum and intensity. 

Mode Bk model scores represent the mixing of the components as a function of denaturant 

concentration for each formulation. Based on the proposed outlier detection method, 6.1% of 

measurements are marked as outliers, by their excess of three standard deviations of the mean 

residual score. These spectra are subsequentially removed from the analysis. In Figure 8, the mean 

residuals of formulations of PPI-13 over the spectral mode are shown (left) together with the 

corresponding Bk mode scores (right) of the two components. 

    

Figure 8. PARAFAC2 model of PPI-13, shown per formulation over the denaturation concentrations and colored by formulation 
pH (left). Mean residuals of the samples at each denaturant concentration [GuHCl] (mol/L). From each series, the deviation 
from the mean is used to identify outliers (right). The chemically induced unfolding curves Bk, representing the mixing of the 
two components. 

4.3  Combined protein model 
A PARAFAC2 model is made on the data from all proteins and their formulations for each experimental 

series. These models are validated, a two-component model is selected, and outliers are identified. 

The model is recalculated without outliers and validated. Although the native states of the proteins 

are distinctly different, as shown in Figure 6, a single model is able to capture the peak shift by linear 

combination of the components in the spectral mode. Figure 9 shows the model of the first 

experimental series. The spectrum mode A (left) shows the two components, where a linear 

combination of the two components can be used to model the transition induced shift from native 

(336 and 348) to denatured (353-358 nm). The protein and formulation mode D (right) shows the 180 

samples’ overall intensity as an mixing of the two spectral shift components, therefore the mode 

scores represent a mix of peak intensity and shift and can only be compared within a single protein’s 

formulation series. 
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Figure 9. PARAFAC2 model scores on the spectral mode, mode A (left), and sample mode (D). 

Figure 10 shows the model scores of PPI-03 and PPI-13 formulations, colored by formulation pH. At 

low denaturant concentration the positive component 1 scores in combination with low component 

2 scores correspond to a low λmax peak. Across increasing denaturant concentration, this peak shifts 

to a higher λmax, with negative component 1 mode scores. Outliers are visible as sharp deviations from 

the trends. Two transitions are visible, as best visualized for PPI-13.  

  
Figure 10. Mode B PARAFAC2 scores of PPI-03 (left) and PPI-13 (right). The scores of two components of the first experimental 
series data, all 27 formulations and colored according to pH, show how the spectral peak is shifts according to denaturant 
concentration. Outliers are included and can be identified as spikes at various denaturant concentrations. 

4.4  Outlier trends 
From the combined PARAFAC2 model the errors were analyzed and compared between the two 
experimental series. Outliers showed an uneven distribution across denaturant concentrations, 
observable as a disproportional number of high mean residuals at specific denaturant concentrations 
as illustrated in Figure 8 for PPI-13. The denaturation concentration, and the number of outliers, can 
be related back to the experimental setup. In the experimental setup, protein solution, blank buffer 
solution and denaturant buffer solutions were pipetted into four rows (A - D) of 12 wells robotically, 
with increasing denaturant concentration along the rows, i.e. A1 (0.00 M GuHCl), A2 (0.12 M GuHCl), 
… D12 (5.50 M GuHCl). The fraction of errors in both experimental screenings are shown in Figure 11. 
The first experimental screening (top) showed 41% outliers from measurements of well A1, and an 
overall high number of outliers in wells neighboring A1. The second experimental screen showed 37% 
outliers from well A1, and a much reduced but still elevated number of errors in wells directly 
neighboring well A1. 
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Figure 11. Fraction of detected outliers per well, for first (top) and second (bottom) experimental screening. 

4.5  Outlier correction 
We apply the proposed outlier correction method to the outliers found from the PARAFAC2 model 

based on all emission spectra of the first experimental series data. In Figure 12 we show how, for PPI-

01, pH 7.5 and 0 mM NaCl, outliers have been corrected in an iterative manner. This sample represents 

a denaturation series with the highest number of outliers (14 out of 48), in combination with 

neighboring outliers and outliers bordering the low denaturant concentration edge. To find and 

correct the outliers, First the outliers (marked blue), are identified based on the residuals. The model 

Bk mode scores (in black) are corrected to obtained corrected scores (in green). A GIF of the iterations 

as well as a plot of the residuals can be found in the supplementary materials. 

 
Figure 12. Corrected Bk mode score of PPI-01, pH 7.5 and 0 mM NaCl. From the model scores (black), the outliers (marked in 
blue) are detected based on the residuals (supplementary materials). After iterative correction, the corrected denaturant 
scores are obtained (green). 

The corrected outlier mode scores are combined with non-outlier scores to obtain the reconstituted 

data, �̂�. Figure 13 compares the corrected denaturant intensity ratio I350/I330, to show improvement 
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in extracted unfolding pattern of PPI-01, pH 7.5 at 0 mM NaCl. 

 

Figure 13. Effect of reconstitution and correction on the ratio I250/I330 , derived from the combined protein model of the first 
experimental series. The most compromised sample, PPI-01 formulated at pH 7.5 at 0 mM NaCl over denaturant 
concentration is shown. The ratio I250/I330 of the input data (black), the reconstituted data without correction (blue) and with 
correction (green) are given. Detected outliers are marked (red). 

5. Discussion 
The limitations and extensions of the proposed method and the application thereof, lie with the 

experimental series and the data, with the errors and their structure, and with the applicability of 

PARAFAC2 to the data and prospective data. 

We recognize that not all formulation aspects are included in the study as other formulations factors 

are not investigated, and the proposed methodology should be tested when extended to different 

buffers, salts and excipients, as well as for other formulation components, such as added surfactants, 

polyols, and polymers. By choosing full factorial experimental designs in the two experimental series, 

the obtained information has multiple query points on few formulation parameters, such as that 

patterns therein can be discerned. With regards to the modifier of ionic strength, we used 0, 70, and 

140 mM NaCl. It is important to note that the ionic strength arising from the use of 10 mM tris and 

histidine buffers is relatively small, i.e. 18 mM in its extreme at pH 5.0, but may have to be taken into 

account especially at 0 mM NaCl and 0 M GuHCl. For comparison of the denatured states, the added 

GuHCl strongly changes the ionic strength of the solution as well. 

Over both experimental series the number of detected outliers averaged 8.4%. Larger number of 

outliers can hinder further analysis of the data, but even with an outlier rate below 10%, it is important 

to investigate the origin of the outliers as they can indicate issues with the instrument. Nevertheless, 

we recommend randomization of the denaturant concentrations used across the wells to avoid 

systematic offsets. 

The combined experimental series resulted in 14,016 emission spectra. For a better overview of the 

data recorded, we would like to refer the reader to the supplementary materials and we aim to make 

this dataset available in the future.9 PARAFAC2 is traditionally applied to multi-way chromatography 

data, and here we show the application of PARAFAC2 in a novel application. In this model, we model 

two shifts, in the spectral mode and in the denaturant mode, simultaneously. It is therefore important 

to scrutinize created models with regard to rank deficiency in the number of model components. 

Modelling by PARAFAC2 assumes trilinearity of the data, and validated models show a high fit, lowest 

at 99.2% for the combined protein model. The high fit, in combination with a large number of outliers, 

is due to the overall low fluorescence intensity of the outliers. The fit is a valuable statistic in evaluating 
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the validity of the model for non-outlier data, but not in estimation of the number of outliers or the 

outliers’ influence on the model. 

6. Conclusion 
From investigation of the data of two large experimental screening of formulations in combinations 

with seven mAbs by isothermal chemical denaturation, we conclude that: (1) NaCl concentration 

between 0 and 140 mM does not impact the peak shape of fluorescence emission spectra of the native 

and denature states. (2) Added excipients, 280 mM proline, 140 mM arginine, or 280 mM sucrose, do 

not significantly impact the peak shape of fluorescence emission spectra of the native and denature 

states. (3) The formulation pH has a small influence on the peak shape fluorescence emission spectra 

of the native and denature states. (4) Effects of NaCl and pH on fluorescence peak intensity do not 

show trends between mAbs. 

The data can be fit using a PARAFAC2 model. Herein, the data is decomposed into a spectral mode, a 

sample mode, with a sample as a combination of protein and formulation, and a separate denaturant 

mode for each sample. The denaturant mode treats each denaturation series as a shifted mixing of 

the native and denatured state spectra. We show how two-component models are capable of 

capturing the denaturant transition peak shift. When single protein formulation series data is analyzed 

by PARAFAC2, denaturant and native state curves can be obtained. 

It becomes possible to directly combine and simultaneously analyze the data from all seven mAbs 

using a single two-component PARAFAC2 model. This model uses the 8640 fluorescence emission 

spectra, obtaining a model fit of 99.2%, to model the emission shift. For both models we can use the 

model residuals to identify outliers and show how trends in the outliers are related to the 

experimental set-up. The identified outliers can be corrected, using PARAFAC2 denaturant mode 

scores, and the original data can be reconstituted with corrected outliers and with removal of the 

residual variation. Further analysis of the cleaned-up data can be performed using traditional analysis 

methods, with more valid and robust results than current state-of-the-art methodology. 
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Supplementary Materials 
The following document contains a selection of figures, illustrating the raw data input, scaled raw data for comparison of peaks shape and 
shift, and as validation of the models represented in the manuscript. In the manuscript, figures are used where outliers have been removed to 
improve clarity. For completeness, outliers are shown in all figures in the supplementary materials. Additionally, a GIF file is available 
separately, as part of the supplementary materials. The raw data is to be made publicly available in the future. 
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1. Raw data & effect of formulation on tryptophan peak shape 
(Figures 1-#-A and 1-#-B) From each protein, two formulation unfolding patterns are shown from the first experimental series over pH and 
NaCl concentration. The figures are analogous to Figure 2 of the manuscript, however, the outliers are not removed. The formulation is given 
for each graph, and a representative selection has been made. 
(Figures 1-#-C and 1-#-D) Then for both screens the overall curves at high and low denaturant concentrations are plotted. For the first 
experimental screening, the curves are colored according to pH and marked by salt concentration. The effect of excipient in the second data 
series are shown over the two pHs (5.0 and 6.5). For these graphs, denaturant concentration 0.12 and 5.38 M GuHCl are chosen, as the high 
number of outliers arising from instruments corner wells obscured the trends. 
(Figure 1-10-E) An additional graph is plotted to show how the apparent peak shape splitting is an effect of pH, not salt concentration or 
excipient. This is the case for PPI-02, PPI-08, PPI-10, PPI-13, and PPI-17, and plotted for PPI-10 for which this is effect is strongest. 

 

PPI-01  

1-01-A 

 
Emission spectra measured in wells at different denaturant 
concentration. All 48 samples formulated at: 
PPI-01, formulated at pH 5.0 with 0 mM NaCl. 

1-01-B 

 
PPI-01, formulated at pH 6.5 with 140 mM NaCl. 

1-01-C 

 
PPI-01, Emission spectra of 1st experimental series colored by 
pH. 

1-01-D 

 
PPI-01, Emission spectra of 2nd experimental series colored by 
excipient. 
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PPI-02  

1-02-A 

 
PPI-02, formulated at pH 6.5 with 140 mM NaCl. 

1-02-B 

 
PPI-02, formulated at pH 9.0 with 0 mM NaCl. 

1-02-C 

 

1-02-D 

 
*small splitting visible, as function of pH. 
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PPI-03  

1-03-A 

 
PPI-03, formulated at pH 5.5 with 70 mM NaCl. 

1-03-B 

 
PPI-03, formulated at pH 7.5 with 140 mM NaCl. 

1-03-C 

 

1-03-D 
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PPI-08  

1-08-A 

 
PPI-08, formulated at pH 6.0 with 140 mM NaCl. 

1-08-B 

 
PPI-08, formulated at pH 8.0 with 0 mM NaCl. 

1-08-C 

 

1-08-D 

 
*small splitting visible, as function of pH. 
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PPI-10  

1-10-A 

 
PPI-10, formulated at pH 7.0 with 140 mM NaCl. 

1-10-B 

 
PPI-10, formulated at pH 9.0 with 70 mM NaCl. 

1-10-C 

 

1-10-D 

 
*splitting visible, as function of pH. 

 1-10-E 

 
Additional image for experimental series 2: clarification of pH 
effect. Only pH 6.5 is shown, corresponding to the lower 
wavelength maximum, or left, side peaks of Figure 1-10-D 
above.   
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PPI-13  

1-13-A 

 
PPI-13, formulated at pH 5.5 and 0 mM NaCl. 

1-13-A 

 
PPI-13, formulated at pH 8.5 with 140 mM NaCl 

1-13-C 

 

1-13-D 

 
*splitting visible, as function of pH. 
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PPI-17  

1-17-A 

 
PPI-17, formulated at pH 5.5 and 70 mM NaCl. 

1-17-A 

 
PPI-17, formulated at pH 7.0 and 0 mM NaCl. 

1-17-C 

 
*for PPI-17, the pHs 8.0, 8.5 and 9.0 are not recorded. 

1-17-D 

 
*splitting visible, as function of pH. 
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2. PARAFAC2 models & core Consistency 
(Figures 2-#-A) Shows an overview of the protein model modes of the selected model (2 components). For the single protein models these are 
modelled on the first experimental series. Models for proteins PPI-01, PPI-10 and PPI-13. 
(Figures 2-#-B) Shows Core Consistencies from repetitions of PARAFAC2 as a function of the number of components, Ncomponents or F, for each 
modelled data set. 
(Figures 2-#-C) For the single protein models, the Mode D scores are shown and colored by pH. 
(Figures 2-#-D) For the single protein models, the squared residuals are shown and colored by pH, corresponding to Figure C. 
 
 

2.1 PPI-01 – Single Protein model 
2-01-A 

 

2-01-A 

 

2-01-C 

 

2-01-D 

 
(Outliers 6.9%) 
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2.2 PPI-10 – Single protein model 
 

2-10-A 

 
 

2-10-B 

 

 

2-10-C 

 

2-10-D 

(Outliers 8.4%) 
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2.3 PPI-13 – Single protein model 
2-13-A 

 
 

2-13-B 

 

2-13-C 

 

2-13-D 

 
(Outliers 6.1%) 
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2.4  1st Experimental screening – Combined protein models 
2-S1-A 
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A B S T R A C T

In biotherapeutic protein research, an estimation of the studied protein’s thermal stability is one of the important
steps that determine developability as a function of solvent conditions. Differential Scanning Fluorimetry (DSF)
can be applied to measure thermal stability. Label-free DSF measures amino acid fluorescence as a function of
temperature, where conformational changes induce observable peak deformation, yielding apparent melting
temperatures. The estimation of the stability parameters can be hindered in the case of multidomain, multimeric
or aggregating proteins when multiple transitions partially coincide. These overlapping protein unfolding
transitions are hard to evaluate by the conventional methodology, as peak maxima are shifted by convolution.
We show how non-linear curve fitting of intrinsic fluorescence DSF can deconvolute highly overlapping tran-
sitions in formulation screening in a semi-automated process. The proposed methodology relies on synchronous,
constrained fits of the fluorescence intensity, ratio and their derivatives, by combining linear baselines with
generalized logistic transition functions. The proposed algorithm is applied to data from three proteins; a single
transition, a double separated transition and a double overlapping transition. Extracted thermal stability para-
meters; apparent melting temperaturesTm,1,Tm,2 and melting onset temperatureTonset are obtained and compared
with reference software analysis. The fits show R2=0.94 for single and R2= 0.88 for separated transitions.
Obtaining values and trends for Tonset in a well-described and automated way, will aid protein scientist to better
evaluate the thermal stability of proteins.

1. Introduction

High-throughput thermal stability screening is an important, but
challenging task that examines protein stability in solution using var-
ious techniques – aiding further development of biotherapeutics [1,2].
For instance, in formulations screening, a protein is formulated under
various conditions (i.e. pH salts, excipients and/or surfactants) in order
to find the combination that yields high protein stability. The stability
of these formulations is essential to retain the efficacy and safety of the
drug after its production, fill-finish, storage, shipping and handling.
One of the important characteristics for the stability of biotherapeutic
proteins is their conformational stability in solution [3]. The propensity
of a protein to partially unfold, even at relatively low temperatures or
relatively low denaturant concentrations, indicates unfavorable

biophysical properties, as protein unfolding often leads to aggregation
and loss of functionality [4]. Moreover, the formation of large ag-
gregates and subvisible particles may lead to immunogenicity of the
drug substance [5,6]. Screening for the optimal formulation involves
assessment of several protein stability indicators, such as the dena-
turation or melting temperature, denoted as Td or Tm, and the Gibbs free
energy of unfolding, G.

Differential scanning fluorimetry (DSF) can be employed to assess
protein thermal stability. DSF was developed as an extrinsic dye-based
method, which probes solvent-exposed hydrophobic patches during
thermal unfolding. The extrinsic dye binds to these patches and can
subsequentially be characterized by the change in its fluorescence
properties [7,8]. Intrinsic fluorescence DSF, sometimes referred to by
device manufacturers as nanoDSF™ or nDSF, is a relatively novel
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technique that utilizes the native protein fluorescence peak to measure
protein unfolding. Thermal unfolding induces structural changes,
where the solvent exposure of amino acids that are buried in the hy-
drophobic protein core causes detectable differences in the intrinsic
protein fluorescence emission spectra. IF DSF monitors the emission
intensity as a function of temperature at a set excitation wavelength.
The observed native protein fluorescent spectrum consists of con-
tributions from phenylalanine, tyrosine and tryptophan [9]. Folded
proteins generally show only fluorescence in the tryptophan
[290–450 nm] or tyrosine [280–340 nm] peak range. The excitation
spectrum of tyrosine is similar to that of tryptophan. However, tyrosine
residues have lower absorption coefficients, a lower quantum yield, and
the emission at a lower wavelength causes Förster resonance energy
transfer (FRET) to the tryptophan residues [10–12]. It therefor is only
feasible to study tyrosine fluorescence peak changes when very few or
no tryptophan residues are present. Generally, to reduce the influence
of tyrosine, an excitation wavelength between 285 nm and 300 nm can
be used [13]. This focusses on the well described native tryptophan
fluorescence peak, and peak changes are associated with unfolding of
the tryptophan-containing domains. In a typical application of na-
noDSF™, the changes of the fluorescence peak are monitored by si-
multaneously measuring at two different emission wavelengths, namely
330 and 350 nm [14].

Some complex proteins, such as monoclonal antibodies, have mul-
tiple domains and their unfolding can be characterized by intrinsic
fluorescence DSF [13]. The advantage of this technique lies in the small
quantities used and ease of sample preparation, as no dyes are added.
Additionally, the potential effects of these dyes on the protein stability
are nullified. The downsides of using native fluorescence are a decrease
in fluorescence signal with increasing temperature, as well as an in-
fluence of solvent conditions on protein peak shape, intensity and in-
tensity decline [15,16].

The analysis of thermal protein unfolding using IF DSF data is based
on the temperature dependent shift in fluorescence, as characterized by
the ratio between the intensities at the two emission wavelengths. The
protein thermal stability is further characterized as apparent melting
temperature Tm, at the maximum in the first derivative of the ratio [13].
However, difficulties with data analysis occur when protein unfolding
steps are overlapping, and slopes in the fluorescent ratio merge. Ad-
ditionally, evaluating transitions from the fluorescence intensity ratio
alone can result in biases in some cases [17]. It should be noted that
apparent Tm values were correlated to the true Tm values obtained by
differential scanning calorimetry (DSC) [8,18,19]. However, in the IF
DSF experiments presented here, the reversibility of the transition is not
studied, therefore the term Tm is used to indicate apparent melting tem-
perature. Additionally, the onset temperature of the investigated
thermal protein unfolding, here denoted as Tonset, is of particular in-
terest.

This study proposes a curve fitting method based on protein states
and the fluorescence intensities observed to deconvolute unfolding
transitions. The model is validated by comparing the non-linear fitting
approach to conventional analysis reference values of both a single, and
a double (baseline separated) unfolding transition. We then apply our
methodology to an IgG1 type mAb, PPI-03, that shows increasing
transition overlap with increasing formulation pH, as illustrated in
Fig. 1.

The non-linear curve fitting is based on simultaneous fitting of
fluorescence intensities, the ratio between them and the derivative of
these curves. We employ a theoretical transition model with a three-
state fit and extract valued formulation characteristics (Tonset andTm) for
both transitions, with prospected extensions to other fluorescence-
based methods.

1.1. Terms

(see Table 1).

2. Materials and methods

2.1. Materials and experimental screening

The protein formulation screening data is a full factorial design,
with 24 combinations of pH and ionic strength, as part of a large
screening effort. PPI-03 and PPI-13 are monoclonal antibodies and PPI-
30 is interferon alpha-2a (IFN-α 2a).

Interferon alpha-2a is a single domain protein containing 165 amino
acids and two disulfide bridges with well-studied physical stability as a
function of pH and sodium chloride concentration [20,21].

Both the model monoclonal antibodies (mAb), PPI-03 and PPI-13,
belong to the human IgG1 subclass. The mAbs are multidomain Y-
shaped proteins composed of four polypeptide chains, which are
grouped into different domains, two identical Fab domains and one Fc
domain. Monoclonal antibody derived products are an important factor
in the treatment of immunological disorders, and have a major con-
tribution in biotherapeutics, many of which are in the process of de-
velopment. Thermal unfolding behavior interpretation of mAbs be-
comes complex due to its multidomain nature - although it has been
observed that mAbs unfolds in multiple steps. Lowest Tm,1 peak usually
corresponds to CH2 domain followed by the Fab, and sequentially

Fig. 1. PPI-03 fluorescence ratio (top) and its derivative (bottom) for for-
mulations at 70mM NaCl at various pHs. The first transition shifts to a higher
temperature at higher pH, indicating higher thermal stability. At high pH the
two transitions overlap more strongly, making an estimation of both apparent
Tm values more difficult. Indicated are the pre-transition region, the transition
region containing two ratio shifts, and the post-transition region.
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unfolding of the CH3 domain at higher temperature Tm,2 [22].

2.1.1. Bulk solutions
The PPI-03 bulk solution contained 46.4mg/ml protein in 25mM

histidine and 205mM (7%) sucrose at pH 6.0 and had a molecular
weight of 145 kDa. The PPI-13 bulk solution contained 48.9mg/ml of
protein in 20mM succinate, 95mM arginine, 180mM mannitol and
20mM NaCl at pH 6.0 and has a molecular weight of 149 kDa. The PPI-
30 bulk solution contained 1.35mg/ml protein in 25mM ammonium
acetate and 120mM NaCl at pH 5.0, and has a molecular weight of
∼20 kDa. All bulk solutions were free of surfactants.

2.1.2. Formulation procedures
Each protein was formulated in 24 conditions as a full factorial

design across eight different pH values (5.0, 5.5, 6.0, 6.5, 7.0, 7.5, 8.0,
9.0) and three different ionic strengths (0mM, 70mM and 140mM
NaCl concentration). In other words, a design with eight levels in one
mode, and three in the other. The reason for choosing such a compre-
hensive design was to ensure that good formulation conditions were
covered for all proteins. Chemicals used for formulations are L-histidine
(J.T.Baker®), L-histidine monohydrochloride (J.T.Baker®), Trizma®
base (Sigma-Aldrich®), Trizma® hydrochloride (Sigma-Aldrich®) and
sodium chloride (Sigma-Aldrich®). The differences in the formulations
are because the measurements were performed at two different la-
boratories, and the samples were formulated using two procedures.

For PPI-03, and first the PPI-13 & PPI-30 lab-replicates; Slide-A-
Lyzer™ dialysis cassettes (Thermo Fisher Scientific®) were used for
dialyses of each protein in 10mM histidine buffer at pH 5.5, 10mM
histidine buffer at pH 7.0 and 10mM tris buffer at pH 8.5. A buffer
exchange was performed after two and four hours, ensuring a dilution
of at least 200 times the sample volume. Each dialysis was continued
overnight at cold temperature (4 °C). The protein concentration after
dialysis was measured using NanoDrop™ 8000 Spectrophotometer using
the respective extinction coefficients at 280 nm and then a protein stock
solution with a concentration of 20mg/ml was made by dilution with
the dialysis buffers. The final formulations screened were obtained by a
1:20 dilution of the protein stock solution into the respective buffers for
the proteins to be tested at a uniform concentration of 1mg/ml across
all samples. The protein stock solution in 10mM histidine at pH 5.5
served as a stock solution for all formulations in pH 5.0, 5.5 and 6.0, the
protein stock solution in 10mM histidine at pH 7.0 served as a stock
solution for all formulations in pH 6.5, 7.0 and 7.5 and the protein stock
solution in 10mM tris at pH 8.5 served as a stock solution for all for-
mulations in pH 8.0 and 9.0. The pH of the final samples was checked
and adjusted where necessary. PPI-30 was up concentrated to 30mg/ml
before dialysis and then dialyzed as described.

For the second cross-lab replicate, PPI-03 and PPI-13 were dialyzed
in 10mM histidine buffer at pH 6.0 using Slide-A-Lyzer™ dialysis

cassettes. Buffer exchange was performed after two and four hours,
ensuring a dilution of at least 200 times the sample volume. The dialysis
was continued overnight at cold temperature (4 °C). The protein con-
centration after dialysis was measured using NanoDrop™ 2000
Spectrophotometer using the respective extinction coefficients at
280 nm and a protein stock solution with a concentration of 20mg/ml
was prepared by dilution with the dialysis buffer. The final screening
conditions were obtained by a 1:20 dilution into the respective for-
mulation buffers to achieve a final concentration of 1mg/ml protein.
The pH of the final samples was checked and adjusted where necessary.

2.2. Intrinsic fluorescence DSF measurements

Measurements of the samples were carried out using two different
but identically equipped Prometheus NT.48 (NanoTemper®
Technologies GmbH) instruments for cross-lab accurate measurements,
using a 1 °C/min temperature ramp between 25 and 95 °C. The ob-
served two emission wavelengths, 330 and 350 nm, are monitored at an
excitation wavelength of 280 nm. The fluorescence is recorded at an
average of one measurement per 0.044 °C, or 23 measurements per 1 °C,
resulting in up to 1600 data points per emission wavelength.

Each formulation was measured as a technical triplicate.
Additionally, PPI-03 and PPI-13 have cross-laboratory duplicates to
evaluate the formulation protocol and cross-laboratory reproducibility,
resulting in a total of 144 measurements for these proteins. For PPI-03
one measurement (pH 7.5, 140mM NaCl) is not obtained, resulting in 5
replicates. PPI-30 precipitated at pH range 5.5 to 6.5 and therefore no
data is obtained within this range, and 45 measurements are obtained
for PPI-30.

The data is preprocessed by calculation of the fluorescence intensity
ratio, denoted I

I
350
330
, and the 1st derivate of the ratio and fluorescent

signals using the manufacturer’s software (PR.Control v1.12.2,
NanoTemper® Technologies GmbH). For each measurement six curves
are obtained, as a function of temperature: the fluorescence intensity at
330 nm, the smoothed 1st derivative at 330 nm, the fluorescence in-
tensity at 350 nm, the smoothed 1st derivative at 350 nm, the ratio and
the smoothed 1st derivative of the ratio.

2.3. Reference data analysis method

The reference analysis of the data of PPI-30, PPI-03 and PPI-13 was
performed using the manufacturer’s software (PR.Control v1.12.2,
NanoTemper® Technologies GmbH), and reference values for Tonset, Tm,1,
and Tm,2 were determined for pH 5, 5.5, 6.0, 6.5, 7.0, 7.5, 8 and 9 at salt
concentrations of 0mM, 70mM and 140mM NaCl, according to the
methodology described by Martin et al. (2014) [23]. A value for Tm,2
was not obtained for PPI-30, which has one discernable transition using
the reference method.

Table 1
Throughout the paper various terms are used, for consistency the following are defined:

T Temperature.
j J Protein state as folded ( =j 1), intermediate ( =j 2) and unfolded state ( =j 3).
s J 1 Transition s, for J 1 transitions.

Observed emission wavelength − 330 nm or 350 nm.
I I, j, Total observed fluorescence intensity I , and the pure state contribution I j, of state j.

j Fraction of proteins in state j, represented for all states J , summing to 1.

Penalty vector , used to regulate the importance of the obtained data fits in the optimization function.
w Weight vector w is used to downweigh the edges of the data, i.e. at the lowest and highest temperature.
p Fitting parameter p, encompasses the baseline parameters b j N, ,0 for an Nth order polynomial fit at emission wavelengths , and all transition parameters As, Bs and s .
f Fit of fluorescence intensity I at emission wavelength .
Tm s, Apparent melting temperature of transition s. Other conventional denotations are Td s, or T s1

2 , .

SSE Weighted sum of squared errors of prediction.
R2 Squared correlation coefficient
RMSE Root-mean-squared error
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3. Curve fitting

A three-state model, comprising of the native, intermediate and
unfolded state, is applied and each state is expressed as a relative
fraction. This model has been applied by Eftink et al. [11] and by Lazer
et al. [24] to model similar data in isothermal chemical denaturation
(ICD) experiments as well as by Harder et al. [25] for circular dichroism
(CD) and ICD experiments. Based on the cited works, the rate constants
for the transitions, k1 and k2, and the relative state fractions, 1 3, are
defined as:

k k
1 2 3

1 2
(1)

The observed emission signal intensity I at wavelength , is de-
scribed as the sum of the contributions from each state’s pure signal I j,
and its fraction.

= + +I I I I,1 1 ,2 2 ,3 3 (2)

The observed emission signal intensity can be approached by
modelling the signal contributions as a function of temperature and
concentration.

3.1. Baselines

A baseline is approximated for each combination of protein state
and monitored wavelength. The absorption spectra of single-state
tryptophan residues do not change with temperature; however, the
quantum yield declines as the non-radiative return of the excited state
increases. Signal intensity I is then proportional to 1/T (K−1) according
to: [16]

( )
( )

d

d T
ln 1I

T

1

1
(3)

Which links the slope at the two emission wavelengths as a pro-
portional relative decrease. The signal I j, , at emission wavelength
and state j, is modelled as a 1st order polynomial on the relatively short
temperature intervals.

= + =
=

I T b b T b T( )j j j
n

j n
n

, , ,0 , ,1
0

1

, ,
(4)

The relative decline of the slope, or loss of signal, at any given
temperature where the protein is in a single state should be equal at
both emission wavelengths . However, at the baseline, multiple shifted
fluorescent amino acid residues or experimental interference in the
emission spectrum can cause small deviations, and a 1-to-1 relationship
on the temperature dependent signal loss is not enforced.

3.2. Transitions

The transitions are modeled using a generalized logistic function,
S T( ) in Eq. (5), over interval [0, 1]. Here the conversion S is expressed
as a function of temperature T , independent of the observed emission
wavelength. The curve is characterized by the transition midpoint As,
the logistic growth rate Bs and the asymmetry factor s. Resulting in
three parameters for each transition. When = 1s a regular logistic
function is obtained.

= +S T e( ) (1 )B A T( ) 1
s s s (5)

Fig. 2. Example of normalized weights w over a chosen temperature interval
40 to 92 °C: Flat, uniform weights (blue), linearly decreasing towards the edges
over 10 °C (red), or linearly decreasing towards the edges from the ratio’s first
derivative maxima (yellow). The weight for temperatures below 40 °C is set to
zero for the Edges and Maxima trapezoids. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this
article.)

Fig. 3. Two-state fit of PPI-30, at pH 7.5, 0mM NaCl. The fit was made focusing on minimizing the errors in the ratio and the derivative of the ratio (in purple). (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Inclusion of an asymmetry parameter has the advantage that the
description of the transition is flexible towards temperature induced
factors that affect the shape of the transition. Introducing flexibility has
drawbacks, both in optimization of the fit and uncertainty in the re-
sulting curves. This problem is addressed using hard and soft con-
straints on vs, as described in 4.2–4.3.

The fraction of the intermediate state can be expressed as
= S T S T( )·(1 ( ))2 1 2 , i.e. as the amount of native state that has un-

folded to the intermediate state minus the amount of intermediate state
that has further unfolded. It follows that = S T1 ( )1 1 and

= S T S T( )· ( )3 1 2 , such as that all the fractions > <0 1j J , and
= 1j

J
j at any T, resulting in:

+ + =S S S S S[1 ] [ (1 )] [ ] 11 1 2 1 2 (6)

The value forTm,1 can be obtained by equating the transition fraction S1
to 1

2
, corresponding to the mid-point of the transition. This method can be

generalized for any transition fraction Ss, by rearranging Eq. (5) into:

= +T S A ln S
B

( ) ( 1 )
s s s

s

s

( )s

(7)

Eq. (7) also allows for the calculation of the transition onset,
=S 4%1 , or as T (0.04)onset,1 corresponding to 4% conversion of the first

transitions, analogous to the traditional methodology.
Combining the baselines and transitions allows us to formulate a fit

f of the observed intensity I at emission wavelength over J states.

=
=

f p T b T( , ) ·
j

J
j

n
j n

n
1 , ,

(8)

A

B

Fig. 4. Two-state (A) and three-state (B) fits of PPI-30 at pH 7.5, 140mM NaCl. The two-state model fits the ratio changes, focusing on peak deformation. The three-
state model incorporates the fluorescence intensity to fit a second transition, this second transition is characterized by increased intensity without an observable shift
in the ratio.
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For brevity, the parameter vector p is defined to contain relevant
fitting parameters, [A, B, , b]. When fitting two wavelengths in a three-
state model, p includes 18 parameters. The fit is guided by constraining
and penalizing the parameter space.

The ratio of the fits is obtained from the combination of the fits at
different wavelengths, analogous to the way it is calculated from the
observed data.

=f p T
f p T
f p T

( , )
( , )
( , )

350

330
350
330 (9)

4. Optimization algorithm

The curve fitting algorithm aims to find the best values for the fitting
parameters p, such that the fitted curves most closely resemble the data.
This is done by minimization of the objective function (4.1) as a function
of p, where the fit is compared to the observed signals and ratio and their
derivatives. Penalization of these various forms is achieved through a
penalty vector , which regulates the emphasis during fitting. Further
optimization is guided by hard (4.2) and soft constraints (4.3). These
constraints aim to limit the search space or penalize off-values, with the
goal of (a) finding a minimum that is physically feasible, (b) speeding up
the convergence whilst (c) avoiding local minima and edge regions in the
temperature domain. Practical application of the model is considered in
terms of the computational implementation (4.4), model validation (4.5)
and optimization of applied constraints (4.6).

4.1. Objective function

The objective function is defined as the sum of the squared distances
between the fits and the data. We can calculate the weighted sum of
squared errors of prediction (SSE) for each of the six curves obtained in IF
DSF, and independently penalize the SSE in the four data forms: the
fluorescence intensity spectra, the smoothed 1st derivative of these
spectra, the ratio I

I
350
330

and the smoothed 1st derivative of the ratio. For
each of these forms, we use one of the first four terms of the penalty term

{1 4} . A weight vector, w , is applied to downscale the importance of the
edge regions in the fit. In the optimization of the fits, we define a
general minimization problem which includes the soft constraints.

Shape of the weighted sum of squared error

=
I

w I T f p TSSE
var( )

| ( ) ( , )|n
n 2

(10)

Total optimization

+SSEarg min  additional penalties
p

n
(11)

The penalties and weights w are to be optimized per screening.
Typically, with strongly overlapping transitions, a higher penalty value

is used for the fluorescence ratio and its derivative. Increasing
leads to a larger SSE for that specific data form, thus putting more
emphasis on a correct fit for that form. Note that it is practical to
normalize the penalties by the variance of the curves, such as that they
fall within the same effect-scale.

The weight vector w is chosen before fitting, rescaled to an average
weight of 1, and used to emphasize the data in a specific temperature
domain. Suggested w are (1) trapezoid from the edges, (2) as a trape-
zoid connecting the maxima of the first derivative of the ratio, or (3)
flat, uniformly over the temperature domain. The edge regions contain
the less important features of the data whilst also causing potential
local minima. These local minima are found when fitted transitions that
overlap with the edges are only partially evaluated. Downweighing the
edge regions will effectively emphasize the transition-range or region of
interest; this effect is stronger for the maxima-based trapezoid. The
three used shapes of w are plotted in Fig. 2.

4.2. Hard constraints

Hard constraints allow for the inclusion of chemical and physical
knowledge of our sample and instrumentation into the model. This

Fig. 5. Extracted protein fractions 1 3 of the fit of PPI-30 at pH 7.5 and
140mM NaCl, corresponding to the fit depicted in Fig. 4B.

Fig. 6. PPI-30 three-state fitting results, extracted Tonset predictions versus re-
ferences values (top) and extracted Tm,1 predictions versus reference values
(bottom).
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information is used to define hard borders for the fitting parameters, in
order to steer the optimization algorithm towards a meaningful local
minimum and away from the edges of the data.

Various hard constraints are imposed on the system. For the base-
lines a positive intercept >b 0j,1 and a negative slope <b 0j,2 are im-
posed, to ensure the pure state signals are positive and decreasing. The
transition midpoint As should fall well within the measured interval,
and such that the two transitions are separated. The As terms are lim-
ited to ° < < + ° < < °A A A40 C 3 C 85 C1 1 2 . The °3 C represents a
flexible minimum distance between transition midpoints in order to
avoid local fitting minima where only one transition is described using
two transition fits. The transition width Bs, a unitless factor, is fixed
according to 10%–90% transition around the midpoint with a minimum
width of °6 C and a maximum width of °30 C, resulting in

< <B0.15 0.6s . The asymmetry factor s is constrained around the
symmetry, < <0.9 1.1s , and further penalized (see Section 4.3).

4.3. Penalties

Next to the hard constraints, which model the physical boundaries
of the fit, penalties are used to guide the fit towards a suitable
minimum. The first four terms of the penalties {1 4} are used for the
mixing of the four data forms, and two soft constraints are added as
penalties, denoted as 5 and 6.

The asymmetry of the fit vs is constrained to allow for small asym-
metries around the value of 1, using a quadratic constraint in the form:

=
=

vAsymmetry penalty ( 1)
s

J
s5 1

1 2
(12)

We limit the scope of asymmetry, especially with overlapping
functions as the asymmetry and slope of the baselines is partially con-
founded, mainly as the baseline of the intermediate state becomes less
defined when the transitions overlap.

Furthermore, a quadratic soft constrain is applied to the relative loss
of signal between the wavelengths at each of the folding states. The
protein peak of a single state should only decrease during the tem-
perature ramp, but deformation is a sign of state change. A small
baseline would offset a direct relationship in the relative slope at the
two emission wavelengths. Constraining the slopes avoids local minima

and expedites convergence, whilst retaining flexibility in the accom-
modation of sloped baselines.

=
=

=

=

=

=

b
b

b
b

Slope penalty
j

J j

j

j

j
6 1

350, ,1

350, ,0

330, ,1

330, ,0

2

(13)

The effect of the slope penalty is to strongly promote the tendency
for flat baselines in the derivative of the ratio.

4.4. Algorithm implementation, parameters and initial p0

For a single transition, 11 parameters are fitted, 3 terms are used to
describe the transition and 8 baseline terms remain. For the three-state
model seven parameters are added; the 3 parameters of the second
transition as well as two parameters for each additional baseline. All 18
fitting parameters contained in p are fitted simultaneously.

Initial parameters p0 are estimated within the hard constraint bor-
ders, these initial values are found to be robust to the quality of the fit.
The baseline terms are set by a simple polynomial fit of the baselines at
the edge regions and an average of these are used for the intermediate
state. Additionally, the transitions can be established uniformly for all
formulations of a protein, either by visual inspections of the first deri-
vative of the ratios, or by setting it equidistant in the hard constraint
borders of the As terms and initiate the remaining transition parameters
using =B 0.4s and =v 1s for all transitions. An analogous approach is
applied in the case of a single transition.

The MATLAB® Optimization Toolbox® is employed to find the
minimum of a constrained nonlinear multivariable function using
Sequential Quadratic Programming (SQP). In SQP an approximation is
made of the Hessian of the cost-function using a quasi-Newton updating
method, which defines a subproblem to be solved by quadratic program-
ming. Iteratively a new Hessian is calculated and solved until convergence
is obtained [26]. This results in fast, global optimization that benefits from
a constrained search space to aid the optimization of the subproblems, and
with the added advantage that the Jacobian and Hessian matrices do not
have to be provided. Input parameters p are normalized to compensate for
the different scales, e.g. the expected baseline parameters are ∼104 times
larger than Bs or s. Using SQP, a three-state fit is typically obtained in less
than 5 s (CPU 4 cores, 2.90GHz).

Fig. 7. Fitted model of PPI-13 pH 6.0, 0 mM NaCl. The plots from left to right are fluorescence intensities, fluorescence ratio, 1st derivative of the intensity and 1st
derivative of the ratio.
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4.5. Validation

The validity of each fit can be assessed by visual inspection of the
fits in the different forms of the curve, or by analyzing the objective
error minimized in the fitting. When visually inspecting the fits, good
characteristics are the consistency of parameter values p within the
replicates, and preservation of trends in fitting parameters in the for-
mulation series. A robust analysis of the objective function can be ob-
tained from the fitting error or SSE. A standard deviation SSE is esti-
mated from the SSE obtained. This standard deviation is used to
quantify and reject deviant fits, where an adverse local minimum is
found. The optimization procedure and rejection of the incorrect fits
occurred independently from the reference data, such as to mimic ap-
plicability conditions and avoid bias.

After the independent optimization, the fitted models are compared
to the reference values in order to evaluate the applied methodology.
We calculate the square of the Pearson correlation coefficient (R2) and the
Root Mean Square Error (RMSE). Values for R2 will give an idea about
direct comparability between the predicted and reference values, with
R2 values [0, 1]. We calculate the offset as the difference in the means of
predicted and reference, for Tm and Tonset, to show possible biases be-
tween methodologies. This offset value (T T¯ ¯ref pred) indicates by what
measure the predicted values have to be shifted by their average. The
RMSE measures the overall average prediction error for the specific
data included in the model. Visual evaluation of the results gives insight
into the conservation of the trend, or correlation.

4.6. Optimization of constraints and penalties

Optimization of the penalty vector relies on the evaluation of the
resulting fits and is adjusted in a step-wise manner. Initial penalties

1 4 are set as equal, and after inspection of the fits of a subset of
samples, the penalties for data forms that show large misalignments by
visual inspection should be increased. Furthermore, a high penalty for
the soft constraints 5 6, related to s and the relative slope of the
baselines, is initially applied. These penalties are lowered to improve
the fit until overall SSE no longer decreases. However, with strongly
overlapping fits the asymmetry should remain constrained. The initial
weight vector, w , can be set to an edge distanced trapezoid or as a flat
value of 1. Consider using larger edge regions or maxima-based weights
with small baselines or artefacts in the edge regions. A 10 °C edge in-
terval is proposed, which can be decreased if transitions occur near the
temperature edges. When the baseline at either end of the temperature
range shows non-linear behavior, the data’s temperature range is

Fig. 8. Trends in predicted (top) Tm,1 and (bottom) Tm,2 values for PPI-13.
Noticeable are two outliers, at pH 5.0 and pH 5.5, showing too high Tm,1 values,
confirmed by visual inspection of the fit (not shown). The two cross-lab are
plotted in order, the three left-most markers correspond to the first formulation
procedure, followed by three replicates from the second formulation procedure.

Fig. 9. Predicted Tm,1 (left) and Tm,2 (right) values for the fits obtained from PP-13. The two low pH outliers also found in Fig. 8 show high values for Tm,1, but fell
within the SSE limit.
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reduced to achieve a correct linear baseline estimation. Also, limiting
the temperature range reduces the amount of data put into the fitting
algorithm, which greatly reduces computation time. However, when
only computation time is to be considered, removing alternating data
points in the baseline region and doubling the weights of the remaining
points will retain baseline estimation whilst reducing the amount of
evaluated data. Adverse local minima are addressed by adjusting hard
constraints, typically the minimum distance between A1 and A2, pos-
sibly in combination with limitations on their ranges.

5. Results

The results divided into four sections, one for each of the three
proteins analyzed, according to increasing complexity of the problem
(single transition, double transition and overlapped transitions), and a
final section summarizing the results.

5.1. PPI-30: Single transition curves

PPI-30 formulation data is fitted on the interval ° °T35 C 95 C
and a w with edge regions of 10 °C is applied. The non-linear curve
fitting parameters were calculated using a constraint vector which
favors the ratio and its derivative.

For the two-state, single transition fit 11 parameters are obtained
and the weighted sum of squared errors of prediction (SSE) is calculated.
The SSE limit is set at 3· SSE, which excluded 0 out of 45 samples.
Results for the formulations with 0mM NaCl are consistent with a
single transition fit, and the fit at pH 7.5 with 0mM NaCl is plotted as
an example (Fig. 3).

This two-state model shows a larger fitting error at salt concentra-
tions 70mM and 140mM NaCl. Investigation of the raw data showed
that a two-step transition is visible in the raw-fluorescence channels: An
initial major change in fluorescence ratio followed by a large increase in
both I350 and I330 (Fig. 4A). The chosen penalties, 1 4, focus on the ratio
and its derivative. Only one transition is fitted, which matches the re-
ference methodology. Samples with 0mM NaCl show the same pattern,
however, the ratio change and the increase happen concurrently.

Fitting a three-state model allows for the fitting of a second tran-
sition (Fig. 4B). These fits show definite improvements both in SSE, SSE
spread, and visual inspection of the fits. Analysis of the fitting-error

(3 SSE) excluded 3 of 45 fits. Both the two- and three-state models of
PPI-30, formulated at pH 7.5 and 140mM NaCl, are shown to illustrate
the effect of the increased complexity of the model (Fig. 4).

The first transition, S1, corresponds to the majority of the ratio
change, where the peak is shifted towards a higher wavelength, re-
sulting in increased f f/350 330. The second transition, S2, is an increase in
total peak intensity with only a minor peak shift. This change can only
be appreciated by inspecting the two plots on the left in Fig. 4B, where
the change in fluorescence intensity is plotted.

An intermediate state 2 is fitted through the three-state model
(Fig. 5).

For the three-state fit of PPI-30 the predicted Tm,1 and Tonset, at 4%
conversion, are plotted against the reference values (Fig. 6). Predicted
Tm,2 values can be found in the supplementary materials, but cannot be
compared directly with references values as only Tm,1 is obtained by the
reference method. Increasing the ionic strength destabilizes PPI-30 at
low pH, which is observed as a lower Tonset and Tm,1. At high pH the
effect is reversed, and 70 and 140mM added NaCl increase stability. In
previous work, it was shown that pH strongly influences the thermal
stability of PPI-30. Additionally, it is shown that increasing the ionic
strength has an unfavourable effect on the colloidal stability of PPI-30
at low pH, causing the protein to aggregate at a lower temperature. The
aggregation of the protein during thermal unfolding will cause a shift of
the apparent protein melting temperature, Tm,1 [27].

5.2. PPI-13: Separated transition curves

Fits for 144 PPI-13 experiments were obtained using a three-state
model on the interval ° °25 C T 95 C. A w with an edge region of
10 °C on both sides was used (i.e. in the 25–35 °C and the 85–95 °C
range). Constraints were optimal with respects to the fitting error at
equally mixed SSE for the various data forms, and an increased penalty
on the derivative of the ratio and asymmetry factors. Example of a fitted
model is depicted in Fig. 7.

Clear trends are observed in predictedTm,1 andTm,2 values, with only
small deviations in the cross-lab replicates (Fig. 8). Analysis of the fit-
ting-error and cut-off at 3 SSE excluded 3 of 144 fits. At 0mM NaCl and
low pH (5.0 & 5.5), two outliers can be found. In these cases, the al-
gorithm had problems distinguishing the first transition as there is little
to no change in I330 (Fig. 7), which, in combination with a strong

Fig. 10. Example fit of overlapping of Tm,1 and Tm,2, as found in PPI-03 at pH 7.5, 0mM NaCl.
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baseline above Tm,2, created a local minimum that ignored Tm,1. Overall
the low pH samples yielded relatively high SSE.

Predicted Tm,1 and Tm,2 are in good agreement with reference values
(Fig. 9). Extracted Tonset values can be found in the supplementary
materials.

5.3. PPI-03: Overlapping transition curves

Fits for 144 PPI-03 experiments were obtained by applying the
three-state model on the interval ° °25 C T 95 C. A w with an edge
region of 10 °C on both sides was used, similar to PPI-13. Constraints
were optimal with respects to the fitting error around equally mixed
SSE for the various data forms, with an increased penalty on the deri-
vative of the ratio and asymmetry factors. An example of the fit for
highly overlapping transitions, pH 7.5 with 0mM NaCl, is shown
(Fig. 10).

Analysis of the fitting-error showed relatively high SSE values for
low pH values, a cut-off at 3· SSE is applied, which excludes 3 of 143 fits,
the SSE can be found in the supplementary materials.

The remaining fitted parameters and extracted values show good
agreement in experimental triplicates, cross-laboratory duplicates, and
with respect to observed trends in both pH and salt concentration. Clear
trends are observed in predicted Tm,1 and Tm,2 values, with only small
deviations in the cross-lab replicates (Fig. 11).

For IgG1 antibodies, Tm,1 unfolding is strongly associated with

aggregation, andTonset is an important measurement as small amounts of
partially denatured protein will initiate aggregation [8]. The trends in
predicted Tonset are calculated for PPI-03 (Fig. 12, top). The predicted
Tonset at 0mM NaCl shows a deviating pattern, with apparent miss fitting
of samples at pH 6, 0mM NaCl. This shows that the proposed method
and the reference method determined different Tm,2 and Tonset values in
this case. The applied three-state fit’s deconvolution allows for the es-
timation of Tonset without an overlap effect of the second transition. This
second transition overlap is stronger at high pH, as plotted for a subset
of samples in Fig. 1. The difference between the fitted and reference
onset temperatures (Fig. 12, bottom) therefore does not emulate that of
PPI-30 and PPI-13.

5.4. Result overview

In Table 2, we have summarized the differences between the sug-
gested novel methodology, and the existing methodology. In other
words, we are looking across all statistics, as have been shown for PPI-
03 in Figs. 11 and 12 (bottom). High correlation coefficients are found
for PPI-30 and PPI-13. For PPI-03, the double transition, theTonset shows

Fig. 12. Predicted Tonset for PPI-03. (top) Trends in the formulation series are
visible. The two cross-lab triplicates are plotted in order, the three left-most
markers correspond to the first formulation procedure. (bottom) Reference
method Tonset values are highly deviating. Note that formulation at pH 8 and 9
are in tris buffer, which would explain the deviating Tonset at 0mM NaCl. The
triplicate at pH 6, 0 mM NaCl is noted as an outlier, its counterpart laboratory
duplicate has been filtered on the basis of high SSE values.

Fig. 11. Predicted Tm,1 and Tm,2 values for the fits obtained from PPI-03.
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poor correlation (R2) with the reference values, as the transitions highly
overlap (Fig. 12, bottom).

6. Discussion

The proposed methodology has a large number of fitted parameters
leading to a large feasible solution space for the basic fits, f350 and f330,
with multiple local minima. A conservative approach is used with re-
gards to the asymmetry of the fit, in order to avoid fitting sloped I

I
350
330

baselines as part of the transition. However, a sloped first derivative of
the ratio at baseline regions is challenging in two ways. (1) The pre-
diction of non-pure and intermediate states can overlap with transition
slopes, which hinders accurate estimation of the transition. (2) These
slopes are indicative of physical changes to the sample, such as ag-
gregation, which would also hinder conventional analysis of the data.
In conventional analysis the onset transition temperature is determined
by the start of the transition where the interference is minimal, rather
than by the entire transition, potentially yielding better results for more
asymmetric transitions. A 1-to-1 relation in the relative decline of the
baselines was attempted in order to reduce the number of fitted para-
meters in the three-state model from 18 to 15. It was found that non-
linear baselines in the fluorescence ratio I

I
350
330

could not be fitted, re-
sulting in overall poor optimization of the fits with high values in s.

The proposed method can take into account three-state unfolding
transition. How an extended version of this method for a four-state
unfolding pattern would behave is difficult to state. The difficulty
concerns the expansion of the number of input parameters, the corre-
sponding constraints, and the computational difficulty and evaluation
thereof. However, current data analysis methods for IF DSF data
struggle with overlapping transition states, indicating that it is likely
that the extension of this novel methodology would be a better alter-
native.

In the proposed fitting model, there is no distinction between the
two possible intermediate states: the order of unfolding steps is set. The
distinction between proteins with different unfolded domains, that is to
say with two intermediate states, is not feasible, neither by the pro-
posed non-linear curve resolution algorithm nor by conventional ana-
lysis.

Data artefacts outside of the transition range will lead to high SSE
values, even when fitted correctly, and can also create local, un-
expected minima. In both cases a conservative approach would dis-
regard this data, leading to a remeasurement of triplicates or loss of
accuracy.

Optimization of the fitting penalties can be subjective between
different formulation series, and should be considered when comparing
different protein formulation series based on trends obtained. This has
become especially clear when both the two- and three-state fit of PPI-30
are considered.

Opportunities for an analogous, multi-state, non-linear fit model lie
with isothermal chemical denaturation experiments and with extrinsic
dye-based DSF experiments. Currently retailed nanoDSF™ instruments
can be outfitted with backscatter detectors to measure particle

formation during the temperature ramp. This additional information
could be incorporated into the fit, or used to evaluate at what fraction
aggregation occurs.

7. Conclusion

The non-linear curve fitting of PPI-30 and PPI-13 formulation
screening data yields fitted curves that closely resemble the measured
data. Extracted parameters Tonset, Tm,1 and Tm,2 values are in agreement
with reference measurements and trends in the formulation data are
observed. The non-linear fits are obtained in an objective, uniform
manner that yields robust results after optimization of the penalties.
Assumptions in the proposed method, such as a linear baseline near the
transition, have to be evaluated in order to appropriately apply the
method.

The largest benefit of applying the novel method instead of the
existing methodology, is for proteins with highly overlapping transi-
tions. This can be appreciated through the evaluation of the extracted
parameters Tm,1 and Tm,2 of PPI-03, which has strongly overlapping
transitions. The results here cannot directly be obtained by the tradi-
tional method. Correction of the fitting of the second transition allows
for correct evaluation of the Tonset, yielding better insight into a critical
protein stability parameter, clearly showing the benefits of the pro-
posed fitting method.
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APPX.03 – P3. PIPPI-DATA: PUBLIC PROTEIN STABILITY CHARACTERIZATION 

AND FORMULATION SCREENING DATABASE 

[3] D. Augustijn, A. Lianos, A. Kulakova, I. El Bialy, L. Gentiluomo, M.L. Greco, S. Indrakumar, 

S. Mahapatra, M. Morales, C. Pohl, M. Polimeni, A. Roche, H. Svilenov, A. Tosstorff, M. Zalar, R. 

Curtis, J. Derrick, A. Nørgaard, T. Khan, G. Peters, A. Pluen, W. Streicher, C. van der Walle, S. Uddin, 

G. Winter, D. Roessner, W. Friess, P. Harris, Å. Rinnan, PIPPI-data: Public Protein Stability 

Characterization and Formulation Screening Database, [Manuscript under preparation]. 
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5. Supplementary Materials.  
A1. MATLAB® Implementation example, three-state fit. 

B1. Fitting overview PPI-30, two-state fit. 

B2. Fitting overview PPI-30, three-state fit. 

C1. Fitting overview PPI-13, Three-state fit. 

D1. Fitting overview PPI-13, three-state fit. 
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A1. MATLAB® Implementation example, three-state fit. 

Data definition 

%          Data                           vector size. 

xm; % Temperature, vector;                  [ N   x 1 ] 

ym1; % I330                                 [ N   x 1 ] 

ym2; % I350                                 [ N   x 1 ] 

rym; % I350/I330                            [ N   x 1 ] 

sym1; % 1st derivative I330                 [ N-1 x 1 ] 

sym2; % 1st derivative I350                 [ N-1 x 1 ] 

srym; % 1st derivative I350/I330            [ N-1 x 1 ] 

kappa and weight vector 

% kappa 

kappa = [2 2 1 10 80 2]; 

% weight vector 

clear a; 

[~, a(1)] = min(abs(xm - min(xm + 10))); 

[~, a(2)] = min(abs(xm - max(xm - 10))); 

W = [linspace(0, 1, a(1)) ones(1, a(2) - a(1)) linspace(1, 0, length(xm) - a(2))]'; 

clear a; 

Fitting function 

S = @(s, x) 1./(1 + exp(s(2).* (s(1) - x))).^ (1 / s(3)); 

 

fm = @(p, x) sum((S(p(1:3), x).* S(p(4:6), x) * [0 -1 1] + S(p(1:3), x)* ...  % Fitted Signal 

  [-1 1 0]+ [1 0 0]) .*[p(7) + p(8) .* x, p(9) + p(10) .* x, p(11) + p(12) .* x], 2);  

 

fratio = @(p, x) ... % Fitted ratio 

  sum((S(p(1:3), x) .* S(p(4:6), x) * [0 - 1 1] + S(p(1:3), x) * [- 1 1 0] + [1 0 0]) .* ... 

  [p(13) + p(14) .* x, p(15) + p(16) .* x, p(17) + p(18) .* x], 2) ./ ... 

  sum((S(p(1:3), x) .* S(p(4:6), x) * [0 - 1 1] + S(p(1:3), x) * [- 1 1 0] + [1 0 0]) .* ... 

  [p(7) + p(8) .* x, p(9) + p(10) .* x, p(11) + p(12) .* x], 2); 

 

Tm = @(s)       s(:, 1) - log(- 1 +           2 .^ s(:, 3)) ./ s(:, 2); 

Tx = @(s, frac) s(:, 1) - log(- 1 + (1 ./ frac').^ s(:, 3)) ./ s(:, 2); 

Layout of fitting parameters in p. 

% p = [ A1 B1 nu1  A2 B2 nu2  ... 

%      [b1,1 b1,2   b2,1 b2,2  b3,1 b3,2] ... % 330 nm 

%      [b1,1 b1,2   b2,1 b2,2  b3,1 b3,2] ] ; % 350 nm 

Objective function 

objective = @(p) sum( ... 

  ... %  1 Raw curves 

  (kappa(1) ./ sum([var(ym1) var(ym2)])) .* sum(W .* ((fm(p(1:12), xm) - ym1) .^ 2 + ... 

(fm(p([1:6 13:18]), xm) - ym2) .^ 2))... 

  + ... % 2 Ratio 

  (kappa(2) ./ var(rym)) .* sum(W .* (((fratio(p, xm)) - (rym)) .^ 2)) .... 
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  + ... % 3 Raw 1st deriv 

  (kappa(3) ./ sum([var(sym1) var(sym2)])) .* sum(W(2:end) .* (diff(fm(p(1:12), xm) ...  

  - sym1) .^ 2 + (diff(fm(p([1:6 13:18]), xm)) - sym2) .^ 2))... 

  + ... % 4 Ratio 1st deriv 

  (kappa(4) ./ (var(srym) * 8)) .* sum(W(2:end) .* ((diff(fratio(p, xm)) - srym) .^ 2)) ... 

  + ... % Asymmetry penalty. 

  (kappa(5) * 1e5) * ((p(3) - 1) .^ 4 + (p(6) - 1).^ 2) ... 

  + ... % SLope penalty 

  (kappa(6) * 1e5) * (sum((p(8:2:12) ./ p(7:2:12) - p(14:2:18) ./ p(13:2:18)).^ 2))); 

Initial p0 

p0 = [50, .4, 1, 75, .4, 1, ... % initial guess: values within search space but not critical. 

  fliplr(polyfit(xm(xm < 45), ym1(xm < 45), 1)), ... 

  (fliplr(polyfit(xm(xm < 45), ym1(xm < 45), 1)) +... 

  fliplr(polyfit(xm(xm > 88), ym1(xm > 88), 1))) ./ 2, ... 

  fliplr(polyfit(xm(xm > 88), ym1(xm > 88), 1)), ... 

  fliplr(polyfit(xm(xm < 45), ym2(xm < 45), 1)), ... 

  (fliplr(polyfit(xm(xm < 45), ym2(xm < 45), 1)) + ... 

  fliplr(polyfit(xm(xm > 88), ym2(xm > 88), 1))) ./ 2, ... 

  fliplr(polyfit(xm(xm > 88), ym2(xm > 88), 1)),];  

hard constraints 

% Dynamic Constraints: A.*p <= b 

A = [1 0 0 - 1 0 0 zeros(1, length(p0) - 6)]; 

b = - 3; 

Aeq = []; 

beq = []; 

% non-dynamic Constraints 

% Set the LB tighter, to aid the algorithm in spacing the search grid. 

lb = [45 0.15 0.9 65 0.15 0.9 1000 - 200 1000 - 200 1000 - 200 1000 - 200 1000 - 200 1000 - 

200]; 

ub = [70 0.60 1.1 85 0.60 1.1 inf 0 inf 0 inf 0 inf 0 inf 0 inf 0]; 

fmincon_opt = optimset(optimset('fmincon')); 

fmincon_opt = optimset(fmincon_opt, 'disp', 'iter', 'LargeScale', 'on', 'MaxIter', 4000, ... 

'MaxFunEvals', 4000); 

fmincon_opt = optimset(fmincon_opt, 'Algorithm', 'sqp', 'ScaleProblem', 'obj-and-constr'); 

% For more information you can see 

% https://se.mathworks.com/help/optim/ug/fmincon.html 

% https://se.mathworks.com/help/optim/ug/choosing-the-algorithm.html 

Fitting 

popt = fmincon(objective, p0, A, b, Aeq, beq, lb, ub, [], fmincon_opt);  
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B1. Fitting overview PPI-30, two-state fit. (print: Color) 
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B2. Fitting overview PPI-30, three-state fit. (print: Color) 
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C1. Fitting overview PPI-13, Three-state fit. (print: Color) 

 

 

The two cross-lab triplicates are plotted in order, the three left-most markers correspond to the first 

formulation procedure. 
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D1. Fitting overview PPI-13, three-state fit. (print: Color) 

  

 

The two cross-lab triplicates are plotted in order, the three left-most markers correspond to the first 

formulation procedure. 
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ABSTRACT 
The PIPPI-data database is aimed at sharing biopharmaceutical data, as collected by formulation 

screening and protein characterization. The database focusses on protein-excipient interactions, 
protein-protein interactions and conformational stability as a function of formulation. The initial 

database encompasses the unique culmination of a large research effort across six laboratories, and 

includes eighteen proteins, eleven experimental techniques, four in-silico techniques, amino acid 
sequences and fundamental protein characterizations. The studied proteins reflect the diversity of 

protein fold subclasses and sizes presently common to the field of biopharmaceutics, and as such, 

includes eight mAbs. The tested formulations are organized in two experimental screenings, 

spanning a large range of pHs, four buffer ions, three ionic strengths by NaCl, and three excipients. 
Characterization of the formulated proteins includes multiple measurements across 

conformational stability, colloidal stability, and storage/stress induced aggregation. Long-term 

storage/stress studies provide data that can serve as a bench-mark for new prediction models to be 
developed. The database entries are indexed, allow for replication by their full method description, 

and include the raw instrument data as well as analysed (extracted) values. The high-throughput 

screening includes both cross-lab replicates and screening replicates for several techniques. The 

PIPPI-data data set is the outcome of a 4-year research study across 12 academic and industrial 
partners, aimed at providing a publicly available database and data set that will drive the field of 

protein formulation. The numerous spin-off studies from this data set are catalogued, showing the 

versatility and comprehensiveness of the set as well as providing an overview of active research 
fields. PIPPI-data is to be extended by including structured, well-documented, replicable data from 

external sources. 
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1. INTRODUCTION 
The characterization of protein stability in liquid formulation is incredibly important to the 

development of novel therapeutic biologics. A high level of protein stability is a key requirement 

for the viability of a potential therapeutic candidate, where long-term protein aggregation and 

degradation are detrimental to its efficacy and safety in use.1,2 Comprehensive knowledge of the 

physical and chemical mechanisms behind protein stabilization and solubility could provide the 

formulation scientists with an understanding of the interactions between the formulation aspects 

and subsequent changes in the stability. This can potentially streamline the industrial 

formulation development by making it faster and less laborious than contemporary broad 

screening approaches. 

The mechanisms, and predictions of the interactions of mechanisms, behind the formulation of 

single drug candidates are complex, therefore the identification of conditions that maximize the 

stability of these compounds has shifted to the elimination of aggregation prone biologics and 

formulations. This elimination is based on the intermittent relationships between 

physicochemical parameters arising from high-throughput screening (HTS) methods, such as the 

Gibbs free energy of unfolding ΔG, (apparent) melting temperature T½, or diffusion interaction 

parameter kD, and  long term storage and (accelerated) stress experiments, where relationships 

hold true for a single or subset of proteins. The early-stage formulation process is based on the 

identification and weighing of different characterizations of colloidal and conformational stability 

for these subsets of proteins. 

The formulation screening process typically looks at either a small set of proteins, in order to 

select candidate proteins that have good formulation prospects, or as the subsequent 

optimization of the formulation for a single selected protein candidate. Multiple experimental and 

in-silico methods are available and applicable depending on the protein candidate and its 

proposed application. 

For the purposes relevant to the data collection and analysis, the optimization process can be 

divided into three sequential data analysis steps as either used to eliminate samples in early-stage 

candidate selection or used iteratively whilst increasing the complexity of the formulation. In 

order, the assigned steps in data analysis are: (A-I) From any single experimental or in-silico 

modelling technique across multiple samples a small set of physicochemical parameters is 

extracted. (A-II) The extracted physicochemical parameters are then used, and occasionally 

combined, to evaluate an aspect of protein stability, e.g. colloidal or conformational stability, and 

its effect on long-term stability. (A-III) Multiple effects are weighted against each other, and the 

least unfavourable samples are selected for further characterization. The steps A-I, A-II, and A-III 

can be used to group research. All of these steps can be improved by the creation of more robust 

models: for the parametrization of raw instrumental data into physicochemical parameters; for 

the combination of physicochemical parameters to create more robust prediction models; and for 

the comprehensive understanding and prediction of aggregation pathways and applicability of 

these models across proteins. The lack of non-proprietary, publicly available, and 

well-documented data that unilaterally spans proteins, formulation aspects, and analytical 

technologies, has stifled the development of extendable theories. 

A large research effort in the field of structural biology, biophysics, protein formulation and 

stability has systematically mapped the physicochemical properties of biologics, formulation 

conditions and protein stability. The comprehensive screening of the most important aspects of 
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protein formulation has resulted in the starting point for the centralization of publicly available 

research data upon which to build models and concepts. The database is ushered in with the 

public accessibility of this comprehensive the data set. We establish the database – PIPPI-data 

(http://pippi-data.kemi.dtu.dk) – as a place to share this and future data. 

2. DATABASE STRUCTURE 
The database is split into indexed, searchable, portions designated as an Entry. Each entry 

represents a distinct portion of data: A single protein, a single analytical technique and a range of 

formulation conditions (e.g. screen 1 or screen 2). This entry is split by either containing ‘raw’ 

instrument measurements, preferably in an accessible data format, or ‘analysed’ data, as the 

extracted physicochemical values from the experiment. Each data entry is represented by (a) a 

static Entry ID (number), accompanied by a dynamic indexed entry page, containing meta data of 

the experiment, (b) a static text file containing all information needed to replicate the experiment, 

(c) the data files of either analysed or raw data in an accessible format. The static files and ID 

number allow for a reference to the data files that is permanent, and as such an ID number will at 

all times link to the same data. The database structure is given in Figure 1, where the 

measurement parameters are given as metadata relating to the protein, formulation and 

technologies.  

An experiment results in experimental, raw, data from which the extraction of physicochemical 

parameters results in analysed data. As such, each discrete piece of information is enclosed in a 

single database entry, and categorised by the measurement attributes: (P) Protein, by its 

characteristics such as AA sequence, Mw, and pI, (E) the experimental technique, by the 

measurement mechanism, and (D) raw or analysed data, across the formulations aspects, pH – 

excipients – salt, collectively. For any entry in the database to be useful, and therefore be 

included into the database, it must be part of a data set that varies in, as bare minimum, 

two measurement attributes in order to yield useful comparison or regression models. The 

larger the number of data set measurement attributes, the more value it has in the development 

of universally expandable models. E.g. a dataset of a single protein and technique, with raw and 

analysed data, (D-D) can aid in the development of new or alternative physicochemical 

parametrization methods, in step (A-I) of the data analysis process. Similarly, a set that includes 

both colloidal stability and long-term aggregation measurements across techniques, given as 

(E-E), can be used to relate physicochemical parameters in step (A-II) of the data analysis process. 

Only data sets that include a plurality of proteins, formulations, and analytical techniques can 

contribute to (A-III). We acknowledge that the extraction of data in a non-proprietary data format 

can be a tedious task, mired by a disinterest into its automation by instrument software 

manufacturers. 

Each distinct entry has a dynamic, i.e. adjustable and expandable, entry page that is indexed 

according to protein (P), experimental technique (E) and type of data (D). Associated are the static 

method file, which contains all information for replication of the study in plain text, and data files, 

preferably in an open source format to facilitate usage. 

3. INITIAL DATA SET 
For the initial data set, we show how the data is representative of the field of protein stability 

screening and as such is useful in understanding the underlying patterns in protein formulation.  

http://pippidata.kemi.dtu.dk/
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3.1. PROTEINS 
The proteins investigated in the basis dataset are summarized in Table 1. The proteins have been 

selected for their diversity over all proteins in order to cover overarching trends between 

polypeptides, with a subgroup consisting of eight mAbs to show within-group variability. The 

proteins span the diversity in protein Mw, from 4.4 kDa to 204 kDa, pI from 4.7 to 9.2, as well as 

the SCOPe protein fold classes3,4. The smallest proteins require different analytical techniques for 

a comprehensive screening. Monoclonal antibodies are a suitable subgroup, as both complex – 

multidomain – proteins, as well as an active field in therapeutic biologics. Over the previous five 

years (2015-2019) roughly 20% of novel, FDA approved, therapeutic products were monoclonal 

antibodies5. 

3.2. FORMULATION 
The dataset consists of two successive screenings, designated Screen 1 and Screen 2, in both of 

which 24 formulation conditions were tested. Screen 1 consisted of a full factorial screening of 

eight pHs with non-overlapping buffers Histidine (pH 5.0, 5.5, 6.0, 6.5, 7.0) and Tris (pH 8.0 and 

9.0), each tested at three concentrations of ionic strength modifier, by 0 mM, 70 mM, 140 mM 

NaCl.6 Screen 2 serves as the extension of Screen 1 into the additional formulation aspects. From 

the Screen 1 data, two pHs are selected for each protein, designated as low and high pH. In 

Screen 1, these pHs reflected one canonically ‘good’ stability at that formulation and one 

expressively ‘worse’ formulation, to be improved by additional formulation aspects. The two pHs 

are tested in combination with three buffers, acetate (low pH, 0 mM NaCl), phosphate (high pH, 

0mM NaCl) and histidine (both low and high pH at 0 mM NaCl and 140 mM NaCl). Screen 2 tested 

three excipients, proline, arginine, and sucrose, combined with a reference formulation without 

excipient. The antibodies are screened across matching pHs (pH 5.0 and 6.5) to preserve the set. 

Selected Screen 2 pHs of all proteins can be found in SI1. The Screen 1 and Screen 2 conditions 

for all antibodies is shown in Figure 2. There are four overlapping formulations, these replicates 

between the screenings, can serve to link the screenings. 

The designs of Screen 1 fill a large portion of the formulation design space of contemporary 

biologics. The pH and buffers used in Screen 1 and Screen 2 reflect the pH range and common 

buffers used in liquid protein formulation. Prohibiting the comparatively simple hydrocarbon 

citrate buffer and prepensely applicable buffer-mixtures, the chosen four buffers cover the 

majority of commercial mAbs products as inventoried by Zbacnik et al. (2017)7. The relatively 

low buffer concentration, 10 mM, ensures their effect does not disturb that of the added 

excipients. Sodium chloride is used as ionic strength modifier, although the interaction effect of 

specific salts in combination with buffer ions and co-solutes remains unreported. Sodium chloride 

remains the most commonly used in protein formulation. [need ref]  

The excipients, proline, arginine, and sucrose, represent a limited selection. An exhaustive set of 

excipients is infeasible; however, the three excipients are chosen based on their difference in 

stabilizing mechanisms. As a sugar, sucrose stabilizes protein by preferential exclusion8, leading 

to increased conformational stability which might come at the cost of decreased colloidal 

stability9,10. The amino acids, proline and arginine, are both commonly employed to increase 

protein solubility and decrease viscosity, by preferential binding10-12. 

Surfactants were not part of the screening data, as the characterization of protein-interface 

interactions is intricate and requires additional analytical tools. 
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3.3. ANALYTICAL TECHNIQUES 
The analytical techniques involved in Screen 1 and Screen 2 can naturally be divided into four 

categories: general protein characterization, colloidal stability, conformational stability, and 

long-term aggregation studies coupled with an analytical technique. 

General protein characterization of the proteins was performed before formulation, and involved: 

Determination of pI by cIEF, monomer and fragmentation of mAbs by SEC, solubility by 

PEG-assay, electrophoretic mobility by zeta potential measurement, homology models and 

associated Zscore, and solubility and pI by Protein-Sol. Conformational stability was investigated 

in Screen 1 and Screen 2, by determination of: apparent unfolding temperatures by intrinsic 

fluorescence DSF, apparent unfolding temperatures by extrinsic fluorescence DSF, and Gibbs free 

energy of unfolding by Intrinsic fluorescence ICD. Colloidal stability and aggregation are 

characterized by determination of: the diffusion coefficient, hydrodynamic ratio, diffusion 

interaction parameter, polydispersity, and aggregation onset temperature by DLS, ζ-potential by 

zeta potential measurement, monomer mass recovery by SEC-MALS, and B2, effective charge and 

titration curve by MC. Accelerated stress and long term storage studies were assessed by 

SEC-MALS, DLS and cIEF. Screen 1 involved an accelerated stress study at four temperatures over 

two weeks, whereas Screen 2 was a long-term storage/stress study measured at five timepoints 

over 24 weeks resulting in 624 regression points per protein. Chemical stability of long-term 

storage was assessed by cIEF and SEC-MALS. 

The plectasins, PPI-40, PP-41, PPI-42 and PPI-43, were screened separately, as their size (Mw 4.4 

kDa) and properties did not allow screening with all of the above techniques. 

4. DATA APPLICATIONS  
The data set represented along with in-depth analysis with alternative techniques of the included 

proteins, has already led to a series of results. A selection of the results that align with the goals 

of improving data analysis and uncovering trends is categorized in Table 2, where research has 

been categorized by the data analysis (A-I, A-II, A-III) and include a brief description of the 

analysis goals together with the proteins and data it draws on. 

5. RESOURCES 
The PIPPI-data database can be found at http://pippi-data.kemi.dtu.dk. 

6. ASSOCIATED CONTENT 
SM1 contains descriptions of the experimental techniques by instrument, data dimensions and 

algorithms for extraction of parameters. 
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FIGURES AND TABLES 
 

 
Figure 1. Organization of the data and metadata in the PIPPI-data database. 

 
Table 1. Overview of PIPPI proteins. 

ID Type 

MW 

(kDa) pI* Specification 

Protein fold class 

(SCOPe 2.07) 

PPI‐01 IgG1λ  144.8 7.96   all‐β 

PPI‐02 Human IgG1κ 148.2 8.53  all‐β 

PPI‐03 Human IgG1κ 144.8 8.44 Wild type all‐β 

PPI‐04 IgG1λ 146.2 8.99 Triple 

mutant13 

all‐β 

PPI‐08 IgG1κ w/ scFv 204.4 8.9 ‐ 9.2 Bispecific all‐β 

PPI‐10 Human IgG1 144.2 8.95  all‐β 

PPI‐13 Human IgG1κ 148.9 9.04 Triple 

mutant14 

all‐β 

PPI‐17 IgG2κ 145.1 7.78   all‐β 

PPI‐18 HSA‐NEP 146.7 5.8 Protein 

conjugate 

all-α (HSA)  

α+β (NEP) 

Multidomain (HSA-NEP) 

PPI‐30 IFNα‐2A 19.2 5.97  all‐α 

PPI‐40 Plectasin 4.4 9.33 Wild type small 

PPI‐41 Plectasin 4.4 9.75 Mutant small 

PPI‐42 Plectasin 4.4 9.92 Mutant small 

PPI‐43 Plectasin 4.4 9.97 Mutant small 

PPI‐44 Transferrin 74.9  6.58  α/β 

PPI‐45 Lipozyme 29.5  4.7  α/β 

PPI‐46 Lipolase 29.3 4.8  α/β 

PPI‐49 HSA 69.4  5.67 recombinant all‐α 

* measured by cIEF 
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Figure 2. Formulation screening conditions of the mAbs, Screen 1 (light blue) and Screen 2 (green). Screen 1 and Screen 2 
both consist of 24 conditions each, with 4 overlapping conditions. The pHs in Screen 2 consist of selected low and high pH, 
in this case pH 5.0 and pH 6.0 resp. 
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Table 2. Research relating to the PIPPI-database initial data set, classified according to the research application of data analysis. A-I: Extraction of physicochemical parameters. A-II: Trends of measurements 
as regression models to predict stability. A-III: Comprehensive analysis across stability parameters and proteins. 

# Proteins PIPPI-data† Other data techniques† Topic Year Author DOI 

Data analysis 

Application 

1 PPI-01, PPI-02, PPI-03, PPI-04, 

PPI-08, PPI-10, PPI-13, PPI-17, 

PPI-18, PPI-30, PPI-44, PP-45, 

PPI-46, PPI-49 

SEC-MALS, ICD, 

nanoDSF, DLS 

 Data analysis development, 

stability prediction 

2020 Gentiluomo et al.15 10.1016/j.ijpharm.2020.119039 

A-III 

2 PPI-44 IF DSF, ICD, SEC-MALS, 

SAXS 

MD Investigate conformational 

changes 

2020 Kulakova et al.16 10.1016/j.yjsbx.2019.100017 
A-II 

3 PPI-13  DLS, nanoDSF, ReFOLD, 

SEC-MALS, FlowCAM, CD, 

SAXS, NMR 

Predicting formulation stability 2020 Svilenov et al.17 10.1016/j.xphs.2019.10.065 

A-II 

4 PPI-03, PPI-13, PPI-30 IF DSF  Data analysis development 2019 Augustijn et al.18 10.1016/j.ejpb.2019.06.001 A-I 

5 PPI-01, PPI-02, PPI-03, PPI-04, 

PPI-08, PPI-10, PPI-13, PPI-17, 

PPI-18 

SEC-MALS,  RP-UPLC-MALS, RP-HPLC Analytical method development 2019 Gentiluomo et al.19 10.1038/s41598-019-51233-6 

A-II 

6 PPI-01 SEC-MALS, nanoDSF,  AUC, AF4-MALS, DLS, 

SLS, RP-HPLC, CG-MALS 

Protein aggregation, 

Self-aggregation, physical stability 

2019 Gentiluomo et al.20 10.1016/j.xphs.2019.09.021 
A-II 

7 PPI-01, PPI-02, PPI-03, PPI-04, 

PPI-08, PPI-10, PPI-13, PPI-17, 

PPI-18, PPI-30, PPI-44, PP-45, 

PPI-46, PPI-49 

DLS, IF DSF, Extr DSF, IF 

ICD, PEG-assay, Z-pot, 

cIEF, SEC-MALS, 

Protein-Sol 

 Screening data, data analysis and 

trends 

2019 Gentiluomo et al.6 10.1021/acs.molpharmaceut.9b00852 

A-III 

8 PPI-01, PPI-02, PPI-03, PPI-10, 

PPI-13, PPI-17 

DLS, nanoDSF  Data analysis development, 

stability prediction 

2019 Gentiluomo et al.21 10.1016/j.ejpb.2019.05.017 
A-II 

9 PPI-40, PPI-41, PPI-42, PPI-43  NMR, MD Protein conformational stability 

modelling 

2019 Indrakumar et al.22 10.1021/acs.jpcb.9b02370 
A-II 

10 PPI-30 nanoDSF DLS, SEC, RP-HPLC, 

FlowCAM, CD, FT-IR, ICD 

Predicting physical stability 2019 Svilenov & Winter23 10.1016/j.ijpharm.2019.03.025 
A-II 

11 PPI-03  DLS, nanoDSF, ReFOLD, 

SEC-MALS, FlowCAM 

Predicting physical stability 2019 Svilenov & Winter24 10.1016/j.ejpb.2019.02.018 
A-II* 

12 PPI-03  DLS, DSF, SEC, 

dilution-refolding 

Analytical method development 2018 Svilenov et al.25 10.1016/j.xphs.2018.08.004 
A-II* 

13 PPI-01, PPI-02, PPI-03, PPI-08, 

PPI-10, PPI-13, PPI-17 

IF ICD  Data analysis development 2020 Augustijn et al.26 Submitted manuscript 
A-I 

14 PPI-18 IF DSF, ICD, SAXS MD Investigate conformational 

changes 

2020 Kulakova et al. Submitted manuscript 
A-II 

15 PPI-03, PPI-04, PPI-08, PPI-10, 

PPI-01, PPI-13, PPI-17, PPI-18 

NMR, IF DSF, SEC, DLS  Protein-excipient interactions 2020 Zalar, Svilenov & 

Golovanov 

Submitted manuscript 
A-III 

16 PPI-03, PPI-08, PPI-13 Extr. Fluorescence Interfacial Tension, 

FlowCam, SEC, DLS, SLS, 

Intrinsic Fluorescence 

Correlating interfacial activity with 

physical stability 

 ElBialy & Frieß In preparation 

A-II 

17 PPI-03, PPI-30  CG-MALS Protein-surfactant interactions  ElBialy et al. In preparation A-II 
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18 PPI-01, PPI-02, PPI-03, PPI-04, 

PPI-08, PPI-10, PPI-13, PPI-17, 

PPI-18, PPI-30, PPI-44, PP-45, 

PPI-46, PPI-49 

DLS SEC-VI-MALS Online viscosimetry, Analytical 

development 

 Gentiluomo, Roessner 

& Frieß  

In preparation 

A-I* 

19 PPI-01, PPI-02, PPI-03, PPI-04, 

PPI-08, PPI-10, PPI-13, PPI-17, 

PPI-18 

cIEF, SEC-MALS  HT chemical degradation  Greco et al. In preparation 

A-II 

20 PPI-01, PPI-02, PPI-03, PPI-04, 

PPI-08, PPI-10, PPI-13, PPI-17, 

PPI-18, PPI-30, PPI-44, PP-45, 

PPI-46, PPI-49 

DLS, IF DSF, Extr DSF, 

ICD, PEG-assay, ζ-pot, 

cIEF, SEC-MALS 

 Screening data, data analysis and 

trends 

 Kulakova et al. In preparation 

A-III 

21 PPI-01, PPI-02, PPI-03, PPI-04, 

PPI-08, PPI-10, PPI-13, PPI-17 

DLS, IF DSF, Extr DSF, 

ICD, PEG-assay, ζ-pot, 

cIEF, SEC-MALS, 

 IgG-type protein screening data, 

data analysis and trends 

 Kulakova et al. In preparation 

A-III 

22 PPI-02, PPI-03, PPI-08, PPI-10 SAXS, SLS,  Fitting structure factors at high 

concentrations 

 Mahapatra et al, In preparation 
A-I 

23 PPI-03, PPI-13 SAXS, SLS  MC Cl-ion binding, second virial 

coefficients, interactions studies 

 Mahapatra et al. In preparation 
A-II 

24 PPI-01, PPI-02, PPI-03, PPI-04, 

PPI-08, PPI-10, PPI-13, PPI-17, 

PPI-18 

PEG-assay, DLS  PEG-dependent solubility as 

function of pH and NaCl 

 Morales et al. In preparation 

A-II 

25 PPI-40, PPI-41, PPI-42, PPI-43 DLS, DSC NMR, SAXS, AUC, MD protein screening, data analysis 

and trends 

 Pohl et al. In preparation 
A-III 

26 PPI-42 DLS  NMR, SAXS, AFM, CD, 

Cryo-EM 

Protein fibril characterization  Pohl et al. In preparation 
A-II 

27 PPI-30 IF DSF, ICD, DLS,  SAXS, AUC, MD, MC Protein oligomerization and 

characterization 

 Pohl, Nørgaard & 

Harris 

In preparation 
A-II 

28 PPI-01, PPI-02, PPI-03, PPI-10, 

PPI-13, PPI-17 

 ReFOLD, MSF, DLS, 

SEC-MALS 

Developability assessment of 

antibodies 

 Svilenov, Menzen and 

Winter 

In preparation 
A-III 

*Analytical method development; †Method abbreviations: AFM, Atomic force microscopy. AUC, analytical ultracentrifugation. AUC, analytical ultracentrifugation. CD, Circular Dichroism. cIEF, capillary 
isoelectric focusing. Cryo-EM, Cryogenic electron microscopy. DLS, dynamic light scattering. Extr DSF, extrinsic fluorescence (dye) differential scanning fluorimetry. FlowCAM, Flow Cytometer and 
Microscope. FT-IR, Fourier transform infrared spectroscopy. Homology, Homology modelling. IF DSF, intrinsic fluorescence differential scanning fluorimetry (nanoDSF). MA(L)LS, Multiangle (laser) light 
scattering. MC, Monte Carlo simulation. MD, molecular dynamics simulation. NMR, high-field nuclear magnetic resonance spectroscopy. PEG-assay, PEG (Polyethylene Glycol) precipitation assay. 
Protein-Sol, protein surface electrostatic charge calculation by Protein-Sol27. RP-HPLC, reverse-phase high pressure liquid chromatography. SAXS, small angle X-ray scattering. SEC-, size exclusion 
chromatography (various detectors). UPLC, Ultrahigh pressure liquid chromatography. VI, viscosimetry. CG-, Composition-gradient. ζ-pot, zeta potential measurement.  
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SUPPLEMENTARY INFORMATION 1 
Screen 2 pH conditions of the biologics, as complementary to Figure 1 – the overview of Screen 1 

and Screen 2 formulations. 

PIPPI ID Screen 2 

Low pH 

(acetate, 

histidine) 

Screen 2 

high pH 

(phosphate, 

histidine) 

PPI‐01 5.0 6.5 

PPI‐02 5.0 6.5 

PPI‐03 5.0 6.5 

PPI‐04 5.0 6.5 

PPI‐08 5.0 6.5 

PPI‐10 5.0 6.5 

PPI‐13 5.0 6.5 

PPI‐17 5.0 6.5 

PPI‐18 5.0 6.5 

PPI‐30 5.0 7.5 

PPI‐40   

PPI‐41   

PPI‐42   

PPI‐43   

PPI‐44 5.0 6.5 

PPI‐45 5.5 7.5 

PPI‐46 5.5 7.5 

PPI‐49 5.0 6.5 
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APPX.04 – DATA LAYOUT SCREEN 1 AND SCREEN 2 

The formulation conditions of Screen 1 and Screen 2 are given in Table 6 and Table 7. Four 

samples from Screen 2 match formulations in Screen 1. They are given as for IgG-types (PPI-01, 

PPI-02, PPI-03, PPI-04, PPI-08, PPI-10, PP-13, PPI-17) and PPI-18, for which Screen 2 included 
pH 5.0 and pH 6.5. Other considerations and particulars:  

i. PPI-03, PPI-08, PPI-13, and PPI-30 are designated workhorses, with cross-laboratory 

replicates and in-depth characterization by alternative methods. They are selected based on 

availability of stock protein and ease of dialysis and formulation. These proteins are ‘well-

behaved’, which infers a sort of bias with regards to representativeness of these proteins 

versus all biotherapeutic proteins. 

ii. PPI-11 was excluded from the PIPPI screenings due to bad formulation qualities. 

iii. All proteins, with the exception of PPI-11 and the plectasins, PPI-40, PPI-41, PPI-42, and 

PPI-43, are currently included in the database, P3. The plectasin data is scheduled to become 

available as well, but only once the consortium’s research is concluded. 

iv. The plectasins are analyzed in a separate screening, under the same formulation conditions. 

Not all characterization methods are applicable, and other experimental methods are applied 

in order to comprehensively assess their stability 
Table 6 Screen 1 formulations overview table: formulation at 24 conditions over pH and NaCl. No excipients, co-solutes or 
surfactants are added. Four samples are replicated in Screen 1. This can vary, according to the pH included in Screen 2 as 
set per protein. All IgGs in Screen 2 are formulated at pH 5 or 6.5, the corresponding rows in the Screen 2 overview (Table 
7.) 

Buffer [NaCl] mM Sample Replicate Screen 2 (row) 

10 mM His pH 5.0 

0 1 Yes (1) 

70 2  
140 3 Yes (5) 

10 mM His pH 5.5 

0 4  
70 5  
140 6  

10 mM His pH 6.0 

0 7  
70 8  
140 9  

10 mM His pH 6.5 

0 10 Yes (13) 

70 11  
140 12 Yes (16) 

10 mM His pH 7.0 

0 13  
70 14  
140 15  

10 mM His pH 7.5 

0 16  
70 16  
140 17  

10 mM Tris pH 8.0 

0 19  
70 20  
140 21  

10 mM Tris pH 9.0 

0 22  
70 23  
140 24  
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Table 7. Screen 2 formulations overview table: formulation at 24 conditions over pH, buffer, NaCl and excipients. 
Surfactants are not part of the screen. Four samples are replicated from in Screen 1. This can vary, according to the pH 
included in Screen 2 as set per protein. All IgGs in Screen 2 are formulated at pH 5.0 or 6.5, the corresponding rows in the 
Screen 1 overview Table 6. 

pH Buffer [mM] NaCl Excipient Sample 
Is replicate of Screen 1 

(corresponding row) 

pH 5.0 
(IgGs) 

10 mM 
Histidine 

0 

No Excipient 1 Yes (1) 
280 mM Sucrose 2  
140 mM Arginine.HCl 3  
280 mM Proline 4  

140 

No Excipient 5 Yes (3) 
280 mM Sucrose 6  
140 mM Arginine.HCl 7  
280 mM Proline 8  

10 mM 
Acetate 

0 

No Excipient 9  
280 mM Sucrose 10  
140 mM Arginine.HCl 11  
280 mM Proline 12  

pH 6.5  
(IgGs) 

10 mM 
Histidine 

0 

No Excipient 13 Yes (10) 
280 mM Sucrose 14  
140 mM Arginine.HCl 15  
280 mM Proline 16  

140 

No Excipient 16 Yes (12) 
280 mM Sucrose 17  
140 mM Arginine.HCl 19  
280 mM Proline 20  

10 mM 
Phosphate 

0 

No Excipient 21  
280 mM Sucrose 22  
140 mM Arginine.HCl 23  
280 mM Proline 24  
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APPX.05 – STRUCTURE OF IMMUNOGLOBIN G, IGG1 AND IGG2 

Immunoglobulin G, abbreviated as IgG, is a Y-shaped protein consisting of four polypeptide 

chains. Two identical ~50 kDa γ-type heavy chains, denoted H, and two identical 25 kDa κ or λ 

light chains, denoted L. The heavy chains have three constant (C) domains, CH1, i.e. “Constant – 

Heavy – 1”, CH2, and CH3, followed by a variable (V) chain, VH, at the N-terminus. The light chains 

consist of a constant CL domain and a variable VL domain at the N-terminus. The two heavy chains 

are linked between CH2 and CH3 by the hinge region, an amino acid chain. Furthermore, within 

the hinge, the two heavy chains are connected to each other by multiple disulfide bridges (S-S 

bridges). 

The first two heavy chain domains, CH1 and CH2, form the stem of the Y shape, ‘below the hinge’, 

and are denoted as Fc (‘fragment crystalline’). In both arms of the Y-shape, the CH3 and VH 

domains each match CL and VL domains of the light chains. Each arm is named Fab (“fragment 

antigen binding”), and the variable sections of both heavy and light chain, at the end of each arm, 

give each IgG its function. The number of S-S bridges and the number of amino acids in the hinge 

determine the IgG subclasses. 

The difference between IgG1 and IgG2 is the length of the Hinge, from 15 amino acids for IgG1 to 

a shorter 12 amino acid for IgG2, and the number of S-S bridges, from 2 to 4 respectively, making 

IgG2 more rigid.[105] An overview of IgG subclasses is found in Table 8. 

PIPPI protein PPI-08 is a bispecific monoclonal antibody, where and additional fusion protein is 

connected to the IgG1. The fusion protein consists of a VL and VH chain, both roughly 25kDa, that 

are chemically linked with a short polypeptide chain, resulting in a 50k DA single-chain variable 

fragment or scFc. This fragment has its own antigen binding site, sperate from the IgG. The scFc 

is linked to the main IgG, creating a bispecific antibody denoted IgG-scFc.[106] The amino acid 

sequence and linkage method of PPI-08 are unpublished. 

 
Figure 35. Illustration of immunoglobulin G structure, image based on PDB structure 1IGT. The hinges are two separate 
amino acid chains that connect the CH2 and CH3 of the heavy chains. The two hinge chains are connected to each other 

by disulfide bridges.  
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Table 8. Overview of immunoglobulin G subclass properties, data sourced from Vidarsson et al. (2014)[105] 
 IgG1 IgG2 IgG3 IgG4 

Basis MW (kDa) 146 146 170 146 

Hinge (number of amino acids) 15 12 62* 12 

Inter-heavy chain S-S bonds 2 4 11* 2 

Mean adult serum level(g/l) (Relative abundance) 6.58 

(60 %) 

3.8 (32 %) 0.51 (4 %) 0.56 (4 %) 

* Depending on allotype 
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APPX.06 – PURE AMINO ACID EEM IN HIGH RESOLUTION  

Tryptophan (0.01 mM), Tyrosine (0.01 mM), and Phenylalanine (1 mM) fluorescence measured 

at pH 4.0 (by HCl), no buffer, 25.0 °C. Measured λex 190 – 340 nm in steps of 2 nm, and λem 220 – 

500 nm in steps of 1 nm. EEM dimensions are 76 x 281. Marked are the 1st and 2nd order Rayleigh 

lines (magenta). PMT detector voltages were adjusted to achieve a high signal intensity on the 

detector range of 0 to 1000 a.u. 

 

 

 

Figure 36. EEM of free form tryptophan, free form tyrosine and free form phenylalanine.  
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APPX.07 – BETA-LACTOGLOBULIN – PROTEIN DESCRIPTION 

Beta-lactoglobulin, β-lactoglobulin, or βLg, is a common protein found in cow and sheep milk. It 

is a 162 AA long, single chain protein with a molecular weight of 18.37 kDa. β-lactoglobulin can 

be unfolded thermally[95, 96] and chemically [85]. It’s melting temperature, depending on pH, is 

roughly 60 – 65 °C. The AA sequence is given below, as obtained from PDB entry 3BLG. It 

contains: 5 Phe, 4 Tyr, and 2 Trp residues. The Trp residues, are located at position 19, marked in 

green, and position 61, marked in blue. 

 

β-lactoglobulin Amino Acid Sequence (PDB entry 3BLG) (N-terminus to C-terminus) 

1 

51 

101 

151 

LIVTQTMKGL DIQKVAGTWY SLAMAASDIS LLDAQSAPLR VYVEELKPTP 

EGDLEILLQK WENDECAQKK IIAEKTKIPA VFKIDALNEN KVLVLDTDYK 

KYLLFCMENS AEPEQSLVCQ CLVRTPEVDD EALEKFDKAL KALPMHIRLS  

FNPTQLEEQC HI 

 

In Figure 37 the native structure of βLg is given (PDB entry 3BLG). On the left as stick-ball 

representation, colored by AA position blue-white-red. The Trp can be recognized by its indole 

group (a 6 and 5 ring attached). The two Trp residues are circled. On the right the cartoon 

representation, showing the secondary structure of the protein. Of the two Trp residues, the 

second (position 61, blue) is solvent exposed, whereas the first (position 19, green) is buried 

within the hydrophobic protein core. 

 

 

Figure 37. The structure of native crystalline β-lactoglobulin. left: Stick representation, colored by residue number (blue-
white-red). Right: right the cartoon representation, showing the structure of the protein folds (yellow: beta-strand; blue: 
beta turn; magenta: alpha-helix). Source: PDB entry 3BLG (https://www.rcsb.org/structure/3BLG). 
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APPX.08 – BETA-LACTOGLOBULIN - DATA 

The data is shown for the measurement of β-lactoglobulin as a function of pH and temperature. 

First the raw data is shown as EEMs. Also included are plots of the data that show the difference 

in peak intensity. The EEMS are normalized by peak intensity and the smoothed measurement at 

25 C is subtracted from the data. 

Method: The concentration βLg was 0.01mM (0.2 mg/ml). Samples were prepared at pH 4.0, 5.0, 

7.0 and 10.0, by HCl and NaOH and unbuffered. The fluorescence was recorded over excitation, 

190 – 340 nm per 2 nm, and emission wavelengths, 220 – 500 nm per 1 nm. Six temperature data 

points were recorded, increasing over 10 °C, 25 °C, 50 °C, 70 °C, 80 °C and cooled back at 25 °C 

(renaturated). Each temperature was reached in ~10-15 minutes, after which it was incubated 

for 30 minutes and measured over ~20 minutes. Three additional replicates of pH 4.0 were taken 

at 25 °C and after cooling (renatured). The replicates were taken with 30-minute increments, 

excluding measurement time, to ensure the sample had reached equilibrium.  

 

The raw data is plotted below, in order of temperature. The Rayleigh scatter lines, marked in 

magenta, are added to guide the eye. 
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The excitation-emission matrices (EEMs) are normalized by peak intensity and a baseline is 

subtracted. The baselines used are the smoothed EEM at 25 C, before denaturation, for each pH.  
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APPX.09 – PIPPI-DATA ENHANCED ENTITY REALTIONSHIP DIAGRAM  

 

Figure 38. EER diagram for PIPPI-data, showing the design of the PIPPI-data as RBDMS (relational database management 
system). 
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