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Abstract 
 

Whey has proven to be a rich source of nutrients that can bring added value to the consumer and increase the 

value of dairy streams. Beta-lactoglobulin and alpha-lactalbumin are the two main whey proteins that are found 

in milk and each have specific functional and nutritional characteristics that make them valuable ingredients in 

consumer foods and infant formula. Consequently, protein fractionation processes have been developed to 

separate the two target proteins and selectively enrich whey protein concentrates. The subject of this thesis is 

the monitoring of a protein fractionation process that uses membrane filtration to separate the whey proteins. 

Monitoring and control of filtration processes is currently done with discontinuous, off-line measurements 

based on expensive and slow wet chemistry methods. However, the development of continuous, high 

throughput processes in the industry necessitates faster and more efficient monitoring of quality attributes to 

achieve optimal process control.   

This project develops spectroscopic methods to quantify alpha-lactalbumin and beta-lactoglobulin in whey 

streams, providing real-time information about the performance of the fractionation system and in particular 

the membrane selectivity. After screening of several methods and calibration strategies, two spectroscopic 

techniques, near-infrared spectroscopy and ultraviolet/visual spectroscopy, have been tested on retentate and 

permeate streams, respectively, in Arla Food Ingredients’ processing facilities. Both methods have proven to be 

sufficiently sensitive for process monitoring in an at-line set-up, showing adequate precision and accuracy to 

detect key changes in the process. On-line ultraviolet/visual spectroscopy (UV-Vis) was tested in a laboratory 

set-up for real-time quantification of whey protein fractions in a permeate stream. The result showed that UV-

Vis can be used to quantify changes in membrane selectivity during a filtration process. Near-infrared 

spectroscopy (NIRS) has been tested in a full-scale in-line set-up for investigating the feasibility of continuous 

selective protein quantification in a retentate stream. Although in-line analysis in full scale compromised spectral 

quality, protein quantification was still sufficiently accurate to describe key process behaviours across different 

production runs. Both the in-line and on-line set-up delivered acceptable results that show the applicability of 

both techniques for real-time selective protein quantification. The spectroscopic tools developed were coupled 

with chemometrics and process control methods to develop Process Analytical Technology (PAT) tools 

applicable in a manufacturing environment. The potential application of the developed tools for process 

understanding, optimisation and development are discussed in this work. 

A profitable protein fractionation process must be able to combine high selectivity and high productivity. 

Understanding, validating and improving a process requires an appropriate monitoring of the process 

performance, including of membrane selectivity. This project has proven that near-infrared (NIR) and 

ultraviolet/visual (UV-Vis) spectroscopy can be used as time and cost efficient analytical monitoring tools. The 

positive results obtained show the potential of both techniques being implemented within a process control 

strategy. In-line/on-line tools developed in this process elucidate some process kinetics hard to detect with at-

line analysis and current monitoring of process (engineering) parameters. In conclusion, the results obtained in 

this project show the potential of spectroscopic tools and multivariate data analysis for implementation within 

a Quality by Design (QbD) strategy to optimise protein ingredients manufacturing. 
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Resumé  
 

Valle har vist sig at være en rig næringskilde, som kan give merværdi for forbrugeren og øge værdien af 

mælkestrømmen. Beta-lactoglobulin og alpha-lactalbumin er de to primære valleproteiner i mælk som begge 

har særlige funktionelle og ernæringsmæssige karakteristika hvilket gør dem til værdifulde ingredienser i 

fødevarer og modermælkserstatning. Der er derfor udviklet særlige proteinfraktioneringsprocesser til at adskille 

de to proteiner og selektivt berige proteinkoncentraterne. Denne afhandling fokuserer på monitorering af en 

proteinfraktioneringsproces, som benytter filtrering til at adskille valleproteinerne. Monitorering og kontrol af 

filtreringsprocessen bliver i øjeblikket udført ved hjælp af off-line målinger baseret på dyre og langsomme 

vådkemiske metoder. Imidlertid kræver udvikling af kontinuerte  produktionsprocesser i industrien hurtigere og 

mere effektiv monitorering af kvalitetsparametre for at opnå optimal proceskontrol. 

I dette projekt udvikles spektroskopiske metoder til at kvantificere alpha-lactalbumin og beta-lactoglobulin i 

vallestrømmen, idet der leveres real-time information om fraktionssystemets ydeevne og i særdeleshed 

membranselektivitet. Efter screening af flere metoder og kalibreringsstrategier, er de to spektroskopiske 

teknikker nærinfrarød spektroskopi (NIR) og ultraviolet/visuel spektroskopi (UV-Vis) blevet testet på henholdsvis 

retentat- og permeatstrømme i Arla FOOD Ingredients produktionsfaciliteter. Begge teknikker har vist sig at 

være kvalificerede til procesmonitorering i et at-line setup, idet der opnås tilfredsstillende præcision og 

nøjagtighed til at identificere ændringer i processen. On-line ultraviolet/visuel spektroskopi (UV-Vis) til real-time 

kvantificering af valleproteinfraktioner i permeatstrømmen er blevet testet i et laboratoriesetup. Resultatet 

viser at UV-Vis kan anvendes til at kvantificere ændringer i membranselektiviteten under filtreringsprocessen. 

Nærinfrarød spektroskopi er blevet testet i et fuld skala in-line setup for at undersøge muligheden for 

kontinuerlig selektiv proteinkvantificering i retentatstrømmen. Selvom in-line implementering i fuld skala 

reducerer den spektrale kvalitet, var proteinkvantificering alligevel tilstrækkelig nøjagtig til at beskrive primære 

ændringer i processen på tværs af forskellige produktionsbatches. Både in-line og on-line løsningerne leverede 

acceptable resultater, som viser at begge teknikker kan anvendes til selektiv kvantificering af proteiner real-

time.  De udviklede spektroskopiske teknikker er blevet koblet med kemometri og proceskontrolmetoder for at 

udvikle Process Analytical Technology (PAT) metoder til anvendelse i produktionsmiljøet.  Den mulige 

anvendelse af de metoder, som er udviklet til procesforståelse, optimering og udvikling diskuteres i denne 

afhandling. 

En fordelagtig proteinfraktioneringsproces skal kunne kombinere høj selektivitet og høj produktivitet. At forstå, 

validere og forbedre en proces kræver en velegnet monitorering af processens ydeevene, herunder 

membranselektiviteten. Projektet har vist, at nærinfrarød og ultraviolet/visuel spektroskopi kan effektivt 

anvendes som tids- og udgiftsbesparende analytiske monitoreringsredskaber. De opnåede positive resultater 

viser potentialet af begge teknikker, når de implementeres i en proceskontrolstrategi. De to metoder tydeliggør 

endvidere information om proceskinetik, som er vanskelig at opdage med at-line analyser og eksisterende 

monitoreringsparametre. Resultaterne som er opnået i dette projekt viser potentialet af spektroskopiske 

teknikker og multivariat dataanalyse indenfor en Quality by Design (QbD) strategi til at optimere fremstilling af 

proteiningredienser. 
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Aims and hypothesis 
 

Due to the increasing complexity of ingredients manufacturing sites, better process control is necessary. Whey 

protein ingredients production facilities are becoming more and more complex, involving a train of unit 

operations that need to function continuously, sequentially and simultaneously in a high throughput mode. The 

number of samples to be analysed with traditional analytical methods increases as well as quality control related 

costs, but the frequency of measurements is still insufficient for detecting process/equipment failures until they 

have (potentially) serious consequences. Furthermore, traditional wet-chemistry methods are becoming 

inadequate since they are time consuming and, coupled with an overload of samples to analyse, results can take 

from days to weeks to become available and guide process control. Spectroscopic methods are widely used for 

quantifying critical attributes in manufacturing processes and have the potential for substituting reference 

analysis. Selective protein quantification in whey streams using rapid spectroscopic methods would be more 

cost and time efficient.  

The first aim for this PhD project was to develop spectroscopic methods for the selective quantification of α-

lactalbumin and β-lactoglobulin in whey streams. The motivation for the development of at-line spectroscopic 

methods is to substitute current wet-chemistry based off-line measurements, providing a cheaper and faster 

PAT tool, resulting in more frequent control of membrane selectivity. After proving the feasibility of using 

spectroscopic methods for selective protein quantification at-line, the focus of the project shifted to developing 

in-line/on-line spectroscopic tools for the quantification of the two target proteins in process streams. In-line 

analysis has the potential of elucidating process dynamics undetectable with infrequent at-line measurements. 

This PhD study thus aims not only at investigating the feasibility of continuous selective protein quantification 

in the target streams, but also at evaluating the gain in terms of process knowledge that the potential use of in-

line/on-line analysis for monitoring of a full-scale process would provide. By developing and applying 

spectroscopic PAT tools for protein quantification, this project presents the advantages and disadvantages of 

moving from inferential monitoring toward continuous measurement of key quality parameters and thus 

membrane selectivity. The final goal of PAT tools development is to allow for implementation of a Quality by 

Design approach in full-scale production of whey protein ingredients manufacturing. The approach involves real-

time data collection coupled to multivariate data analysis for continuous knowledge-building and process 

validation. The overall motivation for this project is the hypothesis that a faster and more frequent measurement 

of membrane selectivity will allow for a better control of the equilibrium between productivity and selectivity, 

increasing profitability of filtration processes. 

 

 

 

 

 

 

 

 

 

 

 

 

 



12 
 

Outline  
 

This thesis describes step by step how spectroscopic monitoring of a protein fractionation process was 

investigated and implemented. Published and in-review papers – attached as supplementary material - are 

referred to in the text where needed and redundancy is kept to minimum. Theoretical information is 

furthermore reported only when it is considered to be essential to the text understanding and most 

chemometrics theory is kept out of this work; instead literature references for explanation are given when 

needed. 

Chapter 1 introduces the two target proteins analysed throughout the project, their nutritional and functional 

properties and their production technologies. The fractionation of the two proteins with membrane filtration is 

subsequently presented from a theoretical point of view to allow the reader to understand the scope of the 

process monitoring work that is central to this project. The current analytical control methods in place today in 

the whey processing industry are presented as well as the classic parameters used to evaluate the process 

performance. 

Chapter 2 covers the spectroscopic analytical tools that have been used to selectively quantify the two target 

proteins both in literature and in Paper I and Paper II. A brief explanation of the detrimental effect that protein 

denaturation might have on the spectroscopic methods is also discussed. 

Chapter 3 moves the focus to real-life streams in a full-scale protein fractionation processes and explains which 

spectroscopic techniques were used for each of the streams and why. Two calibration strategies are 

subsequently presented, designed to overcome the complexity and covariance among components in a whey 

matrix. 

Chapter 4 complements Paper II and Paper IV for the process monitoring tools developed, presenting how these 

tools could be integrated into a production environment and how they could be used for process optimisation 

and validation. 

Chapter 5 presents perspectives for using the output of the developed PAT tools for integration with engineering 

parameters and identification of optimisation paths.  

Chapter 6 summarises the results of this project and their perspective deployment in a manufacturing 

environment, while reflecting on the limitations of this study. 
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1. Chapter 1: Introduction to whey protein fractions and their 
manufacturing  

 

Milk is an important source of proteins for humans, according to the Food and Agriculture Organisation of the 

United Nations (FAO) bovine milk contains on average approximately 3.3% of proteins [1]. Milk proteins have a 

high biological value, and are an important source for essential amino acids. In addition, milk proteins can help 

to perform a range of different biological activities, including antimicrobial properties and nutrient absorption 

[2]. Milk proteins are divided into serum proteins (20% approximately) and caseins (80%). However, the protein 

content and composition of bovine milk varies with season, stage of lactation and feeding [3]. 

In cheese manufacturing, caseins precipitate to form the cheese curd after acidic or enzymatic coagulation. 

Whey proteins are only partially retained in the cheese matrix and are released in aqueous whey during drainage 

[4]. Whey, initially regarded as a waste-product of cheese making, has received increased attention due to its 

diverse chemical profile. A significant amount of research has been conducted to elucidate its chemical 

composition and develop processes to extract valuable components from the whey matrix [5]. Whey proteins 

and derived products have shown to be particularly valuable due to their nutritional and functional 

characteristics. There are four major whey proteins: beta-lactoglobulin (β-Lg), alpha-lactalbumin (α-La), bovine 

serum albumin (BSA) and immunoglobulin (Ig). Beta-lactoglobulin and alpha-lactalbumin are the two most 

abundant proteins in whey, representing 50% and 20%  of total whey proteins respectively [6]. As such, α-La and 

β-Lg and their separation processes is the topic of interest of this work. Despite the fact that these two proteins 

have some common properties, such as stimulation of muscle growth [7], they also have their distinctive 

attributes that make their separation of nutritional interest. 
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Figure 1- Protein composition of bovine milk vs. human milk adapted from [16]. 

 

1.2. Alpha-lactalbumin   
 

Alpha-lactalbumin is one of the globular proteins found in bovine and human milk. The protein is made up of 

123 amino acids and has a monomer molecular weight of about 14 kDa[8]. While α-La is the second most 

abundant whey protein in cow milk, α-La is the dominant whey protein in human milk. Bovine α-La has a 74% 

amino acid sequence homology with human α-La, which makes bovine α-La a component of great interest for 

infant formula. The different protein composition profile of bovine vs. human milk results in a different amino 

acid profile that needs to be compensated by formulation of infant formula (Figure 1). Enriching infant formula 

with α-La provides the required amino acids while avoiding excessive protein contents, which has been 

associated with potential risks for health[9]. The amino acid profile of α-La (Table 1) is particularly valuable 

because of its high content of the amino acids tryptophan and cysteine, which have several beneficial biological 

properties including: 
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(a) Regulating sleep: Tryptophan is the precursor of both the neurotransmitter serotonin in the brain[10] 

and the hormone melatonin in the intestines[11]. 

(b) Regulating mood: As the precursor of serotonin, tryptophan has an antidepressant effect and regulates 

response to stress, and other physiologic processes[12]. 

(c) Antioxidant properties: Cysteine is a component of the tripeptide glutathione, an important element of 

new-borns’ antioxidant system[13]. 

(d) Brain development: Both tryptophan and cysteine play a role in the infant brain development as 

prosecutors to neurotransmitters[14], [15].  

Moreover, α-La can be hydrolysed with specific enzymes to produce bioactive peptides that have shown to have 

many physiological functions, including regulation of cell growth[17] and antimicrobial activity[18]. 

  

 β-Lg α-La BSA 

Alanine 15 (9.3) 3 (2.4) 47 (8.1) 
Valine 9 (5.6) 6 (4.9) 36 (6.2) 
Leucine 22 (13.6) 13 (10.6) 61 (10.5) 
Isoleucine 10 (6.2) 8 (6.5) 14 (2.4) 
Proline 8 (4.9) 2 (1.6) 28 (4.8) 
Phenylananine 4 (2.5) 4 (3.3) 27 (4.6) 
Tryptophan 2 (1.2) 4 (3.3) 2 (0.3) 
Methionine 4 (2.5) 1 (0.8) 4 (0.7) 
Glycine 4 (2.5) 6 (6.9) 16 (2.7) 
Aspartic Acid 10 (6.2) 13 (10.6) 40 (6.9) 
Aspargine 5 (3.1) 8 (6.5) 14 (2.4) 
Glutamic Acid 16 (9.9) 7 (5.7) 59 (10.1) 
Glutamine 9 (5.6) 6 (4.9) 20 (3.4) 
Lysine 15 (9.3) 12 (9.8) 59 (10.1) 
Arginine 3 (1.9) 1 (0.8) 23 (3.9) 
Serine 7 (4.3) 7 (5.7) 28 (4.8) 
Threonine 8 (4.9) 7 (5.7) 33 (5.7) 
Cysteine 5 (3.1) 8 (6.5) 35 (6.0) 
Tyrosine 4 (2.5) 4 (3.3) 20 (3.4) 
Histidine 2 (1.2) 2 (2.4) 17 (2.9) 
Total 162 123 583 
Non-polar 43% 33% 17% 
Polar uncharged  26% 37% 28% 
Positively charged  12% 13% 17% 
Negatively charged 16% 16% 17% 

 
Table 1- Amino acid profile of selected milk proteins; number of amino acids in the proteins [109] and the 

calculated percentages in brackets from Metsämuuronen et al.[110]. β-Lg = β-lactoglobulin, α-La = α-
lactalbumin, BSA = bovine serum albumin. 
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1.2.   Beta-lactoglobulin 
 

Beta-lactoglobulin is also a globular protein, with a monomer molecular weight of about 18 kDa that contains 

162 amino acids[19]. While β-Lg is absent in human milk, it is the most abundant whey protein in bovine milk 

and has diverse functionalities and nutritional properties. 

The functional properties of β-Lg makes it a valuable ingredient in the formulation of foods and beverages 

including:  

(a) Gelation and emulsification: β-Lg is used as an ingredient in foods that require texture and water-

binding adjustments[20]. 

(b) Foaming: β-Lg shows a foam overrun capacity and heat-stability comparable to egg whites[21]. 

(c) Solubility: β-Lg is highly soluble at different pHs it can be used to nutritionally enrich beverages with 

proteins[22]. 

Furthermore, β-lg also has been reported to have bioactive properties such as anti-microbial[23], anti-

carcinogenic[24] and hypocholesterolemic activities[25]. 

 

1.3. Manufacture of Dairy Protein Fractions 
 

The nutritional and functional properties of α-La and β-Lg described above have resulted in a great interest for 

the development of processes to promote the formation of pure, individual dairy protein fractions from whey 

streams. Fractionation processes are here defined as processes where a protein mixture is divided into different 

portions having different relative amounts of each protein compared to the feed solution [26]. 

Processes in use for commercial-scale production of whey protein fractions can be divided into three categories: 

(a) Process chromatography: The differences in physicochemical properties of α-La from β-Lg are used for 

selective elution and absorption techniques. Several chromatographic techniques have been used to 

separate the proteins, including ion-exchange chromatography [27], gel-filtration [28] and reverse phase 

High Performance Liquid Chromatography (HPLC) [29]. Preparation steps are usually necessary to prior to 

protein fractionation of whey matrices with chromatography.  

 

(b) Precipitation and aggregation: This separation process involves precipitation of either β-Lg or α-La by 

adjusting the solution physical properties to promote selective insolubility of one of the protein fractions. 

The precipitation can be achieved by a combination of heat-treatment and pH adjustment to reach the 

isoelectric point of the protein in low ionic strength solutions, resulting in protein aggregation[30], [31]. The 

fraction in the supernatant is then retrieved by centrifugation or filtration and the aggregated/precipitated 

fraction is recovered after solubilisation of the precipitate[26]. 

 

(c) Membrane filtration: This separation process is traditionally based on the differences in the molecular 

weight of the proteins (which is very similar for α-La and β-Lg). However, some processes have been 

developed where pH and ionic strength have been optimised for enhancing or reducing the rejection by the 

membrane (which has a slight residual charge)[32]–[34]. Despite being less effective than chromatographic 

methods for α-La and β-Lg isolation, membrane filtration processes remain the most used protein 

separation processes for whey because of their relatively easy scale-up and lower processing costs in 

comparison to chromatographic techniques[35].  

The process of interest throughout this work is the fractionation of α-La and β-Lg proteins from whey streams 

using membrane filtration. 
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1.3.1. Whey protein fractionation using membrane filtration 
 

Membrane filtration is a pressure-driven process that uses a pressure difference to concentrate, diafiltrate, 

clarify and/or fractionate macromolecules in a feed solution through a membrane having variable pore sizes. 

Membranes can be made of ceramics or polymers and usually look like spiral-wound cartridges [36] (Figure 2). 

Filtration processes  separate compounds of different molecular weights where higher molecular weight 

components are rejected by the membrane and remain in the retained liquid called retentate, while proteins 

with low enough molecular weight are able to pass through the membrane onto the permeate side [36] [8]. 

  

 
Figure 2- Tubular membrane. Adapted from [34].  

 

However, molecular weight is not the only factor that determine the protein separation, secondary phenomena 

such as pH, charge or conformation play a considerable role in membrane affinity/permeability [34]. A 

phenomenon such as reverse selectivity, where smaller molecules are retained by the membrane while bigger 

molecules pass on to the permeate, are also a possibility that can add to the complexity and the versatility of 

membrane separation processes [37].  

 

1.3.2. Operation model: Batch process, fed-batch, multi stage continuous filtration 
 

Filtration processes for the separation of whey proteins can operate in different modes according to the process 

goals. The simplest mode of operation is the batch mode where a fixed volume of feed is pumped through a 

membrane module and the retentate is recirculated back to the feed tank (Figure 3A). This mode results in the 

feed (retentate side) being increasingly concentrated. Although this setup is simple and efficient (separates and 

concentrates at the same time), it will cause a decrease in permeate flux during time due to fouling and a 

continuously changed chemical equilibrium in the feed solution. A continuous processing mode is also possible, 

where the retentate is not recirculated (Figure 3B). The continuous process mode results in a lower degree of 

concentration/separation in the retentate, which can be enhanced by a multi-stage continuous operation (Figure 

3C). Other operational modes such as partial recycle and feed-and-bleed mode have also been developed for 

certain processes[34]. Regardless of the operation mode, the food and biotechnology industries increasingly 

choose continuous processing to increase productivity and product quality, where the complete process lines 

often consist of a series of different unit operations.  
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Figure 3- Batch mode (A), continuous mode (B) and multi-stage continuous operation (C). 
 

 

1.3.3. Economic feasibility of a protein fractionation process 
 

The isolation and purification of proteins from whey streams is technically and economically challenging. Protein 

fractionation is often the limiting factor in the successful development of protein based products/food 

ingredients, since fractionation costs represent a considerable part of total production costs[38]. Research and 

development, as well as production optimisation are ongoing across the industry aiming to obtain the desired 

purity and yield from a profitable process. Membrane filtration separation processes are volume-dependent 

separation methods, where the equipment capacity and cost of manufacture is proportional to the volume of 

solution processed and protein recovered [34]. The purity of the protein products in the targeted fractions 

defines the commercial value of the product and is therefore an essential factor in estimating the process 

economic profitability. For diluted aqueous protein solutions such as whey, large volumes of water must be 

removed with filtration to recover a fixed mass of protein, while fractionation of α-La and β-Lg must be 

maximised. Consequently, the operation of fractionation processes must be balanced between selectivity and 

productivity to achieve profitable and sustainable operations.  
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1.3.4. Selectivity of protein fractionation in membrane filtration 
 

Membrane selectivity can be defined as the efficiency of protein fractionation and is expressed as follows for a 

stream containing multiple proteins[38]: 

 

𝜑𝐸=

𝑆𝑥

𝑆𝑇𝑜𝑡

 

𝑆𝑥 = 𝑠𝑖𝑒𝑣𝑖𝑛𝑔 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑡𝑎𝑟𝑔𝑒𝑡 𝑝𝑟𝑜𝑡𝑒𝑖𝑛 

𝑆𝑇𝑜𝑡 = 𝑠𝑖𝑒𝑣𝑖𝑛𝑔 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝑎𝑙𝑙 𝑜𝑡ℎ𝑒𝑟 𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑓𝑒𝑒𝑑 

 

The sieving coefficient, a key parameters for membrane characterisation, represents the transmission of a 

protein through a membrane and is expressed as the apparent sieving coefficient (𝑆𝑎). 

𝑆𝑎 =
𝐶𝑝

𝐶𝑓

 

𝐶𝑝 = 𝑝𝑒𝑟𝑚𝑒𝑎𝑡𝑒 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 

𝐶𝑓 = 𝑓𝑒𝑒𝑑 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 

 

Selectivity of the membrane depends on several parameters such as molecular size of the proteins, protein-

protein interactions, pH and salt concentration[39]. Another important parameter for characterising membrane 

selectivity is protein transmission (𝑇𝑟), which can be expressed as the ratio of concentration of the target protein 

in the permeate (p) and retentate (r) [40]: 

𝑇𝑟 =
𝐶𝑝

𝐶𝑟

 

 

 

1.3.5. Productivity of a protein fractionation process 
 

Productivity is challenging to define in a protein fractionation processes using membrane filtration. A parameter 

commonly used to describe productivity is the volumetric permeate flux (J). Permeate flux is dependent on the 

properties of the membrane, the transmembrane pressure (TMP), the system hydrodynamics (cross-flow 

velocity), the protein concentration in the feed and the properties of the solvent. It can be calculated 

theoretically: 

𝐽 =
∆𝑃

𝑅𝑚

 

Where 𝑅𝑚 is the membrane resistance and ∆𝑃 (Pa) is the transmembrane pressure[34]. TMP can be calculated 

as described below, where 𝑃𝑖  is the inlet pressure, 𝑃𝑜the outlet and 𝑃𝑝 the pressure on the permeate side: 

∆𝑃 =
𝑃𝑖 + 𝑃𝑜

2
− 𝑃𝑝 

However, the theoretical definition of permeate flux has some limitations. For example the permeate flux does 

not increase linearly with an increase in TMP. As symbolized in Figure 4 and experimentally confirmed by 

Wijmans et al. [41], the permeate flux levels off after a critical TMP and can even decline at very high TMP.  
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Figure 4- Permeate flux vs transmembrane pressure. The red stipulated lines indicate the limiting flux, after 

which the increase in permeate flux is no longer dependent on TMP. 

 

In practice, flux is commonly measured as permeate flow rate per unit filtration area per time and is expressed 

as follows and measured in L/(𝑚2 × h) [40]:  

𝐽 (𝑃𝑒𝑟𝑚𝑒𝑎𝑡𝑒 𝐹𝑙𝑢𝑥) =
𝑃𝑒𝑟𝑚𝑒𝑎𝑡𝑒 𝑓𝑙𝑜𝑤(𝐿)

𝐶𝑜𝑙𝑙𝑒𝑐𝑡𝑖𝑜𝑛 𝑡𝑖𝑚𝑒(ℎ) × 𝐴𝑟𝑒𝑎 𝑜𝑓 𝑚𝑒𝑚𝑏𝑟𝑎𝑛𝑒(𝑚2)
 

 

Perhaps the most important parameter in protein fractionation is the yield. The equilibrium between 

productivity and selectivity can be expressed in terms of yield and can be defined as follows: 

𝑌𝑖𝑒𝑙𝑑 =
𝐶𝑝 × 𝑉𝑝

𝐶𝑓 × 𝑉𝑓

 

Where C and V are the concentration of protein fraction and volume in the feed (f) and permeate (p), 

respectively. Yield is the parameter that determines a fractionation process’s economic feasibility. To maximise 

the yield of a filtration process, high productivity with high selectivity must be achieved at mild operating 

conditions. 

 

1.3.6. Fouling: The Achille’s heel of membrane filtration 
 

Fouling is generally defined as the adsorption, deposition and accumulation of undesired materials present in 

the feed on the membrane leading to a loss in efficiency of the separation process[34], [42], [43]. Membrane 

fouling causes an increase in membrane resistance, resulting in decreased hydraulic permeability, permeate flux 

and ultimately productivity. Membrane fouling also affects membrane selectivity due to alteration of the solute 

transmission behaviour[42]. In all membrane-based processes, membrane fouling is an inevitable phenomenon 

that can affect the process performance and economic feasibility[43]. 

Protein is a major fouling agent, thus making protein fractionation processes especially vulnerable to fouling. 

Fouling can be classified into reversible or irreversible phenomena. Reversible refers to fouling that can be 

reversed by appropriate cleaning, while irreversible fouling necessitates membrane replacement after 

appropriate use. However, it must be noted that fouling is not the only reason for decrease in permeate flux 
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with time; it is a complex phenomenon that has been thoroughly studied [44]. While fouling is an undesirable 

effect and it has received extensive attention in terms of prevention and control [39], [42], [45], it is also 

unavoidable in filtration and it is for this reason considered the Achille’s heel of membrane filtration processes 

[34].   

 

 
Figure 5- Influence of fouling on permeate flux (A) and protein transmission (B). Stipulated red lines delimit 

the “start-up” phase where rapid fouling and a second filtration layer is formed, after this phase slow 
progressive fouling takes place.   

 

In constant pressure membrane filtration, membrane fouling is observed in the form of permeate flux decline 

with time, and consequently a decrease in protein transmission (Figure 5). There is an initial rapid decline in 

permeate flux accompanied by an incline in protein transmission due to the combined effects of concentration 

polarisation and rapid initial fouling. This phenomenon is most likely related to a layer being formed on the 

membrane, which can be considered as a secondary membrane or a secondary filtration layer, and the flux 

decline is especially extensive when the membrane is new and adsorption sites on the membrane surface are 

readily available for the proteins [46], [47]. This membrane “start-up” phase and inherent fouling is not 

necessarily to be regarded as a negative phenomenon, as it can affect the membrane selectivity positively in 

achieving improved fractionation of proteins. 

After this initial start-up phase, a steady and gradual decline in permeate flux and protein transmission takes 

place. This slow and progressive fouling is considered the dominant limiting factor to the productivity and yield 

of protein fractionation processes. Because of progressive fouling most membrane filtration processes operate 

semi-continuously, with Cleaning-In-Place (CIP) operations being regularly scheduled to recover membrane 

performance[48]. Several researchers have tried to monitor, model, control and prevent fouling. Optimisation 

strategies have included adjusting pH, protein concentration, osmotic pressure and modified CIP cycles[43], [49], 

[50].  
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1.4. Introduction to Process Analytical Technology 
 

Process control has been defined as the active changing of the process based on the results of process 

monitoring[51]. Process Analytical Technology (PAT), defined by the Food and Drug Administration in 2004 

guidance as “A Framework for Innovative Pharmaceutical Development, Manufacturing and Quality 

Assurance”[52] is the key fabric for process monitoring and therefore essential for process control. 

In the last 15 years, PAT has become increasingly popular in the pharmaceutical, chemical and food industry. 

PAT approaches include in-line, on-line, off-line and at-line analysis that are used to provide quantitative 

information about process Critical Quality Attributes (CQA) using analytical tools, primarily spectroscopic sensors 

[53] (Figure 6). PAT can be seen as a silent revolution in industrial quality control in food processing. By the 

introduction of real-time process monitoring capabilities with spectroscopic sensors, the industry is gradually 

moving from inferential monitoring and control toward continuous measurement of core quality parameters 

[54]. 

 

 
Figure 6- PAT approaches. (A) On-line: Continuous measurement of a sample stream flowing through a side 
loop. (B) In-line: A probe is directly interfaced within the process to provide real-time measurements. (C) Off-
line: A sample is extracted from the process and analysed in a laboratory. (D) At-line: A sample is extracted 
from the process and analysed with a fast measurement technique in proximity of the process line. Figure 

adapted from [55]. 
 

Although at-line PAT solutions are simpler to implement because they don’t need to be interfaced with the 

process, the goal of PAT is ultimately to streamline continuous measurements and real-time data to modify the 

process conditions based on a feedback (or feed forward) loop [55] [56]. Spectroscopic methods are the most 

popular analytical tools for PAT along with multivariate data analysis and chemometrics (Box 1).  
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Box 1: Definition of Chemometrics [57] and most common applications in PAT 
  
Chemometrics is defined by Chemometrics and Intelligent Laboratory Systems (a leading journal in the field) 
as: the chemical discipline that uses mathematical, statistical, and other methods employing formal logic to 
design or select optimal measurement procedures and experiments, and to provide maximum relevant 
chemical information by analysing chemical data.  
 
Chemometrics is an essential part of any PAT framework, as the multivariate nature of spectroscopic 
techniques must always be complemented with chemometric methods to enable extraction of process 
relevant information [58]. 
 
The two most commonly used chemometric techniques used for analyzing spectral data are: 
 

(a) Principal Component Analysis (PCA) [59]: a reduction method that aims to explain the maximum 
amount of variation present in the data using common systematic variance as the only criterion. It is 
a technique used for exploratory, untargeted analysis and it is widely applied to process data to 
detect unexpected behaviours in a process.  

 

(b) Partial Least Squares regression (PLS) [60]: a projection method used to relate information between 
two data matrices - X and Y in order to obtain quantitative prediction of the parameters of interest. 
PLS is used to predict chemical parameters from spectroscopic data and the outcome of the 
prediction models is used in process monitoring as a relevant indicator. 

 

A PAT framework is considered to be the synergy among different elements including: analytical techniques, 

data analysis, control strategies, and process optimization actions. The aim of this framework is to shift process 

control strategies from feed-back process control (where the end-product’s CQA are used to adjust the process) 

to a Quality by Design strategy (see Box 2), where real-time monitoring and predictive models are used to adjust 

the process conditions and obtain the desired end-product[61]. The introduction of a PAT framework into a 

process has several benefits including: reduction of laboratory costs, optimised use of raw materials and 

continuous process knowledge generation, leading to optimisation and novel process development. 

 

Box 2: Definition of Quality by design[62]: 
 
Quality by design (QbD) has been defined by the Food and Drug Administration as ‘a systematic approach to 
development that begins with predefined objectives and emphasizes product and process understanding 
and process control, based on sound science and quality risk management’. 
 
According to Rathore et al. key steps for QbD implementation into manufacturing include [61]: 
 
(a) Identification of the product attributes that are of significant importance to the product’s safety  

and/or  commercial value. 
(b) Design of the process to deliver these attributes. 
(c) Robust control strategy to ensure consistent process performance. 
(d) Ongoing monitoring to ensure robust process performance over the life cycle of the product (PAT). 
(e) Continuous knowledge building, process validation and optimisation. 
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1.4.1. Control of a protein fractionation process - current state of the art in literature 
 

The research and development on monitoring and control of membrane filtration processes can be divided in 

three categories: 

(a) Monitoring of fouling: As has been already discussed, fouling is considered a good indicator of a 

membrane filtration process’ performance. Several researchers have tried to quantify fouling by 

measuring the residual layer of cake on membranes with spectroscopic techniques [63], [64] [45] 

and/or by measuring cleaning effectiveness [65]. Although fouling is the dominant limiting factor in 

filtration based processes, it is far from being a comprehensive indicator of the process performance.  

 

(b) Monitoring of selectivity indicators: Measurement of individual protein concentrations in filtration 

streams is the most direct estimation of membrane selectivity. However, research in this area has been 

limited due to a lack of rapid and selective quantification methods for target proteins (see Chapter 2). 

Some applications in the pharmaceutical industry have been developed to quantify selective and total 

protein concentration, protein conformation and particle size in-line/on-line to monitor a filtration 

process [56] [66]. In the food/ingredients industry, Elshereef and co-workers have developed a 

fluorescence based spectroscopic method that, coupled with chemometrics techniques, has been 

successful in quantifying α-La and β-Lg [67]. The authors have used the results to measure selectivity, 

protein transmission and membrane resistance in a lab-scale protein fractionation process. Although 

these methods seem promising, their feasibility in a full-scale operation remains to be proven. 

 

(c) Statistical modelling and control of membrane filtration processes using process parameters/soft 

sensors: Modelling of existing process parameters has been the most developed research field for 

monitoring and performance optimisation of filtration processes. Permeate flux had been predicted 

from models using TMP, flow rate, and concentration as inlet parameters [68]. Mechanistic models 

from well-understood functions have been used to predict protein concentrations from process 

parameters, as well as black box techniques such as Artificial Neural Networks [69]. This monitoring 

strategy is convenient as it does not require the (expensive) development and implementation of 

physical sensors into the process and instead uses the parameters routinely collected from a production 

process. For this reason, software sensors (or so-called “soft sensors”), using a combination of process 

data as input to predict a quality parameter (output), have become increasingly popular for bioprocess 

control [70]. However, soft sensors are always indirect measurements, and for their successful 

implementation in-depth process knowledge is needed, as well as reliable data acquisition and fault 

detection techniques. 

 

1.4.2. The process of interest and current state of process control in the industry  
 

Employment of high productivity and high selectivity protein fractionation processes in the dairy industry has 

been successful. Several processes across the industry, partially or exclusively based on membrane filtration, are 

currently used for manufacturing of protein isolates, hydrolysates and concentrates enriched with specific 

proteins. Most of the processes used for commercial manufacturing, including the process studied in this work, 

include multi-stage operation units that are operated in a semi-continuous manner.  

This PhD study project aim to monitor a protein fractionation process separating α-La and β-Lg in whey proteins 

concentrate through a multi-stage filtration based production. The streams monitored are side-streams that 

subsequently undergo further processing for production of various enriched whey proteins concentrates. 
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The analytical control of fractionation processes usually focus on bulk chemical components and feeds, 

retentates and permeates are routinely measured for total protein content, total solids and lactose. This data is 

subsequently used for standardisation and detection of process deviations.  

Process monitoring in terms of selectivity is monitored several times a week with off-line measurements of 

individual protein concentrations at critical process steps. Protein concentration is measured by wet-chemistry 

techniques such as Capillary Zone Electrophoresis and High Performance Liquid Chromatoraphy (HPLC) [65] 

[66](Figure 6). Selective protein quantification, for instance of α-La and β-Lg, is performed mainly for the feeds 

and permeates. The results are used to calculate selectivity parameters like the sieving coefficient and the yield 

(see Chapter 1).  

 

 
Figure 6- RP-HPLC chromatogram of a representative process sample. From Paper II [47]. 

 

In the aftermath of a distinctive event, such as a change of equipment, detection of abnormal variability or 
maintenance operation, it is customary in the dairy industry to perform an in-depth characterisation of the 
membrane selectivity throughout all processing units and streams. A steady-state mass balances can be 
calculated from target protein concentrations in permeates, retentates and feed to investigate if a filtration unit 
is subject to irreversible fouling or if the membrane is damaged and does not retain target compounds. The 
manufacturing processes used in the industry are mechanistically well-understood and well designed. However, 
predictive modelling of quality parameters from process parameters has still not given the desired out-come in 
real-life applications, compared to the success of these techniques in academic research. Process parameters 
are mainly used in real-time to detect deviations in units/individual pieces in terms of (local) performance (i.e. 
change in pressure), but are rarely used for (full) process optimization. One reason for this technology gap is the 
complexity of full-scale operations compared to academic proof-of-concept set-ups. A filtration based 
manufacturing process is usually a train of different filtration units, and understanding and controlling the 
synergy among these units from process parameters and indirect measurements is challenging. Secondly there 
is also a lack of quality data to build prediction models from, since quality attributes are still quantified by 
traditional laboratory techniques, and the frequency of their acquisition is limited and thus also is the quantity 
and quality of data available to develop models. Finally, advanced data analysis techniques require in-house data 
skills to digitalize expert knowledge [73]. 
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2. Chapter 2: Spectroscopy for selective protein quantification 
 

Proteins are essential molecules for living organisms. They play a key biological roles as catalysators of most 

biological reactions, in binding, transport and storage of oxygen and lipids as well as in coordinated movements 

in muscles.  Protein intake is essential to humans for energy and for essential amino acids that the human body 

cannot synthesize. In addition proteins can provide texture and taste to foods. Proteins are also of great 

importance in the pharmaceutical industry, where most biologics are complex proteins[75].  

Separating protein fractions to obtain enriched or purified fractions for specific foods or pharmaceutical 

applications can thus result in products with specific biological, nutritional or functional attributes[74]. The 

development of separation, purification and modification processes for proteins across different industries has 

resulted in the need for development of rapid characterisation and quantification methods for proteins and 

amino acids. Regardless of industry or process of interest, cost and time effective process monitoring has 

become key for transitioning from batch to continuous processes in manufacturing [61], [76]. Spectroscopic 

techniques are non-destructive, require minimal or no sample preparation, and provide fast measurements[77], 

making them ideal for deployment in a manufacturing environment. As a result, several spectroscopic 

techniques have been used as PAT tools for monitoring protein structures in the food and pharmaceutical 

industries.  

Different spectroscopy techniques are sensitive to different structures in molecules and can therefore be used 

to quantify and characterise proteins from different perspectives. However, all spectroscopic techniques follow 

the Lambert-Beers law, which states that the absorption of electromagnetic light by a molecule at a given 

wavelength is proportional to the concentration of the analyte in the sample. A brief explanation on how 

different spectroscopic techniques have been used for protein analysis will be outlined in this chapter. Figure 7 

shows how spectroscopy can be used to analyse proteins. 
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Figure 7- Four levels of protein structures and suitable spectroscopic methods are illustrated according to 
Rüdt et al. [78]. 
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2.1. Mid-Infrared spectroscopy 
 

Mid-Infrared spectroscopy (MIR) is based on molecular vibrations and is one of the most classical methods for 

protein structure determination. The spectral range of the MIR electromagnetic region, from ∼400 to ∼4000 

cm–1, is rich with information associated to the chemical composition and architecture of molecules, which 

makes MIR a valuable tool for the investigation of protein secondary structures[78]. MIR generally is most 

sensitive to functional side groups, but the carbonyl functional group of the polypeptide backbone of proteins, 

provide rich information not only of the protein content, but also about the protein secondary structure due to 

its sensitivity to intramolecular and intermolecular interactions (primarily hydrogen bonding). Table 2 list the 

most important group frequencies from protein molecules (secondary amides) [75].  

 

Designation Approximate frequency (cm−1) Description 

Amide I 1600−1690 C=O stretching 

Amide II 1480−1575 NH bending, CN stretching  

Amide III 1229−1301 CN stretching (complex) 

Table 2- The Amide bands of proteins in the mid infrared region [79]. 

 

The most important group frequencies associated to vibrational spectra of proteins are the Amide I and Amide 

II bands which are mainly caused by C=O stretching and N-H bending. While the absorption of the amide bands 

is directly proportional to the amount of polypeptide backbone, the secondary structures of proteins (α-helices, 

β-sheets, β-turn and random coil) induce shifts of these bands, and result in characteristic vibration frequencies 

can be associated with individual secondary structural folding[80]. Some detailed Amide I frequencies and 

assignments to protein secondary structures are presented in Table 3. Although the Amide II band also provides 

some protein structure information, it is more unstructured and has received little attention in literature 

regarding secondary structure assignment[81]. 

 

Assignment Approximate 

frequencies (cm−1) 

α-helix 1645-1660 

β-sheet 1620-1640 

1670-1695 

β-Turn 1620-1640 

1650-1695 

Random coil 1640-1657 

1660-1670 

Table 3- Approximate frequency ranges of secondary structures in the Amide I band MIR region. Data from [82] 

and [79]. 
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Proteins have characteristic secondary structure elements that give rise to different frequencies in the MIR 

spectra and are useful for protein quantification and characterisation of their secondary structure. Table 4 shows 

the secondary structure of four representative proteins (including the main whey proteins of interest for this 

work), where the amount of each secondary structure was measured by X-ray Crystallography. 

Protein α-helix (%) β-sheet (%) β-turn (%) Random coil (%) 

Hemoglobin 87 0 7 8 

Lysozyme 45 19 23 13 

Beta-lactoglobulin 15 50 20 15 

Alpha-lactalbumin 46 12 12 31 

Table 4: Secondary structure profile of four representative proteins. X-ray data from [83] [84] and[85]. 

The different secondary structure profiles of α-La and β-Lg give rise to distinctive spectral features in the MIR 

region, as described in Paper I [86] and Figure 8. 

 

 
Figure 8- Assignment and exploration of the MIR data, different concentrations of the proteins of interest in the 

sample result in shifts in the Amide bands region of the MIR spectra.  (A) Original spectra, (B) second derivative. 

Measurements of proteins solutions in aqueous whey enabled for the definition of chemically interpretable 

profiles of the two main whey proteins using Multivariate Curve Resolution (MCR) [87]. Protein specific 

information was found both in the Amide I and Amide II bands, and protein structures (α-helix and β-sheets) 

were quantified from MIR spectra.  Paper I [86] confirms the suitability of MIR for the quantification of α-La, β-

Lg and their respective protein structures. 

Although MIR has proven to be successful for quantification of whey proteins[88], [89], the main disadvantages 

of this spectroscopic technique is the interfering broad absorption from aqueous solvent at 1640 cm-1, 

overlapping with the Amide I band [79]. Moreover, MIR is challenging to apply on-line in an industrial setting 

since a very short path length is necessary (which challenges the system cleaning and stability) and it is not 

possible to transport the MIR light to long distances using optical fibers [90]. Nevertheless, some in-line/on-line 

process FTIR spectrometers are available today and make in-line analysis using MIR a possibility [91] [92].  
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2.2. Near-Infrared Spectroscopy 
 

NIR spectroscopy (NIRS) in the region from 12500 to 4000 cm−1 shows bands arising from overtones and 

combination bands of the normal vibrational modes. Absorptions in the NIR region primarily concern 

anharmonic bond vibrations such as C-H, N-H and O-H stretchings common in biological molecules including 

proteins[93]. Unlike Mid-IR, the absorption bands in the NIR region show broad peaks and overlapping of the 

overtone and combination bands that result in lower specificity of NIR spectroscopy. This makes NIR 

spectroscopy unsuitable for molecular to structural elucidation and compound identification. In contrast NIRS 

has higher energy photons which in combination with lower absorption coefficients of the overtones makes 

them able to penetrate much more in depth of the samples, which is a great advantage for quantitative analysis 

of bulk components in biological materials such as foods and pharmaceuticals. NIRS is the de facto standard for 

measuring total protein in cereals and NIRS is routinely used for total protein quantification in milk, whey and 

several dairy products [94]. Quantification of total whey proteins in whey has been also reported [95].  

Nevertheless, NIRS has been rarely used for characterisation and quantification of secondary protein structures. 

Izutsu et al. [96] suggested that NIR spectra of proteins in aqueous solutions show some bands indicative for α-

helix (4090, 4365–4370, 4615, and 5755 cm-1) and others for β-sheet (4060, 4405, 4525–4540, 4865, and 5915–

5925 cm-1) structures. Others have shown how protein secondary structures information and their modifications 

can be found with NIRS [97], [98]. Paper I [86] has confirmed these findings as distinctive spectral characteristics 

have been observed for α-La and β-Lg. The NIR region from 4250 to 4800 cm-1 was found to be particularly 

promising for protein structure information (Figure 9). 

 

 
Figure 9- Spectra of pure α-La and β-Lg (10 w/w % in water). Raw spectra absorbance (A) and second 

derivative spectra (B). 
 

In Paper I [86], 2D correlation spectroscopy analysis [99], [100] between MIR and NIR spectra was used to 

illustrate how fundamental vibrations in the MIR region co-vary with the overtones and combinations bands in 

the NIR region (Figure 10). By calculating the correlation between all combination of variables from the MIR and 

NIR datasets, respectively, correlations are found between the MIR Amide II region and the NIR region between 

4000 and 5000 cm-1. In contrast no correlations are found to the Amide I band due to the strong overlap with 

the water band and the low anharmonicity of the carbonyl stretching vibration. These results demonstrate that 

it is possible to find valuable protein secondary structure information in the NIR spectra. 
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Figure 10-2D correlation spectroscopy analysis of NIR and MIR spectral data. Figure from Paper I [86]. 

 
While NIR spectra might be more difficult to interpret, it offers undeniable advantages compared to MIR when 

it comes to implementing optical instrumentation in an industrial environment. Primarily, the NIR region offers 

a highly transmitting window to radiation [101], which increases its sensitivity to photo conductive detectors 

and achieves deeper sample penetration. As a result, the path length is adjustable and a wide variety of samples, 

solid or liquid, can be analysed with NIR non-invasively. The possibility to transport NIR light with optic fibers 

results in the commercialisation of standard probes that ca be interfaced to the process and controlled remotely. 

Finally, optical materials used in the NIR region are cheaper than those in the IR region [93]. Figure 11 shows the 

probe used in this project (see Chapter 4), as well as three common spectral acquisition modes. 
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Figure 11- Transflectance probe used in this project and a graphical representation of the three common 

spectral acquisition modes. 
 

The combination of weaker absorption bands and the sensitivity to particle scatter normally results in NIRS 

being less sensitive than MIR spectroscopy. When it comes to protein quantification, several studies [102]–

[104], including Paper I [86], have reported quantification limits from 0.1-0.5 % (w/w). 

 

2.3. Ultraviolet and visual spectroscopy 
 

Ultraviolet and visual (UV-Vis) spectroscopy measures the amount of light absorbed by or transmitted through 

a sample in the UV (100–400 nm) and visible (400–800 nm) light spectral range [105]. Functional groups in 

organic molecules that absorb in the UV-Vis region are called chromophores. Certain amino acids and thus 

proteins are chromophores. The UV-Vis absorption of proteins generally lies in the range between 240 and 340 

nm [78]. 

Proteins usually show absorption maxima between 275 and 280 nm (Figure 12), mainly due to the content of 

aromatic amino acids (phenylalanine, tyrosine, tryptophan and to some extent cystine). The absorbance of 

tryptophan and tyrosine depend not exclusively on their absolute concentration in the sample, but also on the 

chemical environment of their chromophores [105].  

UV-Vis is one of the most sensitive spectroscopic techniques for protein detection and proteins have been 

quantified down to 0.1 mg·mL−1 [106]. UV-Vis absorption at 280 nm is e.g. widely used as a primary detection 

method of total protein concentrations in several protein purification processes in the pharmaceutical industry 

[107]. Most current applications of UV-Vis spectroscopy uses univariate measurements for quantification, but 

the characteristic amino acid profile of proteins as well as their environments offer great opportunities for 

multivariate data analysis and selective quantification. Several studies have shown that chemometrics allows 

deconvolution of co-eluting proteins and impurities in the UV-Vis spectra. As an example, Brestrich et al. 

developed a tool performing selective in-line quantification of co-eluting proteins from mid-UV (300 to 200 nm) 
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and Partial Least Squares Regression (PLS), aiming at monitoring protein purity in chromatographic separation 

[108]. The amino acid profile of three whey proteins is shown in Table 1. 

Lüthi-Peng and Puhan have quantified total caseins from UV-Vis derivative spectra [111] and Metsämuuronen 

et al has used UV-Vis for quantification of total proteins in ultrafiltration permeates [110]. Furthermore, whey 

protein to total protein ratio in milk has been also quantified with UV-Vis [112]. The different amino acid profiles 

of the whey proteins of interest in this work (Table 4), as well as the distinctive spectral features and absorption 

coefficients of amino acids absorbing in the UV region (Figure 12) has resulted in the development of a 

quantitative and selective tool for monitoring of α-La and β-Lg concentrations in membrane filtration permeates 

(Paper II [47]). 

 

 
Figure 12- UV-Vis spectra of Tryptophan (Trp)  (0.2 g/L) and Tyrosine (Tyr)  (0.7 g/L). Powders 

dissolved in Milli-Q water. 
 

Spectra of pure protein solutions of the proteins of interest were initially analysed and it was found that the 

aromatic amino acid profiles in each protein, their ratio, as well as the chemical environments of their 

chromophores resulted in slight differences in the UV absorption patterns (Figure 13). As reported by 

Metsämuuronen et al., α-La shows higher absorption coefficients than β-Lg due to the higher concentration of 

tryptophan (Figure 13A,C). Although the UV-Vis spectra of α-La and β-Lg are very similar, some distinctive 

features in the ranges from 274 to 285 nm and from 295 to 310 nm can be observed (Figure 13B,D). 
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Figure 13-Spectra of pure protein solutions: (A) 1 w/w % protein concentration of α-La and β-Lg raw spectra 

and (C) second derivative spectra; (B) 1 w/w % protein concentration of α-La and 2.5 w/w % β-Lg raw 
spectra and (D) second derivative spectra. 

 

Similarly to NIRS, UV-Vis spectroscopy can be easily implemented into a process because fibers allow for UV-Vis 

light to be transported to long distances and the spectrophotometer can thus be placed in a safe place away 

from process hazards. Furthermore, affordable process spectrometers are available on the market that allow 

fast spectral collection. A measurement cell can be implemented in the process line equipped with an adjustable 

path length, making process UV-Vis spectroscopy a versatile monitoring tool [113]. 

 

2.4. Fluorescence spectroscopy 
 

Fluorescence spectroscopy is the most sensitive spectroscopic technique, since it can detect concentrations of 
the molecules of interest as low as 10−12  M [114]. Fluorescence spectroscopy measures the fluorescence 
emission characteristics of fluorophores present in a sample. In fluorescence spectroscopy, a beam of light is 
used to excite the electrons in molecules of certain compounds (called fluorophores) and cause them to emit 
light at a longer wavelength [115]. The aromatic amino acids found in proteins are fluorophores. Phenylalanine, 
tyrosine and tryptophan are intrinsically fluorescent (so-called auto-fluorescence).  The fluorescence emission 
of the aromatic amino acids is influenced by their distinct local environment in the solution and within the 
proteins. When the amino acid is buried within the core of the protein, it shows a higher fluorescence intensity 
than when it is exposed to a hydrophilic environment (i.e. in solvent) [116]. These characteristics make 
fluorescence spectroscopy a suitable tool for monitoring of changes in protein structure [117]. 
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Figure 14- Emission spectra for β-Lg (3 g/L) and a-La  (7 g/L) at with an excitation wavelength of 295 nm. from 

Elshereef et al. [67]. 

 
Several studies have been conducted using fluorescence spectroscopy for protein analysis. The distinctive amino 
acid profile and fluorophore environments of proteins have allowed for identification of a fluorescent 
fingerprint, in the form of an excitation-emission matrix (EEM), and for selective protein quantification [67] 
[118]. The high sensitivity of fluorescence spectroscopy has allowed for detection and quantification of 
impurities during protein purification processes [119] as well as for monitoring of protein refolding[120]. 
Successful quantification of the proteins of interest in this area has been done by Elshereef at al. [67], who used 
fluorescence spectroscopy and chemometrics to monitor α-La and β-Lg concentrations in ultrafiltration 
permeates and retentates in a laboratory set-up. There is a significant spectral overlap present among emission 
spectra of different whey proteins (Figure 14), but the concentration of individual proteins was obtained thanks 
to PLS regression.  
 
Fluorescence spectroscopy is potentially a powerful PAT tool for monitoring of low concentrations of 
fluorophores, making it suitable for detecting impurities in protein purification processes or for monitoring 
protein folding/refolding. Fluorescence spectroscopy can offer a short spectral collection time and the possibility 
of installing probes and optical fibers in an industrial set-up. Although process fluorescence spectrometers are 
not as common as NIR or UV-Vis spectrometers, some options are commercially available [121]. However, 
fluorescence spectroscopy also poses substantial challenges for use as a PAT tool in the food industry. 
Fluorescence is sensitive not only to changes in protein structures but to a plethora of physical and chemical 
factors in complex matrices such as absorption, reflection, Rayleigh scattering, Raman scattering, Inner filter and 
quenching effects [118]. Developing a method (spectroscopy + chemometrics techniques) that can provide a 
specific, accurate and precise quantification of the target protein in spite of the variability characteristic of raw 
materials in the food industry is extremely challenging [122]. Secondly, the quantum yield of fluorophores (i.e. 
fluorescence absorbance) is reduced when two or more fluorophores are in proximity to one another [123]. 
Consequently, high concentration of proteins in samples might result in low absorbance and the need of sample 
dilution. Finally, working with fluorescence spectroscopy means working with multi-dimensional data and 
complex chemometrics techniques such as PARFAC [124], an additional challenge for implementation in the 
industry. 
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2.5. Raman Spectroscopy 
 
Similarly to MIR spectroscopy, Raman spectroscopy measures the oscillatory motions (vibrations) of atoms in 
molecules and can be used for the analysis of peptide structure. The Raman effect is an inelastic light-scattering 
phenomenon, where a monochromatic light is used to excite the molecular vibrations and the inelastically back-
scattered light will have a change of wavelength corresponding to the monochromatic light minus excited 
vibrational mode. This is called the Raman effect (or Stokes shift) and it is a very weak effect as only a tiny 
fraction of the monochromatic light is inelastically scattered.  Since Raman scattering depend on a different 
effect from IR is has different selections rules and, as a rule of thumb, Raman spectroscopy is more sensitive to 
backbone vibrations while IR is more sensitive to side-group vibrations.  
 
Protein secondary structures have been extensively analysed with Raman spectroscopy and characteristics 
bands for α-helix and β-sheet structures were found at 1662–1655 and 1272–1264 cm-1 (α), 1674–1672 and 
1242–1227 cm-1 (β), respectively, for Amide I and Amide III bands [125]. Secondary protein structures have been 
quantified with Raman spectroscopy and good correlations were found with value found with X-ray 
crystallography data [126]. Furthermore, the bending vibration mode of H-O-H (water) that obscures the Amide 
I band in IR spectroscopy has low intensity in the Raman spectra, which makes the technique more suitable for 
analysis of aqueous samples[125]. Although Raman spectroscopy has been used to study milk protein structure 
extensively [127], [128] to my knowledge, Raman spectroscopy has not been used to quantify of α-La and β-lg 
independently in whey streams. 
 

 
Figure 15- Raman spectra for the target proteins in water (10 w/w %) and for a representative sample. 

 
Figure 15 shows Raman spectra of pure α-La and β-Lg in water (10 %(w/w)), as well as a representative process 
sample. Spectra were collected with a FT-Raman spectrometer (Bruker Optics, Germany). Pure proteins 
solutions were prepared as described in Paper I [86] and measured at room temperature in an NMR glass tube. 
During spectral acquisition, samples were illuminated by a Nd:Y3Al5O12 laser (1064nm) with the power of 700 
mW at the sample, and 180 degree backscattered radiation was collected. The spectra were averaged over 512 
scans and collected in the 50–3600 cm−1 range using a resolution of 8 cm−1. Distinctive protein structure features 
are visible in the 1200-1700 cm-1 spectral region, which suggest that α-La and β-Lg could be quantified with FT-
Raman spectroscopy. Albeit the laser wavelength of 1064nm is ideal for avoiding fluorescence nuisance in 
Raman spectra it is not ideal for aqueous solutions since much of the laser energy is going into the water as it is 
being absorbed by the nearby second overtone of O-H stretching centred at 970 nm.  
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Raman spectroscopy has become a popular PAT tool in the pharmaceutical and biotechnology industry for 
monitoring cells cultures [129], [130]. In-line Raman spectroscopy equipment has therefore become readily 
available in the market. Process probes and optical fibers can be interfaced and connected to a spectrometer in 
a safe way. A combination of Raman-spectroscopy and chemometrics techniques has already been 
demonstrated for real-time monitoring of membrane fouling [45]. 

 

2.6. The influence of protein denaturation 
 
Heat treatments often used in the food industry are necessary for microbiological safety reasons, but can cause 
a thermal denaturation of proteins that negatively affects protein structures and cause inter-molecular bonds 
rearrangement (aggregation) [131]. All of the spectroscopic techniques explained above are sensitive to protein 
structure modification and will therefore be affected by protein denaturation. Whey proteins have a compact 
globular structure in their native state but, in certain environmental conditions (including high temperatures 
and specific pH values), unfolding of protein structure can happen, resulting in altered protein secondary 
structure, rearrangement of tertiary and quaternary structure as well as aggregation with other proteins [132]. 
 
O'Loughlin et al. demonstrated that heating α-La and β-Lg solutions resulted in changes in the MIR spectra: 
bands associated with α-helices and random coils increased while bands associated to β-sheets decreased [131]. 
We confirmed these results by denaturing 5 (w/w %) solutions of α-La and β-Lg, respectively, for ten minutes 
and used the denatured protein solution to spike pure, native protein solutions in different proportions. Figure 
16 shows the second derivative of the MIR spectra obtained for the samples. Some small, but visible, changes 
are present in the Amide I and II bands for samples containing denatured proteins. 
 

 
Figure 16-  MIR spectra of denatured protein solutions 5 (w/w %) total protein and variable content of 

denatured proteins (A) Amide I and Amide II (B). 
 
UV-Vis spectroscopy is also sensitive to changes in protein structures and has even been used for quantifying 
denaturation in whey protein concentrates [133]. The same sample set was diluted (1:5) with Milli-Q water and 
analysed with UV-Vis spectroscopy (method from Paper II [47]) and the resulting spectra shown in Figure 17. 
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Figure 17- UV-vis spectra of denatured protein solutions. 

 
UV-Vis spectra of α-La are especially sensitive to denaturation, showing increasing absorbance throughout the 

spectra, while β-Lg spectra show little change. -La contains more tryptophan than β-Lg (Table 1), the loss of 
secondary structure caused by denaturation results in more tryptophan residues to be available and therefore 
increased absorbance. Beta-lactoglobulin contains less tryptophan and is also known to be more prone to 
aggregation [133], resulting in more structured proteins than denatured α-La. 
 
Protein denaturation and aggregation would also have some effect on the other spectroscopic techniques 
previously presented. Protein denaturation is ideally kept to a minimum in the fractionation processes of interest 
for this study because excessive protein denaturation deteriorates the nutritional value of infant formula [14] 
and protein denaturation is also an important source of fouling in membrane filtration processes [63]. 
Nevertheless, it is to be kept in mind that the spectral modifications due to denaturation/protein modifications 
can deteriorate the performance of the Partial Least Squares (PLS) prediction models that will be presented in 
Chapter 3.  
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3. Chapter 3: Selective protein quantification in a complex matrix 
 
The spectroscopic methods described in the previous chapter have been applied as PAT tools mainly in the 
pharmaceutical industry. Application in the food and, more specifically, in whey processing industry is extremely 
challenging because whey is a complex multi-factorial system, composed by a mixture of molecules including 
proteins, peptides, fat and carbohydrates. In addition, the design of a membrane filtration process results in 
streams with dramatically different protein concentrations: the retentate stream will be much more 
concentrated in protein than the permeate stream (see Table 5). In this process, the feed stream for a given 
filtration unit is the retentate from another unit (either from the same line or another line). From a chemical 
point of view, feed and retentate streams were considered one unique stream characterised by high protein 
concentrations. 
 

 
Protein %(w/w) Lactose %(w/w) Total Solids %(w/w) 

Min Max Min Max Min Max 

Retentate 3.80 15.00 0.74 4.63 5.00 18.61 

Permeate 0.09 0.37 0.68 0.86 0.81 6.12 

Table 5- Composition of the whey streams of interest, data obtained from Arla Food Ingredients (AFI). 
 
Using a single spectroscopic technique for quantifying the target proteins in all streams is not a possibility, unless 
we consider diluting or up-concentrating samples, which is not in agreement with the scope of PAT. In terms of 
sensitivity, MIR, Raman or NIR spectroscopy would be appropriate for analysing retentates and Fluorescence 
and UV-vis spectroscopy for permeates.  
 
For practical implementation considerations it was decided to use NIR spectroscopy for selective protein 
quantification in the retentate streams and UV-vis spectroscopy for the permeates. NIRS was chosen because of 
the promising results from Paper I [86], fast measurement time and because of the adaptability of an NIRS set-
up for in-line analysis. UV-Vis spectroscopy was chosen because it is easier to adapt to in-line/on-line setups 
compared to fluorescence spectroscopy and because fluorescence is sensitive to non-protein dependent 
variability in the permeate matrix [122]. 
 

 

3.1. Cage of covariance: the problem of highly intercorrelated response 
variables 
 
A supplementary challenge for selective protein quantification in whey streams is the high degree of covariance 
among the molecules in the whey matrix. The design of a multimodal membrane filtration process (see Figure 
3C) has the following consequences:  
 

(a) The concentrations of the different components in the retentate (and in the permeate) from a single 
unit are highly correlated, since some components are retained by the membrane and are 
concentrated, while others pass into the permeate.  

 
(b) The high level of standardisation of the process results in very low variability of protein concentrations 

in samples from the same unit, while inter-unit variability is higher.  
 
Consequently, in the pursue of developing “global” (i.e. including samples from different streams and production 
steps) prediction models for the target proteins in retentates and permeates, we encountered a high degree of 
sample clustering, since samples coming from the same stream and/or production unit have a very similar 
chemical profile. Additionally, we observed a “cage of covariance” [134] situation where the concentration of 
the protein of interest is strongly correlated to the concentration of other compounds in the matrix.  
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A calibration model subject to the cage of covariance was described by Eskildsen et al. [135] as a model based 
on indirect relationships among matrix components and therefore sensitive to external changes in the matrix 
composition. In our case, inter-correlations between β-Lg and total protein might lead to excellent predictions, 
but the models would become less accurate if the relationship between the response variables changes in new 
samples, compromising calibration robustness and validity. Strategies to avoid (or break) the cage of covariance 
have been explored in literature. Skou et al. tried to increase model selectivity against interferents by 
incorporating a projection matrix into the NIPALS algorithm for PLS regression, which constrains regression 
vector estimation to the null-space of known interfering signals [136]. Figure 18 shows spectra of pure solutions 
of some of the interferents found in whey streams, namely lactose, casein glycomacropeptide (cGMP), and 
Proteose Peptome (PP). All of these interferents show some overlap with the target proteins in the NIR region, 
causing a potential risk of nuisance. In the UV region, cGMP and lactose (not shown) do not have a signal at 280 
nm [137], enhancing the method selectivity towards α-La and β-Lg. However, the target proteins themselves 
show extremely similar spectral absorbances (Figure 13). 
 

 
Figure 18- Spectra of pure interferents solutions (A) UV-Vis spectroscopy (B) NIRS. 

 
We have decided to test the selectivity of the selected spectroscopic techniques and PLS models for α-La and β-
Lg with two strategies (Figure 19). First, we tested a Design of Experiments (DoE) strategy where calibrations 
where performed with an artificial five-component mixture from pure proteins and other relevant compounds 
present in whey streams, a system designed for minimal concentration covariance. In the second strategy, a 
classic spiking approach was applied by adding α-La and/or β-Lg (pure) protein powders to break the covariance 
between the two components of interest. Subsequently, both calibrations were used to predict the same 
validation set made up of process and spiked process samples. This procedure was applied to retentates using 
NIRS data (see spectral acquisition and variable selection information from the at-line part of Paper IV) and 
permeates using UV-Vis spectra (Paper II [47]). 
 
 

 
Figure 19- Two different calibration strategies applied to avoid the cage of covariance.  
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3.2. Multivariate calibrations using near-infrared spectroscopy 
  

3.2.1. Samples and experimental design  
 

A thirty protein mixtures Definitive Screening Design was selected using the JMP Pro software (SAS Institute Inc., 

Cary, United States). The chosen variation factors and levels are explained in Paper II [47] (the same design used 

for UV-Vis spectroscopy was repeated for NIRS). Correlations between factors of the experimental design were 

kept minimal (below 0.1), in order to avoid as much covariance between different components as possible. 

Additionally, twenty-three retentate samples were collected randomly from different production lines and at 

different steps of protein fractionation processes at Arla Food Ingredients (AFI). Twenty spiked samples were 

made by random addition of α-La and/or β-Lg (pure) protein powders to these retentates. This procedure 

provided in total (30+23+20 = 73) samples for the construction of calibration models.   

  

3.2.2. Calibrations 
 

A total of four PLS regression models were build, one for each of the two proteins and one for each of the two 

calibration strategies.  

The optimum number of components was found based on first lowest RMSECV value: six for the α-Lag models 

and four for β-Lg models. In Figure 20 we can observe that, while the process based calibration performs well in 

predicting protein concentrations in the validation set, the calibration using the five factor experimental design 

is unsuccessful in predicting the process samples. An explanation of this difference may be that there is some 

substantial chemical difference between the five factor samples and the process samples, which is illustrated in 

Figure 21. As shown in Figure 21B the process samples are characterized by a peak around 4330 cm-1 which can 

be attributed to the presence of fat [138]. As the five-factor sample group does not contain a fat component, 

this causes a change in the spectral profile of the two calibration sets. By omitting the fat associated bands and 

redo the PLS calibration, the influence is clearly removed (Figure 22). The results for the developed models are 

shown in Table 6. 

 

 
Figure 20- Measured vs predicted for PLS calibration models using on the NIRS region 4250–4800 cm−1 and 

the five factors experimental design calibration. (A) and (B) are calibration models for α-La and β-Lg, 
respectively. 
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Figure 21- Mean spectra for the five factors’ experiment samples and process samples (excluded peak in red 

is due to fat absorbance, see text). (A) Absorbance and (B) second derivative spectra. 
 

 
 

Figure 22- Measured vs predicted for PLS calibration models using on the NIRS region 4250–4300 cm−1 and 
4365–4800 cm−1. (A) and (B) are calibration models using the five factor experimental design calibration for 

α-La and β-Lg. (C) and (D) show the PLS models results for process based calibration. 
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3.3. Multivariate calibrations using ultraviolet and visual spectroscopy 
 

Calibrations for UV data are reported in Paper II [47] and results for both NIR and UV are summarized in Table 

6.  

 
Table 6- Results for the different calibration strategies. 

By employing two different calibration strategies, it has been demonstrated that α-La and β-Lg can be quantified 

absolutely and independently despite the high degree of covariance between the components present in a whey 

matrix. In general, the calibration based on spiked process samples proved to be more suitable for predicting 

process samples’ protein concentrations than the artificial solutions made from pure proteins. This underlines 

the complexity of the whey matrix and how difficult it can be to mimic the matrix with artificial solutions. Spiked 

samples were used for calibrating all models for process monitoring because spiking allowed to break covariance 

between the proteins of interest and the matrix compounds, as well at extending the concentration ranges. 
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4. Chapter 4: Monitoring of a protein fractionation process with 
spectroscopic tools 

 

Concentrations of α-La and β-Lg have been monitored at-line in permeate with UV-vis spectroscopy (Paper II 

[47]) and in retentates with NIRS (Paper IV) both taken from a full scale process at Arla Food Ingredients (AFI). 

The sampling strategy and PLS calibration models are described in these two manuscripts.  

The retentate outlet of a membrane filtration unit in a protein fractionation process at AFI was monitored for 

20 days with an NIRS in-line setup (Figure 23A). Spectra were acquired of a retentate stream with a flux of around 

22 m³·h-1 and at a temperature of 4°C. The process probe used was a stainless steel transflectance probe with a 

path length of 2 mm that was connected to a Fourier transformed near-infrared (FT-NIR) spectrometer through 

10 m of optical fibers. The transition from at-line (cuvette) to in-line (probe) setups resulted in a degradation of 

spectral quality due to the increased pathlength, sample temperature and turbulence. All details on the 

instrumental setup, spectral quality and calibrations are found in Paper IV.  

On-line selective protein quantification in permeates has been conducted in a lab-scale setup, represented in 

Figure 23B. Feed (whey protein concentrate) obtained from the full-scale production, was filtrated through two 

different membranes and permeate flowed through a cuvette where UV spectra were collected every minute 

(Paper II [47]). In-line/on-line monitoring with UV in full-scale was not possible due to process design and 

instrumental limitations. The flow on the full-scale permeate stream was too high for quality spectral acquisition 

and the potential destructive effect of UV light on proteins [139] was also a risk factor that prevented in-line 

testing. A side-loop (on-line analysis of a disposable stream, see Figure 6) would be the preferred option for 

continuous protein analysis on the permeate stream, but it was not possible to test this option in full-scale due 

to time and economic constrains.  

This chapter does not repeat the results of PLS models reported in the papers, but rather seeks to show how 

these PAT tools (spectroscopic techniques + chemometrics) could be used for real-life monitoring of 

fractionation processes. In-line, on-line and at-line will all be considered valuable monitoring options throughout 

this chapter. The impact of the process analysis mode on monitoring will be discussed in Chapter 6.  
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Figure 23- NIRS in-line design in full scale operation at AFI (A) and UV-Vis on-line set-up in the laboratory at 

UCPH (B). 
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4.1. In-depth membrane characterisation for process development 
 

Membranes are characterised with different parameters and in different conditions during process 

development. The key parameters for membrane characterization were explained in Chapter 1 (permeate flux, 

protein transmission, sieving coefficient etc.). Whenever a protein fractionation process is developed, process 

parameters such as pH, TMP and membrane charge are optimized to obtain the desired selectivity (and 

permeate flow) for the target proteins. Cheap and rapid methods to calculate the selectivity parameters are a 

good starting point, but on-line analysis in a lab or pilot set-up can give in depth knowledge about the membrane 

characteristics and behaviour under different conditions. In Paper II [47], UV-Vis spectroscopy has been used to 

characterize two different membranes by operating a membrane filtration experiment with the same operating 

conditions and raw materials (Figure 24). 

 
Figure 24- UVS predicted concentrations on permeate as a function of run time. Lab-scale protein 

fractionation trials 1 and 2 with two different membranes but the same pressure gradient applied  (Paper II 
[47]). 

 

On-line analysis of the target proteins allows for a quick characterization of the membrane behaviour under 

different conditions (in this case TMP), and an insight into the very first part of the filtration where a secondary 

membrane is formed (Chapter 1). The initial rapid decline in permeate flux and protein transmission has not 

been extensively studied in literature due to the difficulties in characterization of permeates over a short period 

of filtration. Real-time protein quantification (for example every minute, as reported in Paper II [47]) can prove 

to be a useful tool for in-depth characterization of membranes, allowing scientists to conduct time-efficient 

experiments to screen fouling behaviour, secondary filtration layer formation and selectivity under different 

conditions.   
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4.2. Calculation of selectivity parameters for full-scale operation 
monitoring 

The values predicted from at-line UV-Vis data (permeates) and NIRS data (retentates), have been used to 

calculate protein transmission and sieving coefficient for seven production units for α-La and β-Lg as shown in 

Chapter 1. The units were randomly selected from different production lines and non-consecutive, therefore the 

absolute values (which have been rescaled due to confidentiality reasons) are not expected to be similar.  

 

Figure 25- α-La protein transmission (A) and sieving coefficient (C) and same for beta β-Lg (B) and (D). Data 
from seven filtration units (non-consecutive and randomly selected). Y axis for protein transmission and 

sieving coefficient have been rescaled for confidentiality reasons. 

 

Results in Figure 25 show how the selectivity parameters calculated from spectroscopic tools compare to 

parameters based on HPLC reference measurements. Although the values are not in perfect agreement, the 

developed spectroscopic tools are still capable of detecting differences among filtration units. The difference 

could be due both to error in the reference analysis (the coefficient of variation for the RP-HPLC method is 

reported to be 1.3% for α-la and 1.2% for β-lg) and to the error associated with the spectroscopic methods.  The 

results obtained show the high potential with which NIRS and UV spectroscopy can be used as effective at-line 

methods to quantify classic selectivity parameters - a cheaper and faster alternative to traditional wet chemistry 

methods.  
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4.3. Implementation of spectroscopic tools for daily process monitoring 

Selectivity parameters are usually used as membrane characterization tools rather than process control 

methodologies. Since spectroscopic tools offer the opportunity to measure quality attributes at a higher 

frequency, novel parameters can therefore be imagined to monitor the selectivity of a filtration process. Paper 

IV shows how the α-La/β-Lg ratio in the retentate stream can be used to monitor selectivity of the process of 

interest. The evolution of protein composition in the retentate stream, in terms of α-La/β-Lg ratio, can be a good 

indicator of how the membrane selectivity change during a production run (the production time in-between two 

cleaning cycles). Monitoring of this ratio can therefore be an indicator of membrane selectivity. The α-La/β-Lg 

ratio inevitably increases through each run because of progressive fouling. However, this increase should be as 

limited as possible, i.e. the ratio should ideally be stable and similar from run to run (the separation performance 

must be restored after each CIP). In order to evaluate the α-La/β-Lg ratio and what it imply for process 

performance, operators and engineers need graphical tools to visualize how the measured value compares to 

past and expected values, and if the predicted parameters truly reflect the behaviour of the process. Moreover, 

if at-line analysis is chosen, the sampling frequency and intervals become of outmost importance for detecting 

possible process deviations. The following paragraphs will illustrate how the developed spectroscopic tools 

potentially can be used in an industrial environment for monitoring membrane selectivity through the 

implementation of sampling intervals, control charts and prediction error estimates. 

 

4.3.1. The control chart: a graphical decision-making tool for operators  
 

Statistical process control (SPC) [140] is a method of quality control used for monitoring a process, a key tool in 

process control, it uses control charts to identify (and ultimately reduce) the variation in manufacturing 

processes. 

Some of the most used control charts are Shewhart’s process control charts [141], the cumulative sum (CUSUM) 

schemes [142] [143], and the exponentially weighted moving average (EWMA) control charts [144]. These classic 

schemes for disturbance detection in manufacturing use fixed, parallel control limits, where parameters such as 

the upper control limit (UCL), center line (CL) and the lower control limit (LCL) are calculated from the mean and 

standard deviation of the variable of interest in the periods where the process is considered in control. The 

simplest method for triggering an alarm is when the trend parameter has exceeded the control limits, 

manifesting that the process is out of control [145]. In Paper IV an EWMA filter was proposed to smooth NIRS 

predictions and allow for a meaningful interpretation (Figure 26). Arbitrary control limits are also shown to 

simulate how the developed spectroscopic methods could be turned into a graphical decision-making tool for 

operators. These control limits cannot be calculated today because they need to take into account 

economic/strategic aims that are not part of this work. 
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Figure 26- 95% Confidence Intervals for EWMA predicted trends for one filtration run for the key indicators: 

α-la (A), β-lg (B) concentrations and α-la/β-lg ratio (C). EWMA weight λ = 0.15, variance estimated from 
successive observations, 95%CI. Red lines are hypothetical upper control (UCL) and lower control limits (LCL); 

calculated as the mean and three times standard deviation over all runs. 
 

However, it has been clear from the results of processing monitoring and from process knowledge (Chapter 1) 

that the process studied is non-stationary: progressive fouling is inevitable and therefore variable protein 

composition is expected during the production run. After the initial start-up, the α-La/β-Lg ratio increases, 

manifesting a decrease in the membranes separation efficiency. The CIP cycle operated between production 

runs is expected to restore the membrane characteristics, but it is not always the case and progressive fouling 

across several days can happen. If parallel control limits (UCL and LCL) are used, these will probably be either 

too broad to be meaningful or too tight for a given duration of the run (leading to false alarms). An illustrative 

example of how a control chart could look for the α-La/β-Lg ratio is shown in Figure 27. If broader control limits 

are chosen (Figure 28A), process deviations in the first hours of the run are unlikely to be detected because the 

α-La/β-Lg ratios are lower relative to the second half of a run. If the goal is to know if the process is in control at 

any given time during a filtration run, control limits must take into account what we know about the process 

kinetics. 

 

 
Figure 27- Hypothetical α-La/β-Lg ratio with parallel control limits. (A) tighter and (B) broader control limits. 

 

Box and Paniagua-Quiñones [146] proposed an adjustment chart to monitor non-stationary process. In the 

adjusted process chart the control limits remain fixed and parallel, but an adjustment procedure is made on the 
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EMWA values only when the value falls outside of the parallel limits. In this case a cumulative adjustment series 

(𝐴𝑡) is added to the EMWA value �̂�𝑡. An illustrative example is shown in Figure 28A.  

Another way of adapting control limits to suit a non-stationary process is to use autoregressive integrated 

moving average models (ARIMA) [145], which models serial dependence in data. It has been widely used to 

model time series, which is also the case of the process studied. In an ARIMA model successive observations are 

not expected to be independent and a statistical model is used to describe correlations in time-series. An alarm 

is given when the trend parameter has deviated the model time series dynamics. An illustrative example of a 

chart using expected dynamics as control limits around the observation at a time t is shown Figure 28B. If non-

stationarity is considered misleading, another/complementary approach would be to use the observations 

residuals from the expected dynamics to detect out of control observations (not shown). 

   

 
Figure 28- Example of an adjusted control chart (A) and a control chart using ARIMA (B). 

 

 

4.3.2. Variable Sampling intervals 
 

In-line analysis of target proteins gives enhanced understanding of process dynamics and allows for real-time 

deviation detection. However, installation and maintenance of an in-line set-up is costly and time consuming. 

An evaluation on in-line versus at-line monitoring for this process will be done in Chapter 6, but obviously at-

line analytical tools are of importance in process control. For at-line PAT to take place samples need to be 

withdrawn from the process at chosen time intervals. In Paper IV fixed sampling intervals (FSI) were used, 

collecting samples after 10h and 20h from the start of the run to analyse off-line and at-line. These sampling 

intervals makes good sense with the analytical tools available today. The results from the reference lab taking 

days to weeks to become available, real-time actions cannot be implemented to correct the process and a fixed 

sampling interval is appropriate for feedback process control. However, with the development of rapid 

spectroscopic methods to measure the proteins of interest, the sampling strategy can be adapted to give useful 

information on the state of the process and allow for real-time decision making. A variable sampling interval 

(VSI) has proven to increase detection of small to moderate process variation. Reynolds et al. have proposed a 

varying sampling interval that changes as a function of what is observed in the data record [147].  

Studies have shown that two sampling intervals, a shorter one ℎ𝑆 and a longer one ℎ𝐿, are enough to build an 

efficient and adaptive control chart [148]. In brief, if the NIRS prediction of the parameter of interest is above a 

defined warning limit (WL), the ℎ𝑆 should be used, and if the prediction is below the warning limit the longer 

interval should be used (ℎ𝐿). The simplest design of a VSI chart therefore uses as parameters the control limits, 

warning limits, the fixed time when the first sample should be collected (ℎ0) and the two intervals lengths. The 

aim is to sample the process more frequently when it is at risk of being out of control. In practice, when building 
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a VSI, the parameter to optimized is the adjusted average time to signal (AATS), defined as the expected time 

between the occurrence of a process deviation and the deviation being detected by the chart. An optimal control 

chart using VSI should also take into account the frequency of false alarms and the sampling frequency as 

constraints. The frequency of false alarms should be kept minimal and the sampling frequency should be kept 

constant over a period of time [149]. 

 
Figure 29- Illustration of variable sampling intervals. A control chart using ARIMA (upper and lower control 

limits in red), warning limit in brown and the blue points show the variable sampling intervals used for 
guiding measurements. 

 
An illustrative example for the process of interest is given in Figure 29, where the first sample is collected after 

8h from the start of the run, then depending on the results the next sample can be collected after 4 or 8 hours.  

Application of adjusted control charts with variable sampling intervals offers several benefits unavailable with 

FSI:  

(a) Faster detection of out-of-control membrane selectivity means reparative actions can be taken. 

(b) Protein concentrations are monitored more frequently during runs that are showing process deviations 

compared to runs where the process is functioning optimally. This allows for a build-up of data and 

information that helps to better understand the process and why it deviates. 

(c) Keeping a constant sampling frequency allows for cost efficient optimisation while investigating the 

causes of deviations.  
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4.3.3. Prediction error estimation 
 

Partial Least Squares (PLS) regression models are very popular for predicting quality attributes from 

spectroscopic data. However, predictions by definition carry sample-specific errors, and these errors need to be 

known and taken into account whenever a PLS model is deployed for process monitoring.  

Tempering has been described by Deming [150] as the act of making a change in the process as a reaction to 

unknown causes of the variation in that process. This can be detrimental to process optimisation and 

improvement. The Funnel Experiment [151] illustrates through a physical experiment consisting of a marble ball 

that needs to be dropped through a funnel to reach a target, that making “adjustments” to the funnel position 

without a careful understanding of the deviation encountered only causes more difficulties in reaching the 

target. Some of the key learning from the Funnel experiment are the use of control charts to monitor variation 

and adjusting a process only when a result is outside the range of its specification, incorporating the 

measurement uncertainty in the decision.  

In our case, taking a corrective action based on PLS predictions not knowing the prediction error would be 

defined as tampering. Paper III explains how the prediction error estimation is essential for correct 

interpretation of industrial processes. A data-centred decision, on which prediction error to use to interpret the 

result, needs to be taken prior to deploying PLS models for industrial applications. Although simple leave-one-

sample-out-cross-validation showed to work very well, the data we are encountered in this PAT application 

suffers from a high degree of clustering (see Chapter 3). Bias-corrected k-fold cross-validation and bootstrapping 

methods performed favourably for this type of data in Paper III. Unfortunately, the data collected in this project 

was very uneven in terms of cluster size (i.e. there is a lot more data from the target step of the process than 

from the other process steps/units), which is not an ideal situation for applying k-fold cross-

validation/bootstrapping. Leave-one-out-cross-validation was therefore maintained as a prediction estimate 

throughout this work. 

Another, complementary, way of reporting prediction estimates is to report an interval instead of a single value 

as a prediction estimate. This approach was followed in Paper II [47] on the UV data and it is shown in Figure 30. 

 

 
Figure 30- Prediction error distributions from paper II [137]: (A) α-la and (B) β-lg; the process samples data 
was resampled into calibration (n-times N = 37) and validation (n-times N = 20) sets by random draws (n = 
500). Red and green point show the prediction and cross validation errors originally found with the original 

(fixed) data split.  
 

Reporting an interval as prediction error is very appropriate for our case study: samples coming from different 

units/process steps have different chemical profiles and are not expected to be predicted equally well. Reporting 

an interval instead of a single value better describes the reality of some clusters being better predicted than 

others. However, using an interval instead of a single value can be challenging for interpretation of control 
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charts. A solution to this problem could be the use of prediction error intervals to describe the prediction 

capabilities of a “global” prediction model (containing data from different process steps/units) and then the use 

of a unit-specific prediction estimate for monitoring of a specific production step.  
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5. Chapter 5: Future perspectives for the development of process 
analytical technology tools 

 

5.1. Integrating near-infrared data and process parameters  
 

Engineering process parameters are routinely used to guide operators for obtaining the desired outcome from 

the system. Most parameters such as temperatures and pressures from individual units are kept constant in 

membrane filtration processes. Others, such as the permeate flux and the index of refraction (°Brix) in the 

retentate are used as process indicators. In semi-continuous membrane filtration processes like the one studied, 

it is customary to use total solids in the retentate (approximated from the index of refraction) as an indicator of 

the steadiness of the process. When a maximal total solid level is reached, the start-up phase is considered 

finished and a steady state will continue (is expected) until the next CIP. Permeate flux is also closely monitored 

and expected to decrease during a run. The start of a CIP is determined either by a scheduled timing or by an 

excessive decrease of flux that affects the economic productivity of the process [152].  

In this study it has been observed that even if these two key indicators show a stable process, underlying 

variation is present and undetectable with the current measuring systems (Figure 31). 

 

 

Figure 31- Alpha-La/Beta-Lg from NIR predictions (A) permeate flux evolution (B) and °Brix on the retentate 

outlet (C) over three runs. Y axis for °Brix and permeate flux have been rescaled for confidentiality purposes. 
The data has been synchronized to have one measurements every 5 minutes. 
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Figure 31C shows the measured °Brix for the same three days. As expected protein concentration trends (Figure 

31A) are not captured by the brix measurement. A total protein measurement (for instance by NIRS) would not 

be sufficiently explanatory either, because the process behaviour that causes α-La to increase in the retentate 

is partially compensated by a decrease in β-Lg, resulting in a relatively stable total protein concentration in spite 

of the process degradation. An overview of results obtained in this study for the process samples also confirms 

this behaviour. Figure 32 (from Paper IV) shows the protein profile found in retentates over eight different days 

with at-line NIRS and HPLC. The samples are mainly located in quadrant one or three, possibly because the 

stream is standardised in total solids/protein which result in two different protein profiles being found: high β-

Lg and low α-La and the opposite. The total protein/solids measured with the current detection remains stable 

in both cases despite a change in protein composition. The effect of such change on process performance 

remains unknown. 

 

 

Figure 32 - Protein profiles over different days at ~10h of filtration run. Crosses (+): predicted NIRS value and 

the related prediction estimate. Points (o): reference HPLC value. Colours: different days. Black, dashed lines: 

mean concentration for samples measured at 10 hours after the start of a run. 

 

Some unexplained variability was also observed when evaluating permeate fluxes. The expected process 

behaviour is that slow progressive fouling takes place from the start to the end of one run. This causes the 

permeate flux to decline and α-La to be increasingly retained by the membrane, causing an increase in the α-

La/β-Lg ratio on the retentate side (see Chapter 4). This behaviour was observed in all runs monitored. However, 

the runs where the highest α-La/β-Lg ratio was observed did not necessarily show a dramatically different 

permeate flux decline with respect to the other days. Figure 31 shows α-La/β-Lg for three days (A) as well as 

their relative permeate flux measured by flowmeters in the line (B). Days II and III show very little variation in 

their permeate fluxes but a very different protein composition. The findings of this study seem to suggest that 

the current monitoring of engineering parameters are not adapted for detecting some process deviations that 

remain unexplained and not necessarily related to fouling.  

1 2 

3 4 
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Process parameters measured today using an in-line approach are useful for controlling performance of 

individual units and helps to maintain a standardised, profitable process. Nevertheless, these measurements 

lack an important indicator for the process economic feasibility/profitability namely the selectivity. Monitoring 

of spectroscopic data along with conventional parameters will promote an understanding of the unexplained 

variability seen today and allow for enhanced control of the productivity/selectivity equilibrium. The PAT 

spectroscopic tools developed in this project (both at-line and in-line) can therefore fill the gap in monitoring 

needed to fully control the process. 

 

5.2. Understanding the relationship between process parameters and 
protein composition 

 

A major motivation for development and implementation of PAT tools for process monitoring is the opportunity 

to understand the effect of variation in process parameters on the productivity/membrane selectivity. A large 

amount of diverse measurements is collected daily from the manufacturing process: pressures, flows, 

temperatures, etc. However these data are normally used only for controlling that individual units are working 

within fixed limits. Investigation of historical process data in the scope of process optimisation, also called data 

mining, is becoming an increasingly popular area of research [153]. This data analysis approach is an obvious 

next step in process monitoring of the protein fractionation process of interest, scrutinizing standard process 

measurements for possible causes of encountered variability in terms of productivity/selectivity. However, this 

approach necessitates an historical dataset covering a long period of time (possibly including different seasons 

and years) with the corresponding protein composition measurements, and this is not available today. 

Such a dataset should be made of different, sequential runs of filtration disrupted by CIP cycles. Each run will be 

of variable time length and include standard measurements for relevant units and protein composition 

measurements (either at-line or in-line). A standard PCA will not be appropriate to analyse the variance in the 

dataset because it will not take into account the sequential nature and organisation of the data into blocks [154]. 

Multiway data analytical methods can take into account the data organization in blocks and give the possibility 

of revealing patterns in the complex datasets that are hidden to standard chemometrics methods [155]. The 

following multiway methods could be used for data mining of the protein fractionation process studied: 

(a) Multilevel Simultaneous component analysis with invariant patters (MSCA-P) [156] could be used for 

an initial exploratory approach. Klimkiewicz et al. used this approach to model runs from a membrane 

filtration process including the variation between individuals (runs) and within the individuals (process 

measurements) [152]. This approach avoids data synchronisation which cannot be done for semi-

continuous filtration processes (runs have different time lengths and cannot be made into standard size 

data blocks) and allows to detect process parameters related to flux decline though analysis of latent 

variables scores and loadings. 

 

(b) Once outlier process runs have been detected and the most relevant variables identified, a more 

targeted approach can be used to find the most relevant information for explaining protein 

composition. Multilevel PLS methods (MLPLS) [157] can predict the dependent variable (Y), in our case 

the concentration of a specific protein, from variables in a matrix (X), process measurements across 

different units/runs. By guiding the projection in the direction of interest (Y), MLPLS is a valuable tool 

to identify optimisation opportunities. 

 

(c) Monitoring of a membrane fractionation process over time will generate serially correlated data. Each 

protein composition point within a run will be correlated to the previous point (progressive fouling) and 

each entire run will be correlated with the previous and following runs (modification of the membrane 

performance over time). Data analysis techniques that take into account the sequential and correlated 
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nature of the data, such as Dynamic PCA [158], have been developed and successfully used in statistical 

process monitoring of dynamic systems [159]. 

While intra-run variance analysis is particularly useful to detect critical process parameters, inter-run variance 

analysis can help to increase knowledge of the state of the system over time. 

Inter-run analysis is a data-driven approach to validate the lifetime of a membrane which in the dairy industry 

can last up to 2–3 years [43]. Membrane performance is expected to change over time and if the protein 

composition is closely monitored over the lifeline of the membrane, the decrease in performance can be 

quantified. 
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6. Chapter 6: Limitations and conclusions 
 

6.1. Limitations 
 

This PhD study attempted for the first time to use spectroscopic techniques for monitoring selective proteins 

concentrations in a protein fractionation process. Although several spectroscopic methods were initially tested, 

due to time and economic constraints, only two were selected for full scale process monitoring. Consequently, 

it is not possible to conclude on which of the spectroscopic techniques is truly the most performant to monitor 

the target streams. On the retentate side, MIR was excluded due to the difficulty of integrating it in an in-line 

set-up and Raman spectroscopy (laser wavelength 1064 nm) for the relative insensitivity and thus long 

measurement time. However, in an at-line set-up both techniques might potentially perform better than NIRS.  

Secondly the NIRS in-line set-up was not ideal, the increased path length due to the transflectance probe 

significantly degraded the spectral quality. Transmittance probes with 1 mm path length are available on the 

market and shorten the path-length would greatly improve the spectral quality of in-line measurements. On the 

other hand, the lack of testing of the UV-Vis spectroscopy method in a full-scale on-line set-up is also a limitation 

of this work. 

From a process monitoring point of view, the main flaw of this project was the very limited data available from 

simultaneous monitoring of feed, permeate and retentate streams. However the main aim of this thesis project 

was to answer the question: can we use spectroscopic tools to selectively quantify proteins in whey streams? 

Consequently the first two years of this PhD project were focused on testing spectroscopic techniques and 

calibration strategies. Only during the last year of the project, when the chosen PAT tools were brought to the 

full-scale process, the second aim of the project namely the answer to the question: how can we and should we 

use PAT tools to monitor a membrane filtration process? was pursued.  

Therefore, the at-line and in-line calibrations and testing on full-scale streams was aimed principally at 

estimating the performance of the spectroscopic methods against reference measurements rather than 

development of a process monitoring and control strategy. Only once the results turned out to be relatively 

successful, the project could start taking the process control path. The lack of simultaneous data from the 

different streams is a lost opportunity for better process understanding and identification of the optimal 

monitoring strategy. Finally it should be noted that, like any other PhD project in the world, this PhD was also 

severely affected by COVID-19 restrictions and physical access to full-scale production was limited and, at times, 

unpredictable. This obviously affected sampling plans and overall organization of the project. 

 

6.2. Conclusion: What to measure, How to measure, When to measure 
and Why 

 

This project has focused on measuring α-lactalbumin and β-lactoglobulin in whey streams. Several spectroscopic 

techniques have been tested on two streams: permeate and retentate. At-line and in-line prediction models 

have been developed. Although the results have been mostly positive, the implementation of the developed 

tools for monitoring of a full-scale protein fractionation process necessitates for a choice of an instrumentation 

set-up, measurement mode, multivariate data analysis and statistical process control strategy. The following 

paragraphs will summarize the key learning points from this study that might help future scientist and process 

engineers to make an informed decision. 
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6.2.1. What to measure 
 

Selectivity parameters are traditionally calculated from concentrations of target compounds both in the feed 

and permeate streams. However, it was observed that the α-La/β-Lg ratio in the retentate shows undetected 

changes in the system if measured frequently. Furthermore, in a multi-modal sequential process like the one 

studied, feed and retentates are often very similar matrices (i.e. the retentate coming from one unit is the feed 

for the next) and accordingly the data obtained from retentates should be also used to study the effect of feed 

composition on separation performance. Although the permeate should be analysed routinely for yield 

estimation, measurements on the retentate stream can with advantage be integrated as part of daily process 

monitoring in order to fill the knowledge gap present today and help to better understand process performance. 

  

6.2.2. How to measure 
 

In-line analysis proof-of-concepts are very popular in academic research, but deployment of these solutions in 

industry is very demanding. In this study, in-line NIRS has proven to give higher prediction errors than at-line, 

but the random error could be smoothed and compensated by averaging multiple data points and using a EWMA 

filter. The in-line set-up could be improved by using a transmission probe, reducing the path length to 1mm and 

therefore improve spectral quality. 

The resources for designing and installing a spectroscopic instrumental in-line set-up are not negligible. In this 

application, for optimal monitoring to take place, a NIRS probe could be installed at the exit of multiple filtration 

units of the production line and connected to a multichannel spectrometer. Although these solutions are readily 

available on the marked, the installation of this equipment, as well as the calibration and data management is 

costly. In addition, data experts are needed to analyse and extrapolate information from the large amounts of 

information collected. On the plus side, continuous protein measurement has shown to elucidate process 

dynamics that are difficult if not impossible to detect with at-line measurements.  

At-line PAT tools are much easier to implement: most dairy companies already have bench-top NIR 

spectrometers available and no process interface equipment is needed. Samples can been collected from 

different units and tested in a few minutes. However, more frequent sampling (than the rate in place today) is 

needed, which would necessitate more resources on the operator side. Although the calibration for an at-line 

instrument is generally cheaper and easier that in-line probes, defining an appropriate control strategy including 

a control chart, sampling interval and parameters such as the estimated frequency of false alarm will demand 

human resources for intensive sample collection. 

The data obtained for at-line monitoring might be of higher quality (better spectral quality), but will not deliver 

the maximum knowledge for process validation and improvement. For example, if there is a slight degradation 

in membrane performance it might be detected at-line in one filtration unit, but a further investigation will not 

be conducted and the cause of the degradation never learned. 

Eventually the choice between an in-line or at-line PAT scheme should be decided based on a cost/profit basis 

that cannot be discussed specifically in this work. 
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6.2.3. When to measure 
 

If at-line monitoring is chosen, the sampling frequency becomes of outmost importance. The sampling frequency 

used today is already an excellent way of substituting wet-chemistry analysis and cutting quality control costs. 

However, if process monitoring aims at building up process knowledge, a statistical process control strategy 

must be defined. As explained in Chapter 4 this would involve control and monitoring charts, variable sampling 

intervals and identification of key events in the process (production stops, maintenance, etc.) that requires an 

increase in the sampling frequency. 

 

6.2.4. Why should we measure 
 

There is not a long list of corrective actions that can be implemented in a protein fractionation process. Most 

semi-continuous filtration processes run at stable and closely controlled pressures, flows and temperatures. If a 

decrease in fractionation performance is detected it is most probably due to fouling, and it can normally only be 

reversed with cleaning. Consequently the most obvious corrective action to implement is adaptation of a CIP 

start. If today the start of a cleaning cycle is dictated by a fixed timing or an unacceptably low permeate flux, 

tomorrow it could be decided based on the economic acceptability of the productivity/selectivity equilibrium at 

a given time.  

Monitoring the lifetime of a membrane, membrane leaks and irreversible fouling could also be a control path to 

explore with the PAT tools developed. Detecting equipment faults as early as possible can save time and 

resources and promote preventive monitoring. If fouling is not the only limiting factor affecting membrane 

selectivity as the results of this study suggest, then process monitoring could also help to elucidate new 

corrective/preventive actions. For example, the relationship between feed composition and protein 

transmission remain elusive, and more frequent monitoring of protein composition in feeds and retentates could 

be a path of optimisation. 

Overall, the biggest opportunity given by PAT is the development of in-depth process knowledge that can be 

used for continuous optimisation, identification of bottle-necks and new process development.  
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Unbiased prediction errors for partial least squares regression models 

Peter B. Skou, Margherita Tonolini, Carl Emil Eskildsen, Frans van den Berg, Morten Arendt Rasmussen 

Abstract 

Partial Least Squares (PLS) regression is widely used to predict chemical analytes from spectroscopic data, thus 

eliminating the need for expensive and time-consuming wet chemistry reference analysis in several industrial 

processes. However, predictions by definition carry sample-specific errors, and estimation of these errors is 

essential for correct interpretation of industrial processes. To increase trust in PLS regression-based predictions, 

reliable prediction error estimates must be reported. This can be achieved by estimating sample-specific 

prediction errors using an unbiased mean squared prediction error estimate. In this paper, we review recent and 

established methods for estimating the sample-specific prediction error and show, through simulation studies 

and real data examples, that the mean squared error of calibration is always a downward biased estimator. 

Nevertheless, making a clear-cut decision on which estimator to apply when building a PLS model is not trivial. 

The appropriate choice requires the user to make an informed, data-centered decision. We show this 

experience-based decision via two examples using industrial data. The significance of choosing an appropriate 

error estimator will be shown by interpreting a protein fractionation process. This work aims to provide a guide 

for estimating sample-specific prediction errors, while showing the importance of choosing an appropriate error 

estimator prior to deploying PLS models for industrial applications. 

Introduction 

Process monitoring, control, and optimization of industrial productions are often guided by quantitative 

predictions of key parameters, which should reflect the true behavior of the production process. The prediction 

of these parameters is done by applying a predictive model to process measurements. However, if the 

measurements or the predictive model do not fulfill sufficient levels of precision, the predicted parameters may 

not reflect the true behavior of the process, and process improvement could fail. In other words, if the 

predictions carry large uncertainties, despite on average giving good estimates, it may not be justified to react 

to the perceived behavior of the process [1]. Adjusting a process based on predictions without knowing the 

prediction error was referred to as tampering by Deming already in 1982, exemplified by his famous funnel 

experiment [2], but this modus operandi is unfortunately still all too common today.  

Indirect measurement techniques such as near-infrared (NIR) spectroscopy are usually accompanied by 

advanced, inverse regression methods such as partial least squares (PLS). Although other regression methods 

exist, PLS is especially popular within industrial use of spectroscopic data for process monitoring and has been 

previously used in applications similar to the ones targeted in the following [3]. In these methods, model 

complexity and performance are typically determined by resampling error rates such as the mean squared error 

of cross-validation (MSECV). These error rates are useful in model selection but should not be interpreted as a 

surrogate of the expected predictive ability towards a future observation, as this ability also depends on the 

location of the future sample in the distribution of the calibration (or “train”) data. Furthermore, as the cross-

validation error rate is used for model selection, this error rate is potentially optimistic and biased downwards. 

To illustrate the issue at hand, we will show the practical implications of using different error estimates when 

measuring the beta-lactoglobulin concentration (%w/w) in retentates from a protein fractionation process. 

Samples were measured with NIR spectroscopy and beta-lactoglobulin was predicted with a PLS model 

calibrated on samples from different batches and fractionation steps (Figure 1a). The beta-lactoglobulin 

concentration, in this case, is an indicator of the performance and selectivity of membranes over time. 

Therefore, choosing the appropriate error estimator is crucial for distinguishing real changes in the system from 

background noise a.k.a. measurement uncertainty. An additional challenge frequently encountered in industrial 

production processes are datasets with a high degree of sample clustering, since samples coming from the same 

step of the process will be very similar, not only regarding their analyte content but also their entire chemical 

profile. This is the case for the protein fractionation process discussed in this work, where samples withdrawn 

over several days from a specific step of the process have a characteristic chemical profile. Consequently, the 

prediction error varies depending on the location of the samples in the distribution of the calibration data, and 
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samples with extreme analyte concentrations have high leverage which influences the sample prediction 

accuracy [3] (Figure 1b). The need for sample-specific prediction error estimation is a consequence of the first-

order advantage [4], namely to observe interfering species (chemical or physical). It cannot be expected that 

two samples that are equal in the constituent of interest but different in the degree of interference are predicted 

equally well. The uncertainty will increase for sample clusters if their chemical profile has less support in the 

calibration model. This is problematic when deploying the PLS model to predict new samples from a specific 

phase in the process where expected analyte and nuisance interferences are higher compared to the calibration 

set.  

 
 

Figure 1 - Prediction error intervals for a PLS model predicting Beta-lactoglobulin from NIR spectra using MSEC (0.03 %w/w2) as 
variance estimator (a) entire calibration and (b) selected interval. 

 
The prediction error is defined here as the uncertainty associated with the prediction of a new sample (i.e. the 

concentration of the analyte in the sample), from measured explanatory variables (i.e. the spectrum for this 

sample). In this work, bias is used in relation to the difference between the estimated and true mean squared 

prediction error.  

The random error 𝜎2 is often approximated by the mean squared error of calibration (MSEC; also referred to as 

the apparent error) for sample-specific prediction error estimation. While MSEC is appropriate from a theoretical 

viewpoint when having large amounts of independent samples compared to variables, this apparent error is an 

optimistic (or naïve) estimate of the true 𝜎2 . Finding an unbiased estimator of the mean squared error of 

prediction (MSE), i.e. an estimate of 𝜎2 has been the topic of many investigations. The random error can be 

determined in a variety of ways (i.e. leave-one-sample-out, leave-k-fold-out, leave-one-experimental-condition-

out, etc.) but is seldom used in lieu of MSEC for sample-specific squared prediction error estimation.  

In the following, we briefly present basic cross-validation and bootstrapping and show one modification for each 

which will subsequently be tested through simulations and on real-world data from two industrial applications. 

For the industrial examples, the consequence of choosing an appropriate MSE for calculation of sample-specific 

prediction error estimates are shown and evaluated.  

 

Theory 

In theory, it is possible to determine a regression model's true predictive performance with a test dataset 

consisting of sufficient/many samples where the reference (or “response”) values have been determined with 

high accuracy (i.e. practical elimination of the reference error). In reality, this is often too costly or technically 

impossible (e.g. off-line calibration of in-line NIR probes). Usually, a sample set of modest size is acquired and 

from this, a model plus a good estimate of future prediction performance must be obtained. Analog to a large 

dataset, data could be split into a calibration set and an independent test set (also known as a holdout set). 

However, if the sample set is small or the experimental domain is wide (e.g. a broad temperature or pH range) 
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the partitioning strategy will affect both the bias and confidence interval, which will both increase with a smaller 

calibration set.  

 

Consider the matrix X (N x J; samples x independent variables) and the corresponding reference vector y (N x 1). 

PLS relates X to y (both assumed column-wise centered around zero) via the regression vector b (J x 1): 

 

𝒚 = 𝑿 ⋅ 𝒃 + 𝒆      

                            (1) 

 

where e (N x 1) contains the residuals. The MSEC, or apparent error rate, can be estimated from the residuals 

as: 

 

𝑀𝑆𝐸𝐶 =  
∑𝑁

𝑖=1 𝑒𝑖
2

𝑁−𝑟−1
=

∑𝑁
𝑖=1 (�̂�𝑖−𝑦𝑖)2

𝑁−𝑟−1
    

                              (2) 

Where 𝑦𝑖  is the reference value of calibration sample i (i = 1,2,..,N), 𝑁 the total number of samples, �̂�𝑖  is the 

predicted value of sample i also present in the calibration dataset and r is the model complexity or the number 

of components – the most important optimization parameter in PLS regression. 

 

For least squares linear regression, the sample-specific squared prediction error is calculated, as suggested by 

Næs and Mevik [5], using the formula: 

𝑠𝑃𝐸𝑖

2 = (
1

𝑁
+ ℎ𝑖 + 1) ∙ 𝜎2     

                             (3) 

where 𝑁 is the number of calibration samples, 𝜎2 is the random error of the linear regression model and ℎ𝑖  

represents the leverage of the sample of interest calculated as: 

ℎ𝑖 = 𝒙𝑖
𝑇(𝑿𝑇𝑿)−1𝒙𝒊     

                             (4) 

where x_i represents the measurement of interest and X represents the measurements used for calibration. 

When data compression methods like PLS regression are used, the sample-specific squared prediction error in 

line with Eq. 3 needs to include a (squared) systematic deviation. This systematic deviation is introduced because 

of a user-selected model complexity, the famous bias-variance tradeoff. It is a consequence of how the specific 

sample is located in the space spanned by the omitted (PLS) components. This is what makes the systematic 

deviation sample-specific as discussed in detail for principal component regression by Eskildsen and Næs [6]. 

When dealing with real data, it is in general not possible to estimate the (squared) systematic deviation 

introduced by omitted components [7]. Indeed, this can be detrimental when using under-fitted models on new 

samples falling outside the calibration range. However, when the calibration data span the future domain for 

prediction, this systematic deviation is likely to be relatively small for the optimal model [6,8]. A pragmatic 

approach to obtain sample-specific squared prediction errors in PLS regression is to use Eq. 3 but substite 𝜎2 

with MSEC and calculate leverage (Eq. 4) with component scores rather than measurements. This approach, 

which will also be followed in this paper, builds on the error-in-variable concept for principal component 

regression and PLS introduced by Faber and Kowalski [9] and later modified by other authors [10,3]: 

 

𝑠𝑃𝐸𝑖

2 = (
1

𝑁
+ ℎ𝑖 + 1) ∙ 𝑀𝑆𝐸𝐶     

                              (5) 

The focus of this study is to find the most appropriate squared prediction error estimate, i.e. a replacement for 

the current MSE estimate, MSEC. In the following the true (squared) prediction error will be referred to as 
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𝐸𝑟𝑟(𝑡𝑟𝑢𝑒), while estimates will be denoted by the method used to obtain them (e.g. for cross-validation we will 

write 𝐸𝑟𝑟(𝐶𝑉)). 

 

Materials and Methods 

Datasets  

Simulations 

The data used in the simulations for comparing alternative unbiased prediction variance estimates in PLS 
regression was generated as follows. The signal matrix, X (N x 100), was constructed as a bilinear combination 
of two factor matrices of rank five T (N x 5), P (100 x 5), and the reference, y, was a linear combination of the 
columns of T defined by a weighting vector q (1 x 5). T, P, and q are all drawn from a normal distribution centered 
around zero with variance 1 (N(0,1)): 
𝑿 = 𝑻𝑷𝑇       
    (6) 
The true (unknown) reference values, y, were constructed as: 
𝒚 = 𝑻𝒒𝑇       
    (7) 
While the observed reference values, �̃�, were obtained by adding white noise: 
�̃� = 𝒚 + 𝒆𝛥𝑦,    𝒆𝛥𝑦 ~𝑁(0,1)     

    (8) 

Similarly, the observed signals, �̃�, were obtained by adding white noise: 

�̃� = 𝑿 + 𝑬𝛥𝑋,    𝑬𝛥𝑋 ~𝑁(0,1)      
    (9) 

Subsequently, calibration and test data were denoted as �̃�𝑐𝑎𝑙  plus �̃�𝑐𝑎𝑙  and �̃�𝑡𝑒𝑠𝑡 plus �̃�𝑡𝑒𝑠𝑡, respectively. 
 
The effect of the number of calibration samples (N = 32, 64, 128, 512) and the model complexity was 
investigated. For all calibration dataset sizes, the complexity was set to the known rank ropt = 5 of the system 
and for N = 128 two additional runs were made with too few components (r = 3, deliberately under-fitting the 
data), as well as too many components (r = 9, over-fitting). 
 
The estimated MSE was compared to the true MSE to evaluate the bias. The true MSE was defined as follows 
(𝑁𝑡𝑒𝑠𝑡 = 500), as was done in Kohavi (1995) [11]. First, a PLS model is built on the observed calibration data: 

�̃�𝑐𝑎𝑙 = �̃�𝑐𝑎𝑙�̂�      

    (10) 

which was subsequently used to predict the observed test set: 

�̂̃�𝑡𝑒𝑠𝑡 =  �̃�𝑡𝑒𝑠𝑡�̂�      

    (11) 

The true MSE was defined as the mean squared difference between the predicted test samples and the noiseless 
reference values: 

𝐸𝑟𝑟(𝑡𝑟𝑢𝑒) =
∑

𝑁𝑡𝑒𝑠𝑡
𝑖=1 (�̂̃�𝑡𝑒𝑠𝑡 𝑖−𝒚𝑡𝑒𝑠𝑡 𝑖)

2

𝑁𝑡𝑒𝑠𝑡
    

    (12) 

The different MSE estimators were calculated as the mean squared difference between the predictions obtained 

from the given estimation method, and the observed reference values. Since the predictions ( �̂̃�𝑡𝑒𝑠𝑡) carry the 
reference uncertainty (𝑒Δ𝒚

2 ) and the true values (𝒚𝑡𝑒𝑠𝑡) do not, all MSE estimates were reduced by this reference 

uncertainty: 
 

𝐸𝑟𝑟(… ) =  
∑𝑁𝑐𝑎𝑙

𝑖=1 (�̂̃�𝑐𝑎𝑙 𝑖 −�̃�𝑐𝑎𝑙 𝑖)
2

𝑁𝑐𝑎𝑙−𝑟−1
− 𝑒Δ𝒚

2     

    (13) 
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This is done to ensure a fair comparison between the true and the estimated MSE. The bias of each MSE estimate 
was evaluated as the difference between the estimated MSE (from the calibration stage) and the true MSE 
(based on the test samples). This was done for each draw: 
 

𝐵𝑖𝑎𝑠 = 𝐸𝑟𝑟(𝑡𝑟𝑢𝑒) − 𝐸𝑟𝑟(… )     

    (14) 

For each combination of model selection strategy and size of the calibration set, 100 simulations were 
performed, with independent datasets generated for each iteration. The reference uncertainty (𝑒Δ𝒚

2 ) was equal 

to zero in the simulations (in real-life data it would normally be estimated from duplicate reference sampling, 
ring-test or Gage repeatability and reproducibility studies). 
 
Urea data  

In total 68 process-water samples, split into 32 calibration samples and 36 test samples, each with a NIR 

absorption spectrum measured in transmission mode and urea reference value are available (ppm levels). 

Samples were collected from a food ingredient production plant over time and the calibration/test split is made 

not random but at a specific calendar time to emulate the end-stage of model building followed by validation. 

Each sample was measured with an ABB Bomem MB series FT-NIR spectrometer (Canada) with a custom-made, 

temperature-controlled sample flow cell from 700-2500 nm with a spectral resolution of 8 cm-1 and 128 scans 

averaged. Further spectroscopic and modeling details can be found at Skou et al. (2017) [3]. For this dataset, we 

fix calibration- and test samples and use the MSEP as the true MSE. This NIR data presents less data clustering 

and a simpler chemical background (water) than whey protein retentate, making it complementary to the 

Ultrafiltration retentate dataset. 

Ultrafiltration retentate data 

Seventy-two whey protein concentrate samples were collected randomly from different production lines and at 

different steps of protein fractionation processes at Arla Food Ingredients (Nr. Vium, Denmark). Eighteen whey 

concentrate samples were spiked with whey protein powders to decrease the covariance between whey 

proteins concentrations present in the original matrix and to increase the concentration span in the sample set. 

NIR spectra were collected using the same spectrometer described under Urea data. Spectra were acquired in 

transmittance mode with a 1 mm path length cuvette (HELLMA Macro-Cuvette 100-QS 1mm Quartz Glass 100-

1-40, Hellma Materials GmbH, Jena, Germany). Spectra were measured in the range 1000–2500 nm, a total of 

64 scans were recorded and averaged for each sample and the spectral resolution was 8 cm−1. Beta-lactoglobulin 

concentration (%w/w) was measured with RP-HPLC using in-house routines for whey protein quantification at 

Arla Food Ingredients and was used as the reference variable. NIR spectral measurements were used as 

independent variables. Variable selection and preprocessing were reproduced from Tonolini et al. [12]. 

A dataset containing both process and spiked samples (N = 68) was used for calibration and process samples 

from a specific step in the process over different days were used as validation (N = 32). The optimum number of 

components was found for the PLS model based on 5-fold cross-validation repeated 100 times. The prediction 

set’s protein concentration has a limited concentration span (4-8 %w/w) compared to the calibration set (0-8% 

w/w). This prediction set was selected to illustrate the practical problems encountered when deploying a 

regression model for process monitoring, where clusters of data with very similar chemical profiles (due to the 

highly standardized processes found in the industry) result in insufficient support for some samples in the 

validation set.  
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Prediction error estimation strategies 

K-fold cross-validation 

The basic idea in cross-validation is to leave out a part of the sample set, build a model on the remaining sample 

set, and predict the left-out samples. Most often data is divided by K-fold non-overlapping splits where K is 

varied from 2, thus halving the sample set, up to N, resulting in the leave-one-out cross-validation (LOOCV) 

scheme. 

 

Formally, for each split k of size Nk, we remove the kth part of X, fit a model �̂�(−𝑘), and predict the left-out kth 

part, �̂�
(𝑘)

. If 𝐷𝑘  contains the indices of the measurements in the kth split the sum of the squared prediction error 

for each split becomes: 

𝐸𝑟𝑟𝑘
(𝐶𝑉)

(𝑟) =
1

𝑁𝑘
∑𝑖∈𝐷𝑘

(𝑦𝑖
𝑘 − �̂�𝑖

𝑘(𝑟))
2
    

                               (15) 

Averaging over all K splits results in the K-fold cross-validation error rate: 

𝐸𝑟𝑟(𝐶𝑉)(𝑟) =
1

𝐾
∑𝐾

𝑘=1 𝐸𝑟𝑟𝑘
(𝐶𝑉)

(𝑟)    

    (16) 

Estimating model complexity is often done by scanning a range of r (i.e. testing PLS with 1 to r components in 

the model) to find that 𝑟𝑜𝑝𝑡 which minimizes 𝐸𝑟𝑟(𝐶𝑉). 

 
CV corrections 

Tibshirani and Tibshirani (2009) [13] report that this minimum error rate found at 𝑟𝑜𝑝𝑡 often is too optimistic to 

function as an estimate for the true MSE. In other words, the minimum has a downward bias, due to its dual role 

in model selection, and must be corrected via the bias-corrected cross-validation (bcCV): 

𝐸𝑟𝑟(𝑏𝑐𝐶𝑉) = 𝐸𝑟𝑟(𝐶𝑉)(𝑟𝑜𝑝𝑡) + 𝐵𝑖𝑎𝑠    

    (17) 

 

To estimate this bias, we can consider the mean squared error of each kth part of the data, containing Nk samples, 

as shown in Eq. 15. Assuming that all reasonable values of 𝑟 have been evaluated for all K splits of the data, we 

can easily find the r-value that minimizes the mean squared error for each kth part separately, denoted here as 

𝑟𝑘. The concept of the correction is that the bias between the (global) minimum MSECV – based on all K folds – 

and the local kth part minimum mean squared error will mimic the bias between the true MSE and the minimum 

MSECV. We can thus obtain the bias for the MSECV as follows: 

 

𝐵𝑖𝑎�̂� =
1

𝐾
∑𝐾

𝑘=1 (𝐸𝑟𝑟𝑘
(𝐶𝑉)

(𝑟𝑜𝑝𝑡) − 𝐸𝑟𝑟𝑘
(𝐶𝑉)(𝑟𝑘))   

                                (18) 

The estimated bias for the model is the average difference in MSE obtained at the global minimum (𝑟𝑜𝑝𝑡) and at 

the local minima (𝑟𝑘) for all K splits. Note that the 𝐵𝑖𝑎�̂� is expressed in the same unit as the variances, following 

the theory of Tibshirani & Tibshirani (2009) [13] and that this bias contribution for all resampling trials could 

(theoretically) be zero: 

 

𝐸𝑟�̂�(𝑏𝑐𝐶𝑉) = 𝐸𝑟𝑟(𝐶𝑉)(𝑟𝑜𝑝𝑡) + 𝐵𝑖𝑎�̂�    

    (19) 

 

In this paper, we use the bcCV method to obtain unbiased MSE estimates, rather than decide the complexity of 

the model and estimate the expected error. This means that the bias is not estimated as the average difference 

between the minimum MSE and MSEk, but the MSE at the chosen number of components and minimum MSEk. 



99 
 

Bootstrapping 

The bootstrap methodology is well described in several publications including the seminal work An Introduction 

to the Bootstrap [13-14]. Just like cross-validation, bootstrapping is based on a resampling strategy. When 

performing bootstrap estimates, the uncertainty of a parameter is mimicked by creating p new bootstrap sample 

sets with N samples each, drawn from the original dataset, with replacement. For each bootstrap sample a 

model is built and a prediction error estimate, e.g. MSEC, is calculated thus providing p estimates of the 

prediction error estimate. The uncertainty can be assessed from this information (by e.g. taking the mean of the 

p MSEC estimates). This procedure is also known as the naïve bootstrap due to the simple nature of the 

procedure, only relying on the (often unrealistic) assumption that the samples are independent and equally 

relevant. 

 

A variation on the naïve bootstrap is the leave-one-out bootstrap [15,16] or bootstrap smoothed cross-validation 

[17] estimate. Assume we draw p bootstrap samples; for each build a model on that draw and predict the – on 

average 36.8%1 - samples not included in the draw. Let ei contain the residual of the Np  (size of the bootstrapping 

data split) predictions for sample i. Note that Np may be different across the original (full) sample set, but will by 

definition be between zero and p. Taking the mean squared error per sample and averaging this across all 

samples gives the leave-one-out bootstrap estimate, 𝐸𝑟𝑟(𝐿𝑂𝑂𝐵𝑆): 

 

𝐸𝑟𝑟(𝐿𝑂𝑂𝐵𝑆) =
1

𝑁
∑𝑁

𝑖=1
1

𝑁𝑝
∑

𝑁𝑝

𝑝=1 𝑒𝑖,𝑝
2     

    (20) 

 

0.632 bootstrapping 

Efron (1983) [12] argues that while the apparent error – or in this case the MSEC – underestimates the true MSE 

(since the predicted samples are also part of the calibration set), the leave-one-out bootstrap, in turn, 

overestimates the true MSE because a given sample has a probability of 63.2% of ending in the training set. To 

correct for this (upward) bias he proposes to compute a weighted average of the apparent and bootstrapped 

mean squared error: 

 

𝐸𝑟𝑟(0.632) = 0.368 ⋅ 𝑀𝑆𝐸𝐶 + 0.632 ⋅ 𝐸𝑟𝑟(𝐿𝑂𝑂𝐵𝑆)   

                                 (21) 

 

0.632+ bootstrapping 

Efron & Tibshirani (1997) [13] remark that the 0.632 bootstrap estimates will be downward biased when using 

severely over-fitted models such as in nearest-neighbor classification. To counter this, they propose the 0.632+ 

bootstrap estimator, which implements a weighting regime to the estimator so that it can compensate if over-

fitting occurs. Over-fitting is evaluated here as the difference between the apparent error and the leave-one-

out bootstrap mean squared error estimate. In order to adjust the over-fit model error correctly, the so-called 

no-information (squared) error must also be determined. 

 

The no-information (squared) error, 𝛾, is the expected (squared) error for the model based on the original 

dataset given that there is no relation between X and y. This can be determined by predicting all samples with a 

global model and calculating the (squared) error for all (correct and incorrect) combinations of the reference 

and the prediction, normalized by the number of entries, subtracting the combinations that are truthfully related 

(hence, where i=j) by subtracting MSEC: 

𝛾 =
∑𝑁

𝑗=1 ∑𝑁
𝑖=1 (𝑦𝑖−�̂�𝑗)

2

𝑁2 − 𝑀𝑆𝐸𝐶    

    (22) 

                                                                 
1 When compiling a bootstrap sample, we draw from the original data with replacement and the probability for 
each observation of not being chosen is 1-1/N. However, to construct a bootstrap sample we draw N times 
and the probability is thus (1-1/N)^N and when N is large the probability goes towards 0.368. 



100 
 

 

A relative over-fit, 𝐹, is now defined as: 

𝐹 =  
𝐸𝑟𝑟(𝐿𝑂𝑂𝐵𝑆)−𝑀𝑆𝐸𝐶

𝛾
     

    (23) 

which in turn is used to define a weight, 𝜔: 

 𝜔 =
0.632

1−0.368⋅𝐹
      

    (24) 

The 0.632+ estimator is then defined as:  

𝐸𝑟𝑟(0.632+) = (1 − 𝜔) ⋅ 𝑀𝑆𝐸𝐶 + 𝜔 ⋅ 𝐸𝑟𝑟(𝐿𝑂𝑂𝐵𝑆)   

                                (25) 

 

If the relative over-fit rate is zero, the 0.632+ estimator coincides with the 0.632 estimator. 

 

Independent test set 

Finally, the predictive performance of an independent test set is quantified. If instead of resampling the 

calibration data a truly independent set of samples are set aside and used for testing different models the 

squared prediction error will be reported as the mean squared error of prediction (MSEP), here from a test set 

of I samples: 

𝑀𝑆𝐸𝑃 =
∑𝐼

𝑖=1 (�̂�𝑖−𝑦𝑖)2

𝐼
     

    (26) 

Results  

Simulations 

The simulation results were evaluated as the difference between the true and estimated MSE, where the true 
MSE was based on 500 test samples. We presume that if the difference is zero, the MSE estimator is unbiased. 
If the difference is negative it underestimates the MSE and is therefore optimistic, while if the difference is 
positive it overestimates and gives a pessimistic estimate of the MSE.  
 

The simulation study representing the simplest situation - namely where the complexity of the model is known 

- is shown in Figure 2. Unsurprisingly, the spread around the difference between true and estimated MSE 

decreased as the number of calibration samples increased. This is true for all MSE estimators. The MSEC was 

optimistic across all calibration set sizes and the leave-one-out bootstrap slightly pessimistic. Unexpectedly, the 

0.632 and 0.632+ bootstrap procedures were optimistic. Regarding the K-fold cross-validation strategies, 2-fold 

CV (also known as split-half) was too pessimistic, but this reduced with increasing K, eventually leading to 

unbiased estimates at 8- and 16-fold CV. The bias correction applied to the K-fold CV turned out to increase in 

size when increasing the number of splits and generally makes the estimates pessimistic. LOOCV turned out to 

provide on average an unbiased estimate of the MSE, as was reported previously in the literature [16,11]. 
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Figure 2 – Simulation - (a) 32, (b) 64, (c) 128, and (d) 512 calibration samples used to simulate MSE estimates and comparing with 500 test 

samples when the complexity (ropt = 5) of the system is known. For the simulation with (c) 128 calibration samples also model over-fitting (r 

= 9) and under-fitting (r = 3) is shown. The shaded area covers 90 % of the simulations and the solid line represents the mean. The y-axis is 

relative to the reference uncertainty. 

In Figure 2c, the PLS model complexity was intentionally set too low (r = 3) and too high (r = 9) compared to the 

true rank of the system (ropt = 5). This was done to investigate the effect of under- and over-fitting. Note that 

also 𝐸𝑟𝑟(𝑡𝑟𝑢𝑒) is calculated from an under-fitted and over-fitted model when investigating the effects of too low 

and too high complexity, respectively. When over-fitting the models, the pattern is similar to when models are 

fitted with correct complexity, but this is more pronounced in the case of over-fitting. MSEC is too optimistic, 

and the leave-one-out bootstrap was also slightly optimistic while the K-fold CV estimates were close to 

unbiased. The correction methods for the 0.632 and 0.632+ bootstrap reduce the pessimism and resulted in far 

too optimistic estimates. The bias corrections to the K-fold CV methods were too large leading to slightly 

pessimistic results. It is surprising to see LOOCV gave unbiased MSE estimates when the theoretically more 

pessimistic leave-one-out bootstrap turns out optimistic for severely over-fitted models. In the case of under-

fitting the models, all 𝐸𝑟𝑟(… ) were unbiased and the spread around zero (no bias) is relatively small (Figure 2c). 

It is important to be aware that the under-fitted models in general perform better than models fitted with the 

correct complexity. Hence, 𝐸𝑟𝑟𝑟=3
(𝑡𝑟𝑢𝑒)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

<  𝐸𝑟𝑟𝑟=5
(𝑡𝑟𝑢𝑒)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

<  𝐸𝑟𝑟𝑟=9
(𝑡𝑟𝑢𝑒)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

, indicating that PLS overshoots with components 

4 and 5 for this specific simulated dataset. However, Figure 2c solely shows that the spread in differences 

between the true and estimated MSE is smaller for under-fitted models. 

Urea data 

The alternative prediction error estimation strategies suggested in the theory section were applied to the urea 

dataset. Two model complexities are evaluated, namely five PLS components as used in the original investigation 

[3], and seven components as suggested by computing the median of the lowest error rate of 100 iterations of 

a random 5-fold cross-validation on the calibration data. Interestingly, the MSEP obtained from the fixed 

validation set were almost identical (<1 ppm apart) for the two model complexities tested, indicating the same 

prediction ability. The comparison of estimated MSEs is shown in Figure 3. Usually, the parsimony principle will 

compel the user to choose the simpler model. However, by choosing the simpler model in this case the MSEC 

underestimates the MSE (too optimistic), while all the alternatives overestimate it by a considerable margin. 

Instead, if the more complex model is chosen, the MSEC underestimates even more – which is in line with the 
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simulation study – but now the alternative methods 0.632, 0.632+, LOOCV, 5-fold CV, and its bias corrected 

cousin give acceptable results. 

  
Figure 3 – MSE (Variance) estimates for the urea calibration with the reported complexity (r = 5) and the complexity decided by 5-fold cross-
validation (r = 7). 

The results of applying the measurement-specific prediction intervals2 for the predicted urea values, with the 

standard error computed via Eq. 5 for the seven component PLS model with either MSEC or LOOCV as MSE 

estimator, are shown in Figure 4 (plotted as a function of production time). Using the optimistic MSEC for the 

sample-specific 95% confidence intervals does not provide the needed coverage (Figure 4a) while utilizing 

LOOCV provides sufficient coverage (Figure 4b). 

 

 
 

Figure 4 - The difference between using (a) the mean squared calibration error (MSEC) or (b) the leave-one-out cross-validation mean squared 
error estimate for measurement-specific prediction error estimates for test samples with a 7 component PLS model. Predictions, open circles; 
reference values stars. Vertical lines show 95% sample-specific prediction intervals and the dashed vertical line indicates the calibration and 
validation data split. 

 

 

 

                                                                 
2 Assuming a Student t-distribution with N-r-1 degrees of freedom. 
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Ultrafiltration retentate data  

The importance of applying the correct or relevant mean squared prediction error is highlighted by the 
application of the previously described methods on a dataset made of industrial samples. Beta-lactoglobulin 
concentrations were predicted in samples drawn from a specific loop of a protein fractionation process, 
collected over several days. The prediction set’s protein concentration has a limited concentration span (4-8 
%w/w) compared to the calibration set and the model accuracy and precision are worse for high protein 
concentration samples (Figure 1).  

 

 

Figure 5 - Ultrafiltration retentate data: (a) actual vs. beta-lactoglobulin content for calibration and test data and (b) the raw NIR 
spectral range colored according to calibration and validation set. 

Here, MSE was estimated using the previously determined complexity, namely four PLS components, but also 
by computing the median of the lowest error rate of 100 iterations of random 5-fold cross-validation on the 
calibration data, which turned out to suggest six PLS components. The MSEP obtained from the fixed validation 
set was lower for the more complex model indicating a better prediction ability (Figure 6). Similar to the Urea 
data, if the higher model is selected, the MSEC underestimates the prediction error even more. Using the 
optimistic MSEC for the sample-specific 95% confidence intervals does not provide the needed coverage for 
either of the model complexities, as shown in Figure 7a and in Figure 1. The alternative methods leave-one-out 
bootstrap and 0.632 bootstrap give acceptable results (Figure 6). Using LOOBS as prediction error provides 
better coverage than the MSEC (Figure 7 vs. Figure 1) and the selected prediction error allows for 96.0% (a) and 
94.5% (b) of the prediction confidence intervals to intersect with the reference-versus-predicted diagonal. The 
same prediction estimate (LOOBS) was selected by us as a prediction error estimator for interpreting a process 
control chart where predictions of beta-lactoglobulin concentrations over nine days are used to monitor the 
state of the process (Figure 8b). The figure shows that days 8 plus 9 (correctly) and day 6 (incorrectly) are 
convincingly outside of the specification limits for this process sample point, justifying a control action. Day 2 is 
borderline off-spec, while process adjustments on days 1, 3, 4, 5, and 7 would classify as tampering under 
Deming’s definition.  
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Figure 6- MSE (Variance) estimates for the ultrafiltration rententate calibration with the simpler complexity (r = 4) and the 
complexity decided by 5-fold cross-validation (r = 6). 

 

 
 

 

Figure 7 - Prediction error intervals for a PLS model predicting Beta-lactoglobulin from NIR spectra using LOOBS variance estimator (0.07 
%w/w2) (a) entire calibration and (b) selected interval. 
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Figure 8- The difference between (a) the mean squared calibration error (MSEC) or (b) leave-one-out bootstrap mean squared error 
estimate for sample-specific prediction error estimates for test samples from a retentate process stream over 9 days. Predictions, open 
circles; reference values, stars; error bars, sample-specific 95% confidence intervals; solid line, mean concentration found at this specific 
point in the process; dashed lines, process control limits. 

 

 

Discussion  

The simulations show that the mean squared error of calibration is always a downward biased estimator. The 

improved 0.632+ bootstrap procedure turns out not to make any meaningful difference compared to the original 

0.632 for our (simulated) regression task. They differ in that the first adds a correction for over-fitting. In our 

simulation study with over-fitting, the improved procedure does however not correct for the optimistic MSE 

estimate. 0.632+ was developed as a method to handle severely over-fitting models such as k-nearest neighbors 

type classification models [16] and evidently, the over-fit in the problems presented here is not severe enough. 

It is worth recalling that LOOCV turned out less sensitive towards over- and under-fitting of the data in the 

simulation study. This fact together with the observations made above make LOOCV a very attractive alternative 

to MSEC in obtaining unbiased prediction uncertainties for PLS regression models, as was the case for the Urea 

data presented.  

The ultrafiltration retentate dataset is far less homogenous than the presented simulation data and the urea 

data. It was made from clusters of samples coming from different steps in a production line, which can be viewed 

as different segments or groups. These groups have similar chemical characteristics that can however differ from 

one grouping to another, therefore, some groups of data (in our case the higher protein concentration samples) 

are less well predicted than others. Such sample-group categories (in our case process steps) can be identified 

in PLS models by inspecting the individual sets of scores in X and y (typically done via T vs U score plots over 

different components/dimensions, the so-called inner-relation). Some latent variables will (primarily) model 

which grouping a given sample belongs to instead of improving y-predictions. This in turn means that an unlucky 

resampling draw can underrepresent or even overlook a group entirely. It seems that optimistic MSE estimates 

are common in this design-scenario, probably due to the small calibration set size and the experimental design 

implying poor calibration data support for some of the data clusters. In principle, a stratified resampling could 

(partly) eliminate this grouping issue. In an industrial setting though many (known and unknown) potential 

grouping-causes might be present in the data (feeding material clusters, alternative measurement points, 

production days/regimes, …). Based on the results in Figure 8, the resampling used in the bootstrap procedures 

seems to be appropriate to partly compensate for this imbalance. In the case of underrepresentation, we 

speculate that the bias-corrected k-fold CV will also be able to compensate for this problem simply due to the 

internal resampling.  

 

 



106 
 

Conclusions 

When constructing reliable, sample-specific prediction intervals from PLS models MSEC, or the model fit, is too 

optimistic a statistic. Several improvements are available from the literature and a selection has been tested 

here using simulations complemented by (spectroscopic) datasets. The importance of an informed calculation 

of predictions errors is highlighted by two real-world example using data from industrial applications of NIR. In 

this case, different methods of calculating the prediction error can lead to different ways the predictions and 

process monitoring itself is interpreted. Simulations and spectroscopic examples show that there is no one-size-

fits-all solution and some meta-aspects of the data should be taken into consideration.  

An informed decision is essential for the successful implementation of an indirect method (such as NIR) for 

routine quality control analysis in the industry. Overall, if there is considerable grouping (clustering) in the 

calibration sample set that cannot be resolved by pre-processing, bias-corrected k-fold cross-validation and 

bootstrapping methods are favorable. If clustering is not present, simple leave-one-out-cross-validation 

performs surprisingly well. To conclude, this work presents and explains the main prediction error calculation 

strategies present in literature, while proving the need to integrate a data-centered decision for the calculation 

of a prediction error whenever a PLS model is developed and deployed for process monitoring.  
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Near-infrared spectroscopy as a PAT tool for monitoring performance of a 
filtration process 
 
Margherita Tonolini, Frans W.J. van den Berg, Peter Bæk Skou, Klavs Martin Sørensen, Søren Balling Engelsen 
 

Abstract 
 
A successful transition from a laboratory proof-of-principle to a functioning industrial Process Analytical 
Technology (PAT) application of spectroscopy and chemometrics is still an active area of research and 
development. A comprehensive understanding on how the design and implementation of the optical 
instrumentation affect the data quality, and how this will affect the performance of the prediction models is vital 
for the successful implementation of in-line monitoring. In a previous study, we have demonstrated that near-
infrared spectroscopy (NIRS), combined with chemometric techniques, can be used to quantify α-lactalbumin and 
β-lactoglobulin in aqueous whey solutions. This work demonstrates the potential, both at-line and in-line, of 
monitoring a protein fractionation process in a full-scale production. An in-line near infrared spectrometer (NIRS) 
was used to monitor the individual protein concentrations in a protein fractionation process over 20 days. In 
addition, samples were extracted from the process and analysed with at-line NIRS and an in-house HPLC 
reference method. The developed models could predict α-lactalbumin and β-lactoglobulin concentrations with 
satisfactory precision and accuracy, yielding a root mean square error of cross-validation of 0.08 and 0.18 w/w% 
proteins, respectively. For the first time, the whey proteins concentrations were measured continuously in a 
production facility to demonstrate the potential of NIRS for at-line and in-line rapid monitoring of protein 
composition in industrial whey streams. A PAT tool was developed from NIRS data where Partial Least Squares 
regression modelling and a EWMA filtering were used to extract and visualize valuable information on the 
process dynamics and performance. The study demonstrates that continuous monitoring by in-line NIRS allowed 
elucidation of some process behaviours not readily detectable with the current sampling frequency and that it 
offers novel process optimisation opportunities by providing increased process understanding and decision 
support information concerning preventive maintenance and real-time process validation.   
 

Introduction 
 
Alpha-lactalbumin (α-la) and beta-lactoglobulin (β-lg) are the two main whey proteins found in milk; both have 
characteristic, beneficial nutritional and functional attributes [1]–[3]. In recent years the dairy industry has 
developed a range of separation processes that allow for the enrichment of whey protein concentrates with 
either of the two. These fractionation processes, often using membrane filtration technologies, allow for the 
economic valorisation of dairy side streams by producing protein ingredients with specific nutritional and 
functional benefits [4].  
 
Membrane filtration is a pressure-driven process which separates a liquid into two streams by means of a 
semi‑permeable membrane. Most dissolved components and some low molecular weight components pass 
through the membrane into the permeate, while larger components are rejected by the membrane and remain 
in the retained stream called retentate [5]. In the dairy industry, membrane filtration is widely used for milk 
protein up-concentration and standardization (so-called ‘standardized milk’). However, membrane filtration can 
also be used to selectively separate specific components in whey based on their molecular weights. α-la and β-
lg have different molecular weights, and tailored membrane filtration processes have been developed to 
separate the two proteins in whey streams [6] [7].  
 
The separation performance of the target compounds is essential to the economic feasibility of whey protein 
fractionation processes. Therefore, suitable indicators are needed to characterize membrane selectivity. Some 
parameters such as flux, permeability, recovery and transmembrane pressure have been used as ‘indirect’ 
performance indicators for membrane filtration processes and several studies attempted to use them for the 
characterization of phenomena such as fouling [8] [9] [10]. Direct indicators, such as the Sieving Coefficient [11], 
necessitate accurate and precise protein concentration analysis of the feed, retentate and permeate streams 
[12]. This study, investigates the use of in-line NIRS monitoring of a side-stream filtration process that is part of 
a whey protein fractionation process. In the whey protein fractionation process monitored in this study, α-la and 
β-lg concentrations are conventionally quantified through time consuming and expensive wet chemistry protein 
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analysis methods such as High-Performance Liquid Chromatography (HPLC) and Capillary Electrophoresis (CE) 
[13] [14]. However, the rapid development of continuous manufacturing processes in the dairy ingredients 
industry promotes the transition from discontinuous, periodic analysis with traditional analytical methods to in- 
or at-line PAT tools [15], and the development of rapid quantification methods for the target proteins is 
therefore of great interest for ingredients manufacturers. 
 
Substitution of wet chemistry analytical methods for quantification of α-la and β-lg with rapid spectroscopic 
methods has previously been done with fluorescence spectroscopy [16] and UV-VIS spectroscopy [17] on 
permeates and diluted retentates. However, rapid and selective quantification of whey proteins in filtration 
retentates has, to our knowledge not yet been reported in literature.  
 
In a previous study [18] we have demonstrated the potential of NIRS for individual whey protein quantification 
in whey. The present study extends this work to using NIRS in a classic at-line cuvette set-up to quantify α-la and 
β-lg independently in a full-scale side stream process at Arla Foods Ingredients Group A/S (Denmark). 
Subsequently, the feasibility of quantifying the two main whey proteins in a continuous mode through the 
installation of an in-line NIRS probe in the process is tested, in full compliance with regulatory and process design 
standards. 
 
Partial Least Squares (PLS) regression models were developed for the prediction of α-la and β-lg. A calibration 
strategy was designed to overcome the challenges characteristic of the whey matrix [17], such as the presence 
of interfering compounds, highly overlapping spectral signals, limited concentration variability and high 
covariance between the analytes of interest in industrial processes. Separate PLS models were developed from 
spectra acquired in the classic cuvette set-up (at-line models) and with the in-line probe (in-line models). 
Finally, the developed models were used to monitor a target step of a protein fractionation process. The selected 
process step was chosen because of the existing process layout and NIRS/process-interface possibilities. At-line 
(cuvette) monitoring was used to quantify protein concentrations at a fixed time in each run over several 
production days, while in-line monitoring was used to characterize trends within production runs and the 
systems evolution over different days/runs.  
 
This study aims to document the suitability of using NIRS for monitoring α-la and β-lg concentrations in a 
fractionation process in ‘real-time’. Primarily, the study investigates if NIRS can be used (at-line) as a substitute 
to off-line HPLC to quantify relevant changes in the industrial process over time. Secondly, the study investigates 
if the real-time protein quantification with NIRS is feasible and if it can help characterize the performance of 
filtration processes by providing novel indicators. 
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Materials and Methods 
 
Alpha-lactalbumin and beta-lactoglobulin for calibration were obtained from Arla Foods Ingredients Group A/S 
(Denmark). The powders used in this study both contained approx. 93% of protein, 1.8% ash, 0.1% lactose, and 
4% water, as stated by the manufacturer.  
 
Samples 
 
A primary set of 20 retentate samples was collected from randomly selected extraction points during the protein 
fractionation process line of interest (Group A). Seventeen of these retentate samples were further spiked with 
α-la and/or β-lg (pure) protein powders, called Group B. Additionally, samples from the whey fractionation 
process were extracted in the proximity of the NIRS probe installation via a sampling port (Figure 1). Scheduled 
sample extractions were performed by the operator team twice per production run (approximately every 10 h) 
over 20 days. A complementary campaign of more frequent sampling (approximately every hour) was done for 
a total of twenty hours on 2 non-consecutive days.  
 

 
Figure 1 - In-line set-up and (reference) sample collection. 

 
The sampling strategy described above resulted in sixty-three samples being collected from the target step of 
the process (Group C). Samples were frozen at -20°C right after collection from the process line and defrosted 
over 12 hours at 5°C prior to reference analysis and off-line spectral collection. The samples presented no 
noticeable changes after being defrosted.  
 
At-line Near-infrared Spectroscopy  
 
NIR spectra were collected using an ABB Bomen MB-100 NIRS Instrument (ABB Analytical Measurements, 
Québec, Canada) in transmittance mode with a 1 mm path length cuvette (HELLMA Macro-Cuvette 100-QS 1 
mm Quartz Glass 100-1-40, Hellma Materials GmbH, Jena, Germany). Spectra were measured in the range 4000–
10000 cm−1 (500–2500 nm) using a spectral resolution of 8 cm−1. A total of 64 scans were recorded and averaged 
for each sample. Each sample was measured in duplicates and all samples were measured in a randomized order 
within a time span of 12 h. The cuvette was cleaned with a cuvette cleaning agent (Hellmanex III, Sigma-Aldrich) 
between measurements, and the empty cuvette was used as background measurement, which was re-acquired 
every hour. Data was extracted from the instrument as absorbance spectra (see Figure 2B). All samples were 
measured at room temperature.  
 
In-line Near-infrared Spectroscopy 
 
The in-line NIRS probe collected spectra from the same point in a retentate stream of an membrane filtration 
process at Arla Foods Ingredients Group A/S  (Nr. Vium, Denmark) for 20 days. Spectra were acquired through a 
pipe on the filtration unit with a liquid flux of around 22 m³·h-1 and at a temperature of 4°C (Figure 1).  The 
spectra were acquired with a Quant FT-NIRS analyser (Q-Interline A/S, Tølløse, Denmark) fibre-coupled to a 
IN271F-02 stainless steel transflectance probe with a path length of 2 mm (Bruker Optics Ltd., Coventry, 
England). The spectra were measured in the range 4000–10000 cm−1 (500–2500 nm) using a spectral resolution 
of 8 cm−1. The instrument was set to record data in a free-run fashion, and a total of 126 scans were recorded 
and averaged for each acquisition, which resulted in one scan every 170 seconds. Due to instrumental and 
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process limitations, the background was recorded from process water flowing through the system at the end of 
each CIP (Cleaning-In-Place) cycle (to ensure the absence of any chemical cleaning agents). This procedure 
resulted in a background being acquired on average every 24 hours, following the production schedule. The 
probe was also used for collecting spectra off-line (see Table 1) before being installed in the process. Off-line 
spectral collection used the same parameters (spectral range, resolution, and number of scans). They were 
measured mimicking process conditions: the probe was dipped in the sample (at 4 to 5°C) and the samples were 
measured twice using as background demineralized water. 
 
Reference analysis  
 
Reference quantification of α-la and β-lg was done using a routine in-house HPLC based method at the research 
laboratory of Arla Foods Ingredients Group A/S (Denmark). The method details are not disclosed for 
confidentiality reasons. The coefficient of variation is reported to be 1.3% for α-la and 1.2% for β-lg.   
 
PCA and PLS Regression 
 
Spectra were analysed in MatLab R2019b (MathWorks, Inc., Natick, MA, USA), using the PLS_toolbox 7.5 
(Eigenvector Research, Inc., Wenatchee, United States), supplemented by in-house algorithms. All spectral data 
were pre-processed and mean centered prior to multivariate data analysis. 
 
Principal component analysis (PCA) on the NIR spectra was used to visualize the changes occurring during one 
production run [19]. PLS regression was performed to investigate if the spectroscopic measurements could be 
applied to predict the α-la and β-lg concentrations in the relevant samples from NIRS measurements [20]. 
 
For the at-line cuvette data, PCA and PLS regression models were primarily focused on the NIRS region 4350–
4750 cm−1 [18]. A Savitzky–Golay [21] second derivative filter of second order with a width of 15 points yielded 
models of the highest quality in terms of interpretation.  
 
For the in-line models, the spectral region from 5550-5610 cm-1 was used along with the 4500-4700 cm-1 region. 
The difference in the ranges selected compared to at-line models is due to a loss of information in the low 
wavenumber range in NIRS spectra for the in-line set-up (see Results section). A Savitzky–Golay second 
derivative filter of second order with a width of 21 points yielded models of the highest quality (more severe 
smoothing was necessary due to noisier spectra). Models were cross-validated in segments where all replicates 
of (i) the same sample and (ii) replicates stemming from the same industrial whey stream were kept out one at 
a time to guarantee that the reported performances are invariant to the underlying chemical matrix.  
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Results 
 
Exploration of the NIRS spectra  
 
Figure 2A shows spectra of aqueous solutions of the pure proteins (cuvette set-up), where distinct peaks are 
observed for α-la and β-lg. As we have documented previously [18], the spectral window in the peak valley 4350–
4750 cm−1 provides an excellent foundation for quantifying α-la and β-lg. However, this same spectral region is 
also rich in information from other chemical compounds that may interfere with the characteristic bonds of our 
two proteins of interest. Amide I combination bands are present around 4600 cm-1 [22]. Furthermore, functional 
groups associated with lipids absorb around 4330 cm-1 and the absorption at 4400 cm-1 can be attributed to CH- 
and OH- combination bands from lactose [23]. Spectra of the collected samples in a cuvette set-up and with an 
air background are shown in Figure 2B, while Figure 2C shows spectra collected with the transflectance (process) 
probe and with a water background. Spectra acquired with the probe are very noisy in the NIRS region below 
4400 cm-1 due to the high path length (causing a higher general level of absorption than optimal) and the optical 
fibres blocking light transmission. Another region of interest for protein quantification is the region from 5550-
6100 cm-1 which corresponds to the first CH-overtone [22]. This spectral region was used complementarily for 
the in-line PLS models, given the low signal to noise rate observed at the lower (< 4400 cm-1) NIRS wavenumbers. 

 

 
 
Figure 2 – (A) Cuvette spectra of pure alpha-lactalbumin and beta-lactoglobulin (10 w/w%) in water (B) NIRS spectra of samples acquired 
(with an empty/air background) in a classic cuvette set-up (C) NIRS spectra acquired with the probe (with a water background)  off-line 
and in-line during process monitoring. Data below 4300 cm-1is not shown due to excessive noise.  
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PCA 
  
Data collected in-line over 20 hours of processing were explored by Principal Component Analysis (PCA) to 
describe the changes over time (Figure 3). Approximately 95% of the total variance in the spectral data is 
explained by two first principal components. By using the protein concentration composition (Figure 3C) to 
interpret the PCA scores over time, it is observed that PC1 partially describes β-lg while PC2 represents α-la 
concentration kinetics. Since PCA is by definition an un-supervised method, the first component might also 
include information about the total protein concentration (which is highly correlated to β-lg contents in this 
system) while the second component may describe other analytes partially passing through the membrane 
during processing (including α-la and lactose). An exact chemical interpretation of PCA components is 
challenging, but some subtle differences between the spectral profiles of α-la and β-lg are manifested in the 
loading profiles of Figure 3D. Small changes from the main trend(s) are visible in the PCA scores before 8 hours 
versus after 10 hours of processing. Small adjustments to process parameters are done by operators during a 
typical run, and these adjustments are picked up by the exploratory PCA model where common systematic 
variance is the only criterion. 

 
Figure 3 - PCA plots for PC1 (A) and PC2 (B) against time, protein concentrations (by HPLC) against time (C) and spectral loadings (D). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



115 
 

Calibrations 
 
Four separate PLS regression models were established, one for each of the two proteins and with spectra 
collected in a cuvette (at-line models) or with the in-line probe (in-line models). Table 1 and Figure 4 show the 
results obtained for the PLS calibration models. Table 1 also illustrates how data was split into calibration and 
test sets to allow for a meaningful interpretation of the model's predictive capabilities. Sample set ‘Group C’ was 
split into calibration and validation sets to allow for samples from a full run and samples from different runs (at 
the same production point) to be predicted. An optimum number of components was found for the NIRS 
calibration based on first minima in Root Mean Squared Error of Cross Validation (RMSECV) values; both cuvette 
and probe calibration showed consistently that six components were optimal for α-la models and four 
components for the β-lg models. In-line (probe) PLS models were inferior compared to the at-line cuvette 
models. This is due to the combined effect of error sources of the in-line set-up design (2mm probe and optic 
fibre cables) that was necessary due to process design and safety regulation reasons. The increased path length 
deteriorated spectral quality and compromised in the low wavenumber NIRS region (Figure 2). Moreover, the 
flow through the pipe increased noise and the background collection (on CIP water) affected the spectral quality. 
As a result, the PLS models from the in-line data showed higher prediction errors for both proteins. The α-la 
prediction was especially deteriorated in the in-line set-up; generally, the α-la models were more complex and 
of lower quality, also because of the limited concentration span of α-la found in the process samples.  
 

 
Table 1: Calibrations 
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Figure 4 - At-line models for α-la (A) and β-lg (B) and in-line models for α-la (C) and β-lg (D) 
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Process monitoring 
 
At-line monitoring of a protein fractionation process 
 
Beta-lactoglobulin and alpha-lactalbumin concentrations were predicted (using at-line models) in samples 
extracted from the process approximately every 10 hours to investigate if the developed PLS models are 
sufficient in detecting relevant changes during the process. The samples’ protein concentration profile (in terms 
of α-la/β-lg ratio) is plotted in Figure 5, which can be interpreted as a ‘barebones’ process control chart where 
predictions of protein concentrations over eight days are used to monitor the state of the process. Leave-one-
sample-out RMSECV are plotted for each prediction as the cross line length, along with the sample reference 
concentration to allow for a better interpretation of the predictions. The figure shows that predictions for all 
days except for β-lg concentration for the green day are in good agreement with the reference HPLC and within 
the prediction estimate limits.  

 
Figure 5 - Protein profiles over different days at ~10h of processing. Crosses (+): predicted NIRS value and the prediction estimate. Points 
(o): are reference HPLC values. Colors: different days. Black, dashed lines: mean concentrations. 
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In-line monitoring of a protein fractionation process 
 
Beta-lactoglobulin and alpha-lactalbumin concentrations were predicted in-line during the process to evaluate 
if NIRS can be used to monitor the process kinetics and changes in real-time. Figure 6 shows predicted and 
reference concentrations for the two proteins plotted as a function of production time for one process run. Both 
proteins show the most significant changes in concentration during the first 4 hours before reaching a steady 
state. The α-la concentration increases right after the production start-up, from which point on it quickly reaches 
a minimum before starting to slowly increase until the next CIP (not included in the figure). β-lg increases until 
it reaches a maximum concentration after about 4 hours after which it remains stable throughout the 
production. The in-line NIRS predictions seem to be in good agreement with HPLC measurements, despite the 
α-la prediction error being large (Table 1) relative to the very limited concentration span observed during a 20 
hour production run.  

 
Figure 6 - HPLC reference values (in red) and NIRS predictions for a representative run of the process over time. 

 
 

Unavoidably, the design and implementation of the optical instrumentation inside a production surrounding 
caused deteriorated data quality, which affected the model prediction ability (see Table 1). With higher 
prediction errors and the prediction frequency relatively slow (approximately every 2.5 minutes), it remains to 
be established if the models are sufficient for describing key changes in the process.  
 
To illustrate how the current set-up/model can guide the operators in understanding the process, Figure 7 shows 
how an Exponentially Weighted Moving Average (EWMA) [23] filter was used to calculate 95% confidence 
intervals for the same process run. EWMA is suggested because it is a simple to implement and purely causal 
filter (using only present and past observations) that has been proven invaluable in visualizing developing trends 
‘real-time’ to operators [24]. The figure focuses on trends in the period 1 to 20h; the dynamic start-up phase is 
not included in this example. Control lines (in red) represent hypothetical limits for the key indicators of interest 
to process engineers: α-la, β-lg concentrations and the α-la/β-lg ratio. They are arbitrary (calculated as the mean 
and three times standard deviation over all runs) and serve the purpose of demonstrating what an operator 
interface might look like. PLS models are successful in detecting the increase in α-la and, most importantly, in 
the α-la/β-lg ratio after 8 hours. Closer inspection of the process performance around 16 hours reveals a modest 
upward trend toward a new steady-state noticeable in α-la, mirrored by an opposite trend in β-lg. This new 
steady-state is not easily detected in the individual NIRS predictions, but can be detected in the EWMA ratio 
chart. By plotting a change in the analytes and their ratio ‘as it happens’, the suggested PAT tool - ‘NIRS + PLS + 
EWMA’ -  provide a tool to understand the key trends in the process in real-time and is thus suitable for 
monitoring of the relatively slow and stable fractionation process. 



119 
 

 
Figure 7 - 95% Confidence Intervals for EWMA predicted trends for one filtration run for the key indicators: α-la (A), β-lg (B) concentrations and 
α-la/β-lg ratio (C). EWMA weight λ = 0.15, variance estimated from successive observations, 95%CI based on Hunter (1986) [23]. Red lines are 
hypothetical upper control (UCL) and lower control limits (LCL). 
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Identifying trends across different days with in-line monitoring  
 
The suitability of in-line NIRS for monitoring the process is further evaluated by comparing protein 
concentrations over different days. Figure 8 shows the time/concentration profile of 2 x 3 consecutive 
production days. Predictions have been smoothed (moving average filter, EWMA weight λ = 0.2) for illustrative 
and interpretation purposes. 

 
Figure 8 -Smoothed concentrations profiles for 2 x 3 consecutive days. (A) and (B) α-la; (C) and (D) β-lg; (E) and (F) α-la/β-lg ratio. Days I, 
II and III are considered suboptimal runs while Days IV, V and VI are runs where the process is considered to behave normally. Black 
vertical lines represent the current sampling frequency. Red horizontal lines represent hypothetical control limits. White gaps in some 
profiles represent production interruptions/stops.  
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Consecutive production runs are separated by CIP operations which restore the fractionation capacity of the 
membranes. Production runs can last up to 24h, but the duration of individual production runs can vary 
significantly due to uncontrollable factors and scheduling decisions. In Figure 8 the spacing in between the days 
represents the CIP cycle of the system, and the gaps in the concentration profiles represent production stops. 
The days were selected according to their protein concentration profile, with Days I, II and III representing days 
where the process is ‘less desirable’ while IV, V and VI represent days where the process is functioning well.  
 
After the initial start-up, the aim in this system is to have the most stable concentration profile for both proteins 
throughout the run. This is, however, not possible since progressive fouling is inherent to membrane filtration 
processes [9], resulting in smaller molecular weight compounds (here α-la) being increasingly retained by the 
membrane. The α-la concentration on the retentate side increases during each run as a result of a decrease in 
the membrane separation performance, which is ideally restored to initial conditions after a CIP cycle. When the 
process is not functioning optimally, α-la increases faster and reaches a higher absolute level than the 
nominal/target level (Figure 8A). As the membrane separation efficiency is partially affected during these days, 
more dissolute compounds remain in the retentate and β-lg concentration decreases. The membrane system 
behaviour of the two proteins is reflected in the α-la/β-lg ratio which increases across all days, but increases 
faster and to a higher level during suboptimal production days (Figure 8E). As an additional hint to the fact that 
the protein transmission efficiency has deteriorated in suboptimal days, the membrane separation performance 
is not restored fully to initial conditions after CIP cycles and the α-la/β-lg ratio is increasing more rapidly and 
importantly during consecutive days (Figure 8E).  
 
When a production stop happens, the protein concentration profiles after restarting deviates from expected 
behaviours for uninterrupted production runs (e.g. Figure 8A, Day I). The current manual sampling frequency, 
twice per run, represented by the vertical lines in Figure 8, would be appropriate for detecting degradations in 
the process performance on Days V and VI, since α-la/β-lg ratios are high at both sampling points and increases 
consistently from 10 to 20h of filtration. During Day I (Figure 8E), the α-la/β-lg increases quickly after the process 
start-up, but decreases subsequently due to an interruption and adjustment of process parameters by the 
operators. As a result, the samples drawn from the process at the two fixed times points for Day I would show 
a normal α-la concentration and a slightly lower β-lg concentration, and neglect the information provided by the 
rapid α-la/β-lg ratio increase observed in the first part of the run based on the in-line NIRS data. In this case, the 
separation performance of the membrane is affected from Day I and it is anticipated that a significant process 
deterioration might occur on Days II, possibly III, but the two point sampling strategy would not be able to detect 
this. Characterisation of concentration trends throughout the production run, including the effect of production 
interruptions (stops) and changes in process parameters, is the main reasons in favour of continuous in-line 
monitoring of a filtration process using PAT tools.  
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Discussion 
 
The at-line PLS models demonstrated sufficient prediction ability to quantify changes in the membrane filtration 
process over the eight days. NIRS can therefore be considered a suitable analytical method to monitor a protein 
fractionation process. The use of NIRS as an at-line PAT tool would be more cost and time-efficient compared to 
the current HPLC monitoring and will allow for more frequent monitoring.  
 
The in-line PAT tool developed in this study provides valuable information about the process performance that 
would not be easily accessible with existing tools. Because of the distinctive behaviour of the process, when the 
separation performance of the membrane deteriorates, α-la concentration in the retentate increases and β-lg 
concentration decreases. If the process was monitored by e.g. quantifying total protein (or dry matter), the 
changes in each protein concentration would be ‘compensated for’ by the other protein. Changes in the system 
would therefore not be noticeable until the system has deteriorated to a high degree. In-line NIRS, and to a 
lesser extent at-line NIRS with more frequent sampling, allow for earlier detection of changes in process 
performance. Although the process studied is extremely stable and standardised, real-time monitoring permits 
in-depth validation of membrane filtration systems and a better understanding of the influence of process 
parameters on the quality attributes. An integrated Quality by Design approach (QbD) [25] to protein 
fractionation can potentially involve optimized cleaning and preventive maintenance and result in increased 
separation efficiency of the target compounds. 
 
The in-line tool tested in this study can be used for visual process diagnostic (Figures 7 and 8) by the operators 
without the need for any additional calculations. However, predictive models, are often challenging to deploy 
and maintain in a production environment, hence moving a ‘proof-of-principle’ laboratory study into the ‘real 
world’. Variation not present in the calibration set such as instrument drifts and potential background changes 
in the samples analysed that might introduce biases in predictions [26]. Continuous protein concentration 
monitoring can also allow for the design of novel performance parameters, independent of absolute 
concentrations. As an example, a kinetic model could be fitted to the α-la/β-lg profile to describe the separation 
performance of the membrane, with faster increases in the ratio forecasting the need for additional membrane 
cleaning, maintenance or replacement. 
 

Conclusion 
 
This study has demonstrated the suitability of NIRS to quantify α-la and β-lg concentrations in a dairy side 
stream. At-line models were developed using a classic cuvette set-up. The prediction errors of 0.08 for α-la and 
0.18 for β-lg (w/w%) was judged acceptable for the process investigated. The developed models were used to 
quantify protein composition over several production days and changes in the system were successfully 
identified. In-line NIRS set-up was designed and installed, in full compliance with safety, regulatory and process 
design standards in a full-scale facility, to test its suitability for process monitoring. Despite the spectral data 
deterioration due to the in-line probe set-up, the prediction of α-la and β-lg was still sufficient for monitoring of 
the process key changes (0.14 for α-la and 0.20 for β-lg w/w%). An EWMA filter was applied to predictions to 
smooth the individual NIRS predictions into trends as a graphical aid for process monitoring. In-line models were 
used to continuously monitor protein concentrations during production runs over several days and characteristic 
protein profiles were identified as optimal and suboptimal production runs. The developed in-line NIRS tool 
allowed elucidation of process behaviours not readily detectable with the current sampling frequency.  
 
In conclusion, the developed at-line PAT tools allow for cheaper and more frequent monitoring of α-la and β-lg 
in dairy side streams than the current HPLC quantification off-line method. In addition, in-line, continuous 
quantification of the analytes reveals changes in the separation efficiency of the target compounds during each 
single run and run-to-run differences. Despite the fact that the choice between at-line and in-line PAT 
applications must be driven by economic factors not covered in this work, the results of this study demonstrate 
that in-line protein composition analysis is feasible and suggests that it is more desirable than at-line for optimal 
process monitoring. In-line NIRS monitoring allows for a better understanding of the process, by characterisation 
and quantification of protein profiles after production stops and dynamics changes in key process parameters. 
The quantitative knowledge from the PAT tool could allow for a QbD approach, resulting in cleaning 
optimisation, measurement-based adjustments of parameters and preventive membrane maintenance.  
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