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Formulated food products are essential elements in many diets. Nonetheless, 

resources to produce them are becoming scarce. Therefore, we should reconsider the 

way we process foods ingredients and formulate food products. Food processing has 

been essential since pre-historic times as it ensures food safety and improves 

digestibility and overall quality of the food products.1 A few of the most common and 

traditional processing techniques that aim to preserve foods are (sun-)drying, 

smoking, and salting. Fermentation is also a process to preserve fresh produce like 

milk into cheese or meat into sausages. Soaking and cooking pulses are necessary to 

remove anti-nutritional factors and increase nutrient availability.  

In the 19-20th century, new technologies such as canning, pasteurisation, extrusion, 

and spray drying introduced another way of food preparation. To ensure food safety 

and quality, especially after the Second World War, home cooking shifted to more 

industrialized processes.1 Further globalisation and urbanisation resulted in a larger 

demand for food products with less direct access to land. To make use of the economy 

of scale, industrial producers optimized food product formulations and increased 

efficiencies in the processes. One of the consequences was that refined ingredients 

are now preferred for processed foods like ready-to-eat soups and sauces since they 

have known and constant functional properties.2 

Legumes, seeds, and grains are examples of common sources for such ingredients 

for food products. A traditional example is the usage of wheat flour for bread. In this 

case, the crop is processed to make it suitable for the final product: milling the flour 

breaks up the kernels and makes the components available for water to start the 

fermentation process. Currently, to obtain the standardized quality the crops are 

processed into multi-purpose ingredients, or isolates. This means that they are pure 

in one component. For example, a starch isolate is used to thicken a soup, a protein 

isolate is used to stabilize a plant-based yoghurt, and a fibre isolate is used to enrich 

pasta.  

Although these ingredients were meant to increase the efficiency of the food chain 

from food manufacturers to consumers worldwide, they did not always result in 

efficiency over the full chain from crop to consumer. Refining crops such as wheat or 

legumes into almost pure ingredients and subsequently combining them again in 
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food products is not efficient (Figure 1.1). From a sustainability perspective, these 

products often contain ingredients that come from all over the world and have each 

already been processed extensively before assembling the final food product, which 

contributes to a higher environmental impact. For example, a study on meat 

replacers based on peas found that the ingredient preparation had the highest impact 

in the whole production chain.3 In addition, fibre and other micronutrients are 

stripped from the ingredients, while the general intake of fibre is already low in our 

diets.4,5  

 

Figure 1.1 Fractionation of crops into pure and enriched ingredients (such as flour) to 

formulate food products. Colours of the boxes represent components in the ingredients. 

The question arises if it is necessary to assemble food products using these highly 

refined ingredients. For some products, it is evident that purer ingredients are 

needed. For example, for vegan products or sports drinks that require protein to 

enrich the product. However, a simple bread or even a ready-to-eat soup can be made 

with less refined ingredients that already contain the combination of the components 

that were initially assembled by pure ingredients. Food assembly is therefore a trade-

off between price, nutrition, functionality, and sustainability. In addition, food 

assembly cannot be generalized for all food products.  
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1.1 Moving to milder processes to produce ingredients 

The production of highly refined pure ingredients has a relatively large 

environmental impact. For example, to isolate proteins, one typically disperses 

milled seeds (flour) into water and subsequently uses alkaline and acidic conditions 

to extract protein.2 Although these methods do remove anti-nutritional factors6,7, the 

consequence of this wet process is that the ingredients need to be dehydrated again 

for transportation, which is very energy intensive.8,9 Besides, not all protein can be 

recovered, and a fraction is therefore lost. Finally, these harsh processing conditions 

change the functional properties of the proteins10, which might be undesired. To step 

away from a focus on pure components, recent studies looked at creating ingredients 

that deliver certain functional properties, regardless of their purity.2 With a focus on 

functionality, processes to fractionate crops into ingredients can become less 

intensive. For example, there are methods that use fewer chemicals11 or no chemicals 

at all, such as sieving12, air classification13, electrostatic separation14, or just water15. 

The fractions, or ingredients, that are produced using these milder fractionation 

methods can be highly functional, yet are only enriched in certain components, and 

far from pure (Figure 1.1). 

It is the word functional that is important for food ingredients; however, it has at the 

same time also a very broad definition. Food ingredients have bio-functionality, 

which means for example that they include bioactive compounds with claimed health 

benefits. Digestibility can also be a functional property that is important, especially 

for foods targeted to specific groups, such as the elderly, infants or athletes.16 Other 

functional properties that are relevant for food ingredients are techno-functional 

properties, such as gelation in for example puddings, emulsifying properties in 

mayonnaise, foaming capabilities in barista milk, or the viscosity in soups and 

sauces. Product developers formulate foods using ingredients with certain techno-

functional properties in such a way that the structure and taste are optimized.  

Although more mildly refined ingredients may have excellent techno-functional 

properties, they are relatively difficult to understand due to their complex 

composition. The latter can be mainly attributed to interactions that take place 

between components within the ingredient itself. The processing history of the 
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ingredients, which is mainly the fractionation method that is used to produce them, 

also influences the final techno-functional properties. Both the complex composition 

and techno-functional properties currently make these mildly refined ingredients 

less attractive to food product developers, even though they are more resource use 

efficient.3,8,17 The central hypothesis in this work is that if these milder refined 

ingredients can be used in formulations for products like ready-to-eat foods and 

plant-based or enriched products, their environmental impact can be drastically 

reduced.  

1.2 From functionality-driven fractionation to formulation 

To create food products with a lower environmental impact, it is desirable to use 

more mildly refined ingredients, in spite of their complex composition and 

functionality. Jonkman et al.18 proposed a multi-criterion decision framework in 

which ingredients are matched to final food products without being isolated into 

pure ingredients. This approach was inspired by the formulation of chemical 

products and was based on the principles of process system engineering. Here, 

blends are formulated based on their chemical compositions. Applied to food 

ingredients, complex compositions could be matched to a food product portfolio. 

Minimization of energy consumption over the production chain selected more mildly 

refined ingredients, but since only a subset of the fractions from the raw materials 

could be used, more raw materials were necessary. It was proposed that the 

applicability of (more mildly refined) ingredients will be increased when they would 

be selected based on their functional properties rather than composition (Figure 1.2). 

This means that regardless of whether the ingredient’s composition is pure or 

complex, its techno-functional properties can be the same.  

This poses the challenge of how to describe and quantify the techno-functional 

properties. There are many parameters that simultaneously influence the 

functionality of an ingredient, such as the processing history and interactions 

between components. Although mechanistic models can describe physical processes, 

the enriched ingredients have such complexity that it is very difficult to fully describe 

the functionalities using these types of models. The lack of understanding of all the 

interactions between parameters in models is not limited to food formulations. 
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Taifouris et al. 19 summarize well how in the design of formulated consumer goods 

(from perfumes to laundry detergents to food products), understanding interactions 

in both the molecular as well as the ingredient design limits the development towards 

optimizing formulated products. The need for optimisation models that can be used 

to quantify these non-linear systems is also highlighted. 

 

Figure 1.2 Schematic representation of ingredients in composition (top) and techno-functional 

properties (bottom). 

Formulating food products based on functional properties using models has been 

done before. For example, Manzocco et al.20 quantified the contribution of sugar 

replacements using explicit mathematical equations to formulate low-calorie syrups. 

A limitation of this study was that the interactions that took place between 

components were not covered. More complex mathematical models like machine 

learning algorithms are better capable of quantifying (non-)linear relationships 

between a large number of input and output variables, without prior knowledge of 

the physical behaviour. These machine learning models can be linked to mechanistic 

models to for example include the effect of the Maillard reaction.21 Therefore, it is of 

interest to explore the quantification and prediction of techno-functional properties 

of mildly refined ingredients using machine learning algorithms.  

1.3 Machine learning to capture techno-functional properties 

In general, machine learning is a term used to describe mathematical algorithms that 

are based on empirical data.22 Machine learning is widely applied in for example 
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speech and face recognition, language processing or finance for trading purposes.23,24 

It is also applied in the sciences, for example in social sciences to analyse political 

campaigns or in biology to predict protein folding and gene expressions.25 In food 

science, it is increasingly applied in for example food waste prediction26 and the 

classification of cow milk 27, which are just a handful of examples.   

Machine learning covers a range of algorithms that quantify and predict 

relationships. Examples are linear regression, support vector machines, decision 

trees, and neural networks. Depending on the method used, the output can be a 

binary variable (e.g., spam or no spam), which is a classification problem, or a 

continuous data output (the optimal price to sell assets), which is called a regression 

problem. When in- and output variables are assigned to each observation, the types 

of models are called supervised learning.28 An example is a study that compares a 

random forest, neural networks, and a support vector machine to classify different 

types of honeys based on the characteristics of an electrophoretic gel.29 In 

unsupervised learning, model algorithms structure unlabelled data. For example, K-

means clustering can be used to pre-process pictures of diseased leaves of corn 

plants, and to identify and remove noise for the picture and further analysis.30 

Another frequently used method is principal component analysis (PCA), which is 

used to reduce the dimensionality of high-dimensional datasets. This is useful to 

analyse multivariate data from for example sensory attributes of chickpeas stored 

under varying conditions.31   

These examples demonstrate that machine learning covers a wide range of methods 

that can be applied to many fields. This can be attributed to the strong predictive 

capacity of these methods. As opposed to classical regression models, these models 

are flexible and can take any shape in which they are trained. This also poses the risk 

that the model overfits the data (Figure 1.3), meaning that the model follows every 

observation directly to obtain a good prediction. In other words, the models also fit 

the noise in the data. In that case, the model is too complex and it will become 

difficult to generalize or extrapolate the model to other observations.32 When a 

model is simpler, it has the chance to underfit the observations. The causes of poor 

fits are complicated but can be assigned to noise in the datasets used to compose the 
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models or due to a suboptimal trade-off in model complexity.32 Model complexity is 

dependent on for example the degree of a polynomial in linear regression, the 

number of nodes in a neural network or the number of splines used in a spline 

regression. These are the so-called hyperparameters of a model and set the 

architecture of the model.  

 

Figure 1.3 Representation of an underfitted, overfitted, and properly fitted model.  

To determine the right model complexity and find the optimal architecture, the 

complete dataset is typically split into two datasets: a training set and a test set. On 

the training set, a k-fold repeated cross validation is applied. With this method, the 

training dataset is k times randomly split into a training and validation set and the 

error is determined for different splits (Figure 1.4). The error is calculated differently 

for regression and classification problems but in general, gives an indication of how 

well the data is predicted. For regression problems, this can for example be the 

square root of the sum of the squared differences between the measured and 

predicted values (root mean square error). For classification problems, this is often 

the percentage accurately predicted values of the total values.  

The hyperparameters that determine the model complexity are then picked based on 

a trade-off between the bias and the variance of the model performance (Figure 1.5). 

The bias represents the ability of the training set to predict the training data, which 

is high when a model with low complexity (for example a low degree polynomial) 

underfits the training data and results in a high training error, and hence, a high  
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Figure 1.4 Representation of splitting the dataset into a training and test dataset, in which the 

training set is split k times into training and validation datasets to tune the hyperparameters, 

finally the tuned model is tested against the testing data. 

 

 

 

Figure 1.5 Bias variance trade-off of the errors of the training and cross validation sets as a 

function of model complexity.  
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training error, and hence, a high cross validation error. A model suffers from high 

variance when the model is very complex (for example with a high degree 

polynomial) and therefore overfits the training set, resulting in a low training error, 

but cannot generalize to the cross validation set that suffers from high error. The best 

model complexity is where both the training and the cross validation error are 

lowest. After the best model architecture is found, the model is subsequently tested 

again with independent data to evaluate the overall model performance. Other 

methods of building a model and tuning hyperparameters are leave-one-out, 

repeated cross validation, or bootstrapping.28  

The large number of machine learning algorithms available with proven predictive 

capacity in many fields makes this a relevant field to connect to the formulation of 

food ingredients. Especially since understanding the underlying mechanistic 

processes is less important for this purpose since the aim is to identify parameter 

spaces that lead to certain functional properties in these ingredients. 

1.4 Aim and outline of this thesis  

This study is based on the hypothesis that the use of mildly refined ingredients may 

reduce the environmental impact of food products when selected based on their 

functional properties. To assess the complex composition and functionality of these 

ingredients, the high predictive capacity of machine learning algorithms can be used. 

Therefore, we connect these two topics in this thesis and employ machine learning 

in the formulation of ingredients for food products. The aim of this thesis is to assess 

to what extent the use of a functionality-driven selection of ingredients using 

machine learning may lead to more sustainable food production. This will be 

demonstrated using a case study of extensively and mildly fractionated ingredients.  

The ingredients will be produced from yellow peas and lupine seeds, as these are 

both excellent plant-protein sources. Ingredients from these crops will be matched 

to a product portfolio based on selected techno-functional properties: thickening 

behaviour (final viscosity and gelation), foaming capacity, and the stability of 

emulsions. 
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First, in Chapter 2 the state of the art of fractionation methods is reviewed as well 

as the effect of extensive and milder processes on techno-functional properties of the 

ingredients. To quantify whether mild refining is actually more sustainable, the 

environmental impact of both extensively and mildly refined ingredients needs to be 

quantified. Therefore, in Chapter 3 we conduct a life cycle assessment of extensively 

and mildly fractionated ingredients from yellow pea and lupine seeds. 

The concept of a functionality-driven selection of ingredients is illustrated first in 

Chapter 4. Here, the thickening capacity of extensively and mildly fractionated 

ingredients is quantified and expressed in the final viscosity. The relation is 

subsequently used to create ingredient formulations that can be controlled for 

viscosity, composition, as well as global warming potential.  

The functionality-driven selection of ingredients is then applied to the other selected 

techno-functional properties.  As some of these properties behave non-linearly, other 

machine learning models that can quantify non-linear behaviour are employed. In 

Chapter 5, a framework is proposed to select machine learning models that deliver 

predictions that are physically feasible and that are suitable for ingredient 

formulations, illustrated by the gelling capacity of yellow pea ingredients. 

As ingredient formulations commonly include ingredients from several crops, it is 

desired to have a general model that can be applied to multiple crops. In Chapter 

6, all selected functional properties for mixed crops (both yellow pea, lupine seeds 

and mixtures of those) are quantified using the framework from Chapter 5. Based on 

all findings, a general discussion of the findings is provided with an example of the 

application of functionality-driven formulations of ingredients for a product 

portfolio in Chapter 7. This chapter gives a critical discussion of the sustainability 

of a product portfolio when selecting based on functional properties as opposed to 

composition reflects on the further implications of the presented concept and 

provides an outlook on further steps.  
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Figure 1.6 Graphical overview of the thesis content and chapters. 
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2.1 Abstract  

 With the rising problems of food shortages, energy costs, and raw materials, the food 

industry must reduce its environmental impact. We present an overview of more 

resource-efficient processes to produce food ingredients, describing their 

environmental impact and the functional properties obtained. Extensive wet 

processing yields high purities but also has the highest environmental impact, 

mainly due to heating for protein precipitation and dehydration. Milder wet 

alternatives exclude, for example, low pH–driven separation and are based on salt 

precipitation or water only. Drying steps are omitted during dry fractionation using 

air classification or electrostatic separation. Benefits of milder methods are 

enhanced functional properties. Therefore, fractionation and formulation should be 

focused on the desired functionality instead of purity. Environmental impact is also 

strongly reduced by milder refining. Antinutritional factors and off-flavours remain 

challenges in more mildly produced ingredients. The benefits of less refining 

motivate the increasing trend toward mildly refined ingredients. 
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2.2 Introduction  

Foods are generally created by combining ingredients into a complete food, which is 

greatly helped by the availability of ingredients that are neutral in taste and constant 

in quality. This requirement has led to the development of highly refined ingredients, 

such as oils, sugar, starch, and other carbohydrates like maltodextrins and protein 

isolates, which are relevant for the conversion into foods. Strong refinement of 

ingredients requires significant energy for heating and dehydration, and auxiliary 

chemicals such as salts, acids, and bases. It also inevitably results in the loss of some 

of the targeted components into waste or side streams. Processing therefore has a 

strong influence on the overall environmental impact, directly through the use of 

energy and chemicals, and indirectly through the requirement of more raw materials 

due to losses during processing.3,9 Subsequently, there is a need to produce more raw 

materials. 

The long-term perspective of food shortage comes from the growth and increasing 

affluence of the world population.33 This is now aggravated by dramatically rising 

costs of energy and raw materials as well as unrest in some of the most productive 

agricultural regions of the world. More efficient production has therefore become 

paramount. At the same time, consumers tend to feel more negatively toward highly 

refined food components. Regardless of whether these worries are based on scientific 

evidence, it is crucial to take note of this. Finally, there is consensus among 

nutritional scientists that our diets do not contain sufficient dietary fibre.4,5 The use 

of highly refined ingredients in our foods certainly does not help. The 

abovementioned trends all point to using milder processing methods, resulting in 

less pure ingredients that can be used for similar purposes as fully refined 

ingredients. However, mild processing may also have unwanted side effects, such as 

the retention of antinutritional factors34 and microbial or chemical hazards in the 

ingredients.  

Aside from proteins, which are currently in focus because of the trend toward plant-

based meat analogues, another important type of refined ingredient is fats and oil. 

Because plant oils normally contain off-flavours and other unwanted components, 

extensive refining of oils has been the norm for decades. This process is typically 
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done by (cold and hot) expression of most of the oil and subsequent extraction of the 

residual oil using hexane. The oil is then degummed to remove phospholipids. The 

oil may be subjected to an alkaline step to remove free fatty acids and is then dewaxed 

to remove a high-melting oil fraction because consumers prefer oil that remains clear 

at all temperatures. The oil-refining steps lead to a loss of micronutrients.35 Finally, 

bleaching by adsorption and deodorization by steam stripping yields oils that are 

neutral in taste but must be stabilized against oxidation. 

Both protein isolation and oil refining are currently not efficient in the use of water, 

auxiliary chemicals, and energy, or in recovery. There are now sincere efforts 

underway to either create aqueous processes that employ milder conditions in terms 

of ionic strength and pH or avoid the use of water by using dry fractionation routes. 

These alternative routes all have different effects on the properties of the ingredients 

that are produced and compromise between the use of resources and the recovery 

that they can achieve. It is not yet clear how these alternative routes are related to 

the properties of the targeted fractions in terms of their technical functionality for 

incorporation into structured foods, nutritional quality, and retention of 

antinutritional factors and other hazards. Finally, a good perspective on the overall 

sustainability footprint of the different milder processing routes is also still missing. 

In this review, we highlight the relation between milder processing routes for 

production of ingredients, resource use efficiency, and (techno-)functional 

properties of the obtained ingredients. First, different mild fractionation methods 

are discussed. We then focus on the functional properties that the various fractions 

have. Then, we assess the footprint of the different routes, and we conclude with a 

discussion of the trend toward milder fractionation processes and their potential for 

future applications. 

2.3 Mild fractionation routes 

Traditional wet separation often entails either the dissolution of part of the 

unwanted materials or dissolution and subsequent isoelectric precipitation of the 

desired component, such as protein, under elevated temperatures (Figure 2.1). Wet 

extraction enables the concurrent removal of antinutritional factors, such as 
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alkaloids6 and trypsin inhibitors7.However, the harsh process conditions are thought 

to disrupt the natural conformation and change the original properties of the 

proteins as present in the seed or bean. Therefore, a logical step is to consider using 

milder conditions, such as neutral or less alkaline pH, or a method that does not 

require water at all (e.g., dry fractionation). 

Mild fractionation” for “food” is a relatively new term, which so far has been 

mentioned in only 14 published articles on Scopus, with the first published in 2014. 

Yet mild fractionation techniques have been used under different names. For 

example, dry fractionation has been applied for decades, for example, by Gueguen36. 

Therefore, it is no surprise that a search for “dry fractionation” for “food” yields 118 

articles on Scopus, with the first published in 1984 and focusing on the separation of 

fats. From 2011 to the present, the focus has shifted to producing sustainable 

ingredients for consumers. Although these search terms give a good example of the 

novelty of the definition of mild or dry fractionation, they do not cover all the 

research going on in this field due to the inconsistent use of definitions. There are 

several excellent reviews on fractionation techniques themselves.14,37–39 Here, we 

focus on the principles and the type of fractions that can be obtained using different 

types of fractionation methods that can all be considered mild. 

2.3.1 Sieving and air classification 

Fractions rich in protein, starch, or fibre can be obtained by dry fractionation using 

a combination of milling and separation of the flour particles in two or more 

fractions. Milling is the most crucial step, as it leads to a physical detachment 

between cellular microstructures that are rich in protein, starch, and other 

carbohydrates.13 Ideally, individual starch granules, proteosomes, and bran 

fragments are created. Insufficient milling leads to suboptimal separation because 

the components have not been separated, whereas too strong milling leads to poor 

separation, as small particles aggregate through Van der Waals interactions. Crops 

with a high level of oil (>35–40%) exhibit liquid bridging by the oil and can be dry 

fractionated only after defatting. A recent study investigated the effect of oil content 

on pin milling of soybean and concluded that the exact milling procedure thus 

requires crop-specific optimization.37   
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Figure 2.1 Schematic overview of dry fractionation, mild wet fractionation, and extensive or 

conventional wet extraction methods to produce plant-based ingredients such as protein- and 

starch-rich ingredients, oleosomes, or protein isolates. 
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Subsequent fractionation of milled flours can be done by sieving, elutriation, air 

classification, or a combination. Sieving can be done using a single sieve or stacks of 

sieves.12 Elutriation is often operated in conjunction with sieving and employs an 

upward airflow that takes up smaller particles while larger particles settle 

downward.38 Air classification with a classifier wheel is a further development of the 

elutriation principle and involves entrainment of the flour particles in an airflow, 

which is then blown through a classifier wheel. The advantage of all forms of dry 

fractionation is that all fractions are dry and therefore remain microbiologically 

stable. All fractions can be utilized for further application. 

Air classification has been developing over many years for the enrichment of flours. 

Starch-containing legumes, such as field peas, navy beans39, lentils, faba beans, 

cowpeas, and others40, were found to be especially suitable for air classification. Yet 

(pseudo)cereals and oil-bearing crops like lupine seeds were also successfully 

enriched with air classification.41–44 The reason that starch-containing legumes are 

rich in protein is explained by the cotyledon of these legumes, which comprises larger 

starch granules (±20 µm) that are embedded in a matrix of protein bodies (1–3 µm) 

and surrounded by a fibre-rich cell wall. These starch granules are liberated by 

impact or pin milling to enable size-based separation by air classification. 

The emergence of crops as promising protein crops for human food and the high-

energy-intensive production of ingredients has led to a re-emergence of the 

technique in the scientific literature from 2011 onward, for example, for barley45 , 

oat46; corn38, cottonseed, wheat, and soybean47; lupine48; and pea49,50. The process 

typically delivers fractions that are enriched in specific components, such as protein 

and starch, fibre, or other carbohydrates (e.g., arabinoxylans or glucans). Because 

the process does not require water, the energy consumption is an order of magnitude 

lower than that for wet processes.51,52 

2.3.2 Electrostatic separation 

Air classification separates components that have different combinations of particle 

size and density but cannot separate components that have similar size and density. 

For these flours, electrostatic separation may have potential, and the techniques 

have been described in previous articles.14,53,54 The principle of the method entails 
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differential electrostatic charging of the powder particles followed by separation 

using an electrostatic field. 

Electrostatic separation for food materials is relatively new. Plant materials that have 

been enriched by electrostatic separation are lupine54, soybean55, navy bean56, 

rapeseed57, oat bran58, and wheat bran59. Ingredients produced from legumes were 

enriched in protein, whereas ingredients derived from oat and wheat bran were 

enriched in β-glucans and/or arabinoxylans. In other fields, such as the mining 

industry and waste recycling, triboelectric separation is the more established 

technology. For example, large-scale electrostatic separation is used to treat coal fly 

ash and mineral beneficiation, including beneficiation of iron, phosphate, talc, and 

calcium carbonates on a larger scale.60 

Because the principle is different from air classification alone, good results can be 

obtained by carrying out air classification and electrostatic separation in sequence. 

Such 2D separations can result in protein concentrations of up to 65%, albeit after 

repeated electrostatic separation steps, as was shown in fractionation of yellow pea 

and lentil.61 Xing et al.61 enriched air-classified pea flour by electrostatic separation 

from 57.1% to 63.4–67.6% protein on a dry basis with an ingredient yield between 

15.8% and 4.0%. More recently, researchers proposed the application of a magnetic 

field on top of the electric field to further enhance the separation of air-classified pea 

flour by electrostatic separation.62 This could enrich air-classified pea from 59.7% to 

72.1% protein content on a dry basis with an ingredient yield of 9.2%. 

There seems to be a theoretical limit to the concentration at around 75% for yellow 

pea because this is the concentration of proteins in the proteosomes63; this limit is 

expected to be similar for other seeds. Concerning the relatively low yield of protein 

concentrate, it should be realized that generally electrostatic separation devices 

applied in reported studies are lab-scale devices not optimized for high yield. An 

advantage of dry fractionation is that all fractions (i.e., also starch- or fibre-enriched 

fractions) are not wasted as such but can be used depending on their functionality, 

such as thickening or water binding. 
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2.3.3 Mild wet fractionation 

Boye et al.64 provided a comprehensive overview of the main wet separations of plant 

proteins. Salt-induced or micellar extraction and precipitation avoids extreme pH 

values but employs a solution with high ionic strength to solubilize proteins. 

Subsequent dilution then precipitates the proteins. The remaining ionic strength 

supposedly protects the proteins from full denaturation.10 Another strategy is to use 

just water for extraction. The yield of a water-only method is lower than with 

adjusted (more alkaline) pH or ionic strength, and thus the extraction is often 

repeated. The protein concentration varies from 54% for chickpea to 67% for pea, 

and therefore qualifies as a concentrate.15 This process step was also applied to 

yellow pea to produce starch- and protein-rich fractions.65,66 Ultrafiltration or 

diafiltration can also be used to concentrate proteins in the supernatant after mild 

wet fractionation. Möller et al.67 applied multiple washing steps and ultrafiltration 

to the protein- and starch-rich fractions to increase the protein yield from 

approximately 78% to 87%. Another method without protein precipitation was 

applied by Kornet et al.11,68 in which the proteins were first extracted using elevated 

pH, then purified and concentrated using ultrafiltration. They showed that avoiding 

a precipitation step by using ultrafiltration can recover the albumins from the raw 

materials, which normally do not precipitate because of their better water solubility 

and therefore are wasted. The fractions obtained by such a mild process yielded 

fundamentally different properties with respect to emulsion and foam stabilization68 

and gelation11. 

Besides protein and starch, milder processes to extract oil from crops are also in 

development. The isolation of oils from oil-bearing seeds is typically done by the 

expression and use of organic solvents, such as hexane. Hot pressing and solvent-

based extraction make proteins less soluble69 and oxidize other components in the 

seeds and therefore do not allow optimal use of the complete raw material. Because 

the use of organic solvents in the food process is under public scrutiny, the use of 

mild wet oil extraction is explored, as it allows the simultaneous extraction of oils, 

proteins, and other components. 
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Nikiforidis et al.70 and later Romero-Guzmán et al.71 explored the use of elevated pH 

and centrifugation to extract not just the proteins, but also oils in their native 

oleosome form. These are the intact vesicles that contain the oils in the plant cells 

and are still surrounded by a phospholipid monolayer, membrane-bound proteins, 

and generally some storage proteins.72 Owing to their hydrophilic surface, they are 

dispersible in an aqueous environment. For instance, intact oleosomes were 

extracted by blending rapeseed and sunflower seeds in dispersion.73,74 Ntone et al.75 

showed that both oleosomes and proteins could be extracted simultaneously, as well 

with elevated pH and centrifugation steps, and recovered separately. Moreover, 

Romero-Guzmán et al.76 found that water with some ionic strength could extract 

these oleosomes, although the resulting emulsion flocculated depending on the 

cation used. 

Regarding all extensive and mild wet processes, the thermal load by drying tends to 

denature or otherwise negatively influence the properties of the fractions. Proteins 

lose at least part of their solubility when dried2, even in freeze drying2,77. Van Der 

Goot et al.2 therefore implied that the omission of a drying step and storage and 

application as a liquid concentrate could benefit the properties of the materials as 

well as significantly reduce the overall environmental footprint of the extraction 

process. 

2.3.4 Hybrid dry–wet fractionation 

Even after air classification and/or electrostatic separation, the obtained fractions 

would qualify at most as concentrates rather than isolates. The use of a mild wet step 

specifically on the target fraction may help remove most of the residual fibre, starch, 

and other materials. This was shown for the separation of pea protein to be as simple 

as wet suspension and selective centrifugation of this fraction in water without pH 

adjustment.52,66 The protein was concentrated in the top layers, which can be 

decanted and further processed by microfiltration and diafiltration to obtain a wet 

native protein concentrate of high purity. The hybrid procedure may yield purities in 

the range of those from isolates but at the cost of a somewhat lower yield. This hybrid 

separation has been evaluated for yellow pea, mung bean78, and quinoa79. For 

quinoa, the wet phase separation was further improved by the addition of salt to  
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Figure 2.2 Overview of fractions that can be obtained with dry fractionation, mild wet 

fractionation, and extensive fractionation methods and their functional properties, such as 

solubility, foaming, or gelation.. 
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enhance protein solubility and thus increase extraction yield. Interestingly, for faba 

bean, a hybrid fractionation process was proposed in which the coarse fraction after 

classification was subjected to a subsequent wet separation to increase protein 

recovery.86 

2.4 Functionality of mildly fractionated ingredients 

The (techno)-functional properties of mildly processed fractions are different from 

those of ingredients made with more intensive processing. In the following sections, 

the effect of different processing steps on protein, oil(-bodies), and starches and 

other carbohydrates is discussed. An overview of fractions obtained by extensive and 

mild fractionation methods is provided in Figure 2.2. 

2.4.1 Proteins 

The general focus in plant protein extraction is on the storage proteins87, which are 

stored in spherical organelles called protein bodies or proteosomes88. Although wet 

methods disrupt these proteosomes, they can be extracted whole using dry 

fractionation methods.49,89 Pelgrom et al.48 showed that native air-classified lupine 

concentrates have better foam stabilization and similar digestibility compared to the 

heated protein concentrate. Dry-fractionated lentil protein extracts could be used to 

form stable oil droplets in emulsion systems.90 Dry fractionation thus bears promise 

for obtaining protein extracts with good functional properties. 

Protein purities around 90% can be achieved by wet extraction.87 However, more 

extensive protein extraction generally leads to lower protein recovery.91 In addition, 

the molecular properties (e.g., composition, structure, and solubility) can be affected 

by the extraction method. Generally, the focus in wet extraction is on water-soluble 

protein groups such as globulins and albumins. Globulins often exist as large 

quaternary structures, such as trimers and hexamers, whereas albumins are 

substantially smaller. In addition, globulins of many sources were reported to have 

a pI between 4 and 5, whereas albumins are soluble over a larger pH range (2–9).92  

The conventional extensive protein extraction method is therefore mainly designed 

to extract plant globulins, as the alkaline pH solubilizes the globulins and albumins, 

but the precipitation step precipitates only the globulins. This leads to lower protein 
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recovery, as albumins may compose up to 25% of the total protein content of a plant 

seed.93 

The separation of albumins and globulins influences the functionality of the 

ingredients, as they possess markedly different properties in, for instance, gelling, 

foaming, and emulsification. In the gelation of pea proteins, globulins can form 

stiffer gels compared to albumins, but albumins showed better gelation when mixed 

with dairy proteins.94 Albumins were also superior for foaming, as they form very 

strong interfacial films (similar to dairy proteins), thus giving high foamability and 

foam stability.93,95 Globulins only form weak interfacial films, leading to poor 

foaming. Albumins form more stable emulsions in a mixture with globulins than with 

single proteins.96 Albumins are largely overlooked and should receive more attention 

in future studies. For example, the albumin-rich side stream has high value in (i.e., 

tofu or soy whey) tofu and soy protein production.97 

The water-only protein extraction can recover both albumins and globulins at the 

same time. Dry fractionation of protein bodies also yields the coextraction of 

albumins and globulins, which explains the better foaming properties of dry-

fractionated compared to wet-extracted lupine protein extracts.52 Another advantage 

of mild extraction methods is higher protein solubility, as the precipitation step in 

wet fractionations generally leads to protein aggregation and thus lower protein 

solubility.98,99 High solubility is essential for functionalities such as foaming and 

heat-induced gelation. However, heat-induced aggregation might be positive for 

extrusion. Therefore, the functionality of native proteins can be improved by heating, 

enzymatic hydrolysis, or chemical modification. For an extensive overview we refer 

to previously published work by Nikbakht Nasrabadi et al.100 

Mild purification may lead to lower protein purities. (Dia)Filtration can remove 

other components to yield higher protein purity. Removal of phenols ensures high 

protein functionality, as they interact with proteins, leading to aggregation of the 

proteins.101,102 Phenols impact taste, colour, and digestibility as well. Rivera del Rio 

et al.16 investigated the impact of mild refining on the digestibility of pea proteins, 

measured with in vitro assays. Although alkaline process conditions reduce the 

digestibility, it was concluded that a heat treatment inactivates the trypsin inhibitors. 
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A mild thermal treatment increased the digestibility of initially insoluble proteins 

but decreased the digestibility of initially soluble proteins. The protein isolate was 

chosen as the benchmark and was not always the least digestible. However, an 

additional heating reduced the digestibility of the protein isolate even more, 

probably because of extensive aggregation of the denatured proteins. 

In summary, the protein extraction method has a major impact on protein 

functionality but also on protein recovery. This relationship provides us with a 

unique tool, as the fractionation method can be used to tune the desired properties 

of the final protein extract. 

2.4.2 Oils and oleosomes 

Many plant seeds are mainly grown for their high oil content. The lipids are stored 

in storage organelles called oleosomes, also known as oil bodies or lipid droplets. 

Oleosomes are natural oil droplets of triacylglycerols that are surrounded by a 

monolayer of phospholipids with anchored membrane proteins.103 In the current oil-

extraction processes, the oleosomes are disrupted by pressing to extract the oil. The 

result is a pressed cake, from which oil can be further extracted using solvents (often 

hexane) to increase the oil yield. The remains are referred to as defatted meal (or 

cake), which is high in protein and often used for protein extraction. 

Milder extraction of the oleosome extract could yield new possibilities in the 

formulation of oil-containing plant-based products while retaining protein nativity. 

The coextraction of oleosomes and proteins was shown for rapeseed90 and Bambara 

groundnut85. Both materials were extracted at an alkaline pH (9–9.5), leading to 

highly negatively charged oleosomes and proteins, thus preventing interaction 

between the two components. A gravitational separation step resulted in three 

layers: (a) a top oleosome-rich cream layer, (b) a protein-rich middle layer, and (c) a 

pellet with insoluble material. 

Several options are available here, as the supernatant (cream + middle layer) can be 

recovered as such, leading to an extract (milk) that is high in lipids and proteins. A 

second option is the separation of the cream layer and middle layer. The cream layer 

can be directly used as a dense emulsion system or diluted to desired concentrations. 
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Currently, oleosomes are disrupted to extract the plant oils, which are later 

homogenized with lecithin or plant proteins to create oil droplets in, for example, a 

cream. The disruption of oleosomes can be omitted as these are already naturally 

present oil droplets. Another promising feature is the oleosome membrane, which 

provides high stability against droplet coalescence, lipid oxidation, and heating.104–

106 The membrane proteins interact strongly with phospholipids by electrostatic and 

hydrophobic forces. Another functional property of oleosomes is the ability to take 

up free oil or encapsulate hydrophobic components.107,108 Several studies addressed 

potential applications, such as oleosome-based emulsions109 or pork-fat replacement 

with rapeseed oleosomes.110 The protein-rich middle layer can be recovered and 

further purified by diafiltration to yield a protein extract with 65% protein and 15% 

oil.75 A positive outcome here is a mild extraction of the proteins and the coextraction 

of both albumin and globulin proteins. This mild protein extract from oil seeds 

possesses good functional properties such as gelling, emulsifying, and 

foaming.96,111,112
 

2.4.3 Other components 

Conventional extensive processing is generally oriented toward the recovery of a 

particular component, such as protein or oil. However, the conditions that give 

maximum yield of oil are not optimal for extraction of proteins: hot expression and 

solvent extraction degrade the proteins and may induce covalent bonds with 

polyphenols.113 Avoidance of these conditions reduces the yield of the components of 

primary interest but increases the quality and yield of other components. This 

implies that mild processing is better suited for the total use of raw materials than 

conventional modes of processing. 

Next to oil and protein, carbohydrates or fibre are the most important constituents. 

Karefyllakis et al.74 stabilized oil droplets by using the fibre-rich fraction, which was 

obtained as an additional stream from (mild) sunflower protein extraction. Also, 

fibre-rich side streams could be utilized in bakery product applications.114,115 Geerts 

et al.116 used a starch-rich fraction to stabilize thickened oil-in-water emulsions due 

to the cooperation between starch and protein. A protein- and fibre-rich ingredient 

was produced from brewers’ spent grain, which showed potential in a fibre-rich 
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pasta, with improved firmness and tensile strength. The presence of fibre also 

decreased the glycaemic index.117 

With respect to all components, fractionation in general should not be aimed at 

isolating one particular component but should have the perspective of total use: 

fractionation of the raw material in as many high-value, functional fractions as 

possible. Although most attention has gone to the isolation of proteins and, to a 

lesser extent, oils, the refinement processes also yield other fractions, which can be 

valuable. 

2.4.4 Antinutritional factors 

The absence of antinutritional factors and off-flavours is important for food 

applications. Common antinutritional factors are protease inhibitors, amylase 

inhibitors, or lectins, whereas off-flavours, such as grassy or beany flavour, may be 

generated by enzymatic oxidation.118 A potential disadvantage of milder 

fractionation methods is that the obtained ingredients are still raw and require 

further processing, e.g., heat treatment or fermentation, to remove antinutritional 

factors (ANFs) and tailor other properties such as taste and functionality. For 

instance, the beany taste of air-classified ingredient fractions is caused by 

lipoxygenase-catalysed oxidation, which can be prevented by a mild heat 

treatment.52 

Heating or toasting is a widely used method to remove both off-flavours and 

antinutritional factors, but milder methods have also been developed. Dehulling of 

legumes can already remove some antinutritional factors, as reviewed by Asgar et 

al.118 The type of milling and the settings of the classifier wheel speed can influence 

the concentration of antinutritional factors.119 An example of a post-treatment on 

these ingredients is solid-state fermentation. Xing et al.34 applied solid-state 

fermentation on air-classified chickpea flour using lactic acid bacteria. They could 

substantially reduce the antinutritional α-galactosides (raffinose, stachyose, and 

verbascose) by 88–99%, depending on the galactoside. The phytate level was 

reduced, and the resulting sourdough was stable and showed increased protein 

solubility. Fermentation is a sustainable and natural approach to removing 
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undesired components and can even generate compounds that positively influence 

the taste and/or nutritional value of the protein concentrate. 

2.5 Sustainability assessment 

2.5.1 Chain assessment 

Both exergy and life cycle assessments (LCAs) are used to quantify sustainability of 

mildly refined ingredients. Exergy analysis bases resource efficiency on the first and 

second laws of thermodynamics120, whereas a LCA focuses on the multidimensional 

impact of a process, ranging from the global warming potential to water usage121. 

Both consider the input of raw materials, energy, chemicals, and water. To quantify 

sustainability, the impact of each step in the production chain should be assessed 

(Figure 2.3). In general, plant-based ingredients have a similar supply chain, 

including cultivation of the crop, processing to final ingredient, and transportation. 

Next are food assembly and consumer usage, which are not discussed, as the scope 

of this review is on sustainable ingredient production. 

 

Figure 2.3 The production chain from food ingredients to consumer. 

The impact of processing of the final product depends on the target component to be 

isolated. For example, the conventional wet extraction of starch and fibre from 

yellow pea8 or potato122 is relatively efficient, as it solely requires the suspension of 

the milled or ground crop with subsequent decanting, sieving, centrifugation, and 

hydrocyclones to separate the components. Drying of these fractions contributes 

significantly to the final resource use. The impact of drying is reflected in their share 
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of the cumulative exergy loss, i.e., destroyed useful energy, of 15% for the 

(pneumatic) drying of starches and 26% for the evaporator to concentrate fibres in 

the extensive wet fractionation method. This percentage is even larger in mild wet 

methods,66,116 which emphasizes the importance of the impact of drying. Dry 

fractionation using air classification omits this, as drying is not required.52 The 

impact of the omission of drying is projected in Figure 2.4, which shows that the 

extensive and mild wet production of a fibre- and starch-rich fraction have a higher 

impact compared to dry fractionation.9 

On the other hand, wet extensive and mild isolations of protein have a higher global 

warming potential compared to the other components, due to protein extraction and  

 

Figure 2.4 Global warming potential (system boundaries from cultivation to processing gate) 

of yellow pea and lupine of isolates produced with extensive wet fractionation and enriched 

ingredients produced with mild wet and dry fractionation. Data adapted with permission.9 
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drying (Figure 2.4). The latter contributes significantly to the overall impact and is 

responsible for 40% of the total cumulative exergy loss.8 Because mainly the 

insoluble protein at the isoelectric point is extracted, there are many losses of soluble 

proteins. While isolates that are produced by isoelectric precipitation typically have 

a protein content of at least 79%, mild fractionation methods produce concentrates 

that are substantially lower in protein content. Mild wet fractionation yields 

approximately 54% protein, whereas dry fractionation yields 43% protein.9 

Nonetheless, the same study showed that the impact expressed per kilogram of 

protein instead of total ingredients is still lower for the more mildly refined 

ingredients than the extensively refined ingredients. More specifically, dry and mild 

aqueous fractionation of yellow pea yield a protein concentrate of 1.6 and 4.9 

(combined for soluble and insoluble fraction) kg CO2-eq/kg protein, respectively, 

and the extensive wet process yields a protein isolate of 5.3 kg CO2-eq/kg protein. 

Vogelsang-O’Dwyer et al.118 also calculated in an LCA that a faba bean protein isolate 

had a threefold higher global warming potential per kilogram protein compared to 

an air-classified protein concentrate. 

When hybrid fractionation, a combination of dry and mild wet fractionation, is used 

to produce a fraction with just the soluble protein originating from the fine fraction, 

it has a protein delivery efficiency (ratio protein to invested life cycle energy) of 29.1 

compared to 14.6 and 55.8 g protein per MJ for conventional extensive wet and dry 

processing, respectively.52 The same difference was found for the soluble protein 

fraction from hybrid fractionation in a LCA.9 Yet the side stream after centrifugation 

containing all insoluble components such as protein, fibre, and starch granules can 

also be considered as an ingredient. The same LCA study found that when 

considering the insoluble as well as the soluble fraction, the global warming potential 

per unit of protein comes closer again to the impact of a conventionally produced 

protein isolate. Nevertheless, hybrid fractionation is a relatively new concept and can 

still benefit from the optimization of water usage, as is done for mild wet 

fractionation separately.67 

Lastly, the use of hexane and heat to distil the solvents during extraction of oil from 

crops leads to large chemical and physical exergy losses, which were shown in 
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lupine.17 One could omit the oil extraction step, as it was found to have minimal 

impact on the functional property of lupine fractions.123 The mild wet 

oleosome/protein extraction method discussed previously is another alternative. An 

exergetic comparison was performed on a final product containing oil, i.e., 

emulsions.124 As the final application of these oleosomes is an emulsion, the exergy 

loss was compared between an oleosome- and conventional oil–based mayonnaise. 

The study showed that although the oil recovery efficiency is high in conventional 

extraction, there is a high chemical exergy loss due to the cake, which is only suitable 

for livestock feed. Mild extraction, however, requires a lot of water to process, but 

the efficiency, defined as the percentage of input exergy that remains useful after 

processing, of the mayonnaise based on oleosomes was 90% compared to 47% for 

conventional mayonnaise. Hetherington125 calculated that an oleosome-based 

mayonnaise has the potential to be more environmentally friendly compared to 

conventional mayonnaise. Notably, both of these analyses are based on lab-scale 

experimentation; hence, yield or energy uses may be overestimated.125 

Another essential element in the production chain of sustainable ingredients is the 

cultivation of crops and transportation to processing facilities. Comparing the 

impact of crops can be challenging because of the spread of production worldwide; 

hence, different distances exist between crop cultivation locations and the ingredient 

processing facilities. Nevertheless, the impact of cultivation can be compared to the 

impact of processing. For example, Heusala et al.126 showed in an LCA that 

processing an oat protein concentrate contributes to a larger share of the total impact 

(75%) than cultivation (19%), attributable to the high energy costs. In contrast, for 

two faba bean concentrates, cultivation was responsible for a larger part of the total 

carbon footprint. Lie-Piang et al.9 showed that cultivation is mostly responsible for 

the global warming potential of the production of dry-fractionated ingredients from 

yellow pea. However, for mild wet fractionation, the impact of processing for yellow 

pea and lupine is similar to and or larger than, respectively, cultivation. Both of these 

studies do not take the impact of food assembly into account, which can only mean 

that the impact of ingredient processing on the final consumer would be larger. This 

comparison shows that it is necessary to consider both cultivation and processing. 
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Earlier, we mentioned that drying is the largest contributor to all wet fractionation 

processes. However, it also reduces the environmental impact and costs of logistics 

and improves the shelf life. If the distance between the production and processing 

facilities is considered constant, the state of the product (wet versus dry) greatly 

influences environmental impact. Therefore, it is not desirable to transport wet 

products for long distances. However, for shorter distances under chilled conditions, 

transporting wet products might require fewer resources than drying the product 

first and transporting it in a dry state, depending on the final concentration of the 

product. For example, transportation of concentrated milk with 35% dry matter up 

to approximately 1,000 km still required less energy compared to the spray-dried 

variant.127 However, there is a limit to the concentration of an ingredient for it to 

remain processable, which is probably relatively low (10–20 w/w%)11 and thus 

requires a lot of energy for transportation and reduces its advantage. Another option 

to remove the drying step from fractionation methods is to produce ingredients in-

house, just before their use in consumer foods. This latter option is made more 

realistic with the mild processing methods now developed, as they are relatively 

suitable for lower-scale production. 

So far, the exergy and LCA studies presented in this review use either total ingredient 

or total protein to express the exergy efficiencies or impact categories. Even though 

both of these units are of importance, others might also be of interest. For example, 

the functionality that an ingredient will add to a product can also be expressed in 

environmental impact. This was presented in the functionality-based exergy 

assessment of Geerts et al.8 who indicated a lower cumulative exergy consumption 

for the mildly fractionated ingredients per unit of functional property, in this case, 

viscosity compared to the conventional starch isolate.  

2.5.2 Functionality-based fractionation and formulation 

The final functional properties of ingredients depend on both the composition and 

type of processing. The latter relates to the structure that ingredients retain from 

their raw materials and also the degree of damage (e.g., thermal load or 

(de)hydration). One can adapt the processing routes to achieve the required 

functional properties instead of obtaining an ingredient of high purity. A previous 
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review by van der Goot et al.2 introduced this topic and concluded that it is not always 

necessary to fractionate the crops into pure components and functional ingredients 

produced with mild fractionation have been used for decades, for example, with the 

use of flour in bread. In other words, the type and degree of intensity of a 

fractionation method can be adapted to what is required for the final application. 

Möller et al.67 showed that with additional washing steps in a mild aqueous 

fractionation, the purity of the protein fractions can be increased according to the 

final functionality in terms of protein content required. The isolation and extraction 

processes of yellow pea protein can be adapted to obtain fractions with excellent 

functional properties11,99 while reducing the degree of processing. For oil-bearing 

crops, the extraction of oleosomes is an example of shifting the perspectives from 

extracting pure oil to attaining the oil bodies already as an emulsion.109 Moreover, a 

more mildly derived protein mixture from sunflower seeds was also proven to 

efficiently stabilize oil/water emulsions and had similar functional properties to 

harsher refined sunflower protein isolate.74 Another study found that a milder 

purification process of rapeseed proteins created more functional fractions, resulting 

in a protein extract with both napins and cruciferins, which are complementary in 

emulsion-filled gels.111 The pH of mildly fractionated soy protein fractions can also 

be steered to obtain desired functional properties, which can result in, for example, 

a different water-holding capacity, protein solubility, or viscosity.128 All these studies 

show that the fractionation methods can be adapted to achieve functional fractions 

and that the degree of fractionation should focus on the target functional properties 

required for the final food application. 

Besides adapting fractionation processes of ingredients to attain specific functional 

properties, the focus in food formulation can also be on functional properties rather 

than purity. Jonkman et al.18 proposed to create food formulations with a process 

systems engineering approach by blending different ingredients based on the target 

composition to increase the applicability of more complex and multicomponent 

ingredients. It was proposed that with a focus on functional properties, these blends 

could be made even more resource use efficient. Manzocco & Nicoli20 formulated 

low-calorie syrups based on the functional contribution of each ingredient using 
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mathematical equations. In this way, food formulations could be optimized for 

caloric content while controlling functionality such as viscosity or colour in the final 

application. The mathematical equations were fitted to the functional properties of 

the individual ingredients, which was also the limitation of this study, as interactions 

between ingredients in formulations were not taken into account. 

Figure 2.5 Formulation window of compositions that achieve 1,500 mPa.s viscosity at a shear 

rate of 160 rpm. (b) Possible ingredient formulations to achieve the same viscosity, including 

the respective global warming potential (GWP). Data adapted with permission from Lie-Piang 

et al.129 

Lie-Piang et al.129 extended this by creating ingredient blends, or formulations, based 

on functional properties. For example, the final viscosity of extensively and mildly 

refined ingredients was quantified using multiple linear regression. The advantage 

of using these types of mathematical models is that relations are quantified based on 

the data from ingredient blends, which means that possible interactions are covered. 

This allows the application of a broad range of ingredients with different functional 

properties and purities. For example, the regression model was used to generate the 

formulation window of components that achieved a similar viscosity of 1,500 mPa.s 

at a constant shear rate of 160 rpm (Figure 2.5a). The formulation window can be 

constrained to the composition of available ingredients with a different processing 

history and, hence, global warming potential (Figure 2.5b). The same viscosity could 
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be obtained with significantly less environmental impact when ingredients were 

used using mild fractionation compared with more extensively produced isolates. To 

apply this method to other (nonlinear) properties and consider process conditions 

as well, more complex machine learning algorithms can be used, such as neural 

networks.130 

The combination of being able to adapt fractionation processes and ingredient 

formulations to achieve specific functionality allows us to minimize the 

environmental impact of the food products. At the same time, the functionality that 

is needed to create (healthy) foods is retained. 

2.6 Conclusions and outlook 

Although dry and other mild refining fractionation processes have been explored for 

many decades, they were originally considered to be cost-effective ways to enrich 

feed for livestock. The emergence in recent times of pulses, grains, and other plant 

materials as promising materials for plant-based foods for humans has led to a surge 

in the development of milder fractionation processes. The need for more sustainable 

ingredients is amplified because current methods for isolation are quite intensive in 

energy, water, and auxiliary chemicals and have relatively low yields. 

There are two classes of mild processes, each with its advantages: dry processes and 

wet processes. The most important dry processes are air classification and 

electrostatic separation. The first separates based on particle size and density; the 

second—when based on tribo-electric charging—separates based on the surface 

properties of flour particles. They can be cascaded to enhance yield and recovery and 

obtain better separation between starch, bran, and protein. Dry separation at this 

moment is not suitable for crops that bear large amounts of oil (>35–40%) and thus 

first have to be defatted. The second class is mild wet separation, in which conditions 

are less extreme regarding the use of solvents, temperature, pH, and ionic strengths 

compared to the existing processes. The yields are generally somewhat lower 

compared to conventional alkaline extraction routes. Avoidance of a precipitation 

step leaves proteins in a more native state and improves their properties. In addition, 

mild wet separation can also help recover the albumins, which often do not 
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precipitate at the isoelectric point and are conventionally lost. These albumins have 

been found to have quite good technical functionality. The two classes can also be 

combined in hybrid processes, in which the first dry separation leads to an enriched 

fine fraction. Only this enriched fraction is then further purified, for example, by 

using a simple dissolution and sedimentation step in plain water. This leads to yields 

and purities of a protein fraction that are comparable to conventional wet isolation 

but with only a fraction of the energy and water used. 

For oil-bearing crops, the mild wet routes seem promising, as they allow the recovery 

of oils as oleosomes, proteins, and other components. However, they still require 

significant amounts of water and either need dehydration, which is energy-intensive 

and compromises the quality of many fractions or result in aqueous concentrates 

that probably need to be chilled for storage and transportation. 

As we are transitioning into an era in which raw materials, energy, and water will all 

be scarce, it is crucial to make the best possible use of the complete raw materials; 

we should therefore aim at using all different fractions. At the same time, 

environmental impacts of processes should be assessed to ensure that the most 

sustainable ingredients are used. This is especially important because the impact of 

processing in some cases exceeds the impact of crop cultivation. A focus on 

functional properties when designing fractionation processes or formulating 

ingredients will facilitate the use of more mildly refined ingredients. 

Milder fractionation methods are very attractive for the intermediate future because 

they (a) can be cost-effective, as they are simpler than current methods; (b) deliver 

good quality ingredients; (c) are clearly more resource efficient and sustainable; and 

(d) fit the wishes of consumers for less processed foods. These milder processes are 

however still very much in development. The understanding and adaptation of 

technical and nutritional quality are only in their initial phases. In addition, the 

removal of antinutritional factors and other hazards are still an issue, even though 

several methods have already been developed for specific antinutritional factors. 
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Abstract 

In the coming decades, meat-based protein foods will increasingly be replaced by 

plant-based protein foods. These are typically prepared from highly refined protein 

isolates or concentrates, which require a lot of energy and auxiliary chemicals to be 

produced. Milder techniques such as dry fractionation or mild aqueous fractionation 

deliver alternative ingredients that have a multicomponent character but do not need 

the same amount of chemicals and energy. This study aims to assess the effect of 

reducing the degree of refining on the environmental impact using a life cycle 

assessment. The functional unit was 1000 kg of the processed crop. As protein is 

considered key in these ingredients, the functional unit of 1 kg of protein in the 

produced fractions was also assessed. The contribution of processing to the overall 

impact was found to be significant and, in some cases, larger than the contribution 

by the crop cultivation. Therefore, any analysis of the environmental impact should 

include both. Reducing the degree of refining substantially reduces global warming 

potential, human carcinogenic toxicity, fossil resource scarcity, and water 

consumption. However, for all impact categories, drying remains the largest 

contributor. The global warming potential of less refined ingredients was still lower 

compared to the conventionally refined ingredients when expressed per kg of 

protein, despite the significantly lower amount of protein. The fractions obtained 

through mild aqueous fractionation have a higher protein yield and a lower global 

warming potential compared to conventional full refining. Both dry fractionation 

and the combination of dry and mild aqueous fractionation substantially lower the 

environmental impact, but the protein yield and purity are also considerably lower. 

Overall, linking environmental impact to protein purity and yield allows for a 

comprehensive selection of sustainable food ingredients. 



CHAPTER 3 – SUSTAINABILITY  43 

3.1 Introduction 

Ready-to-eat soups, vegan ice-cream, and meat replacers are processed food 

products require texturisers that are often protein-based. These ingredients can be 

produced from animal products, such as whey protein isolate, or plants, such as pea 

protein isolate. Especially plant proteins are of increasing importance due to 

pressing climate issues, which require food producers to become more sustainable.33 

Currently, proteins that originate from oil-, starch-, or protein-bearing crops are 

isolated by isoelectric precipitation, requiring chemicals such as caustic (NaOH) and 

hydrochloric acid (HCL) for extraction and precipitation131, and hexane in case of an 

oil-bearing seed.132 Since every step in such a multi-step process involves intrinsic 

losses, the total yield of the desired components decreases with the number of steps. 

The side streams that are generated are often too dilute to use or may have such 

reduced quality that they are not suitable for human consumption anymore.17 

Therefore, we assert that to have adequate sustainability in our food production, it is 

important to utilize the complete crop and hence, the least number of resources. 

Processing, or fractionation, methods have been developed that result in a lower 

degree of refining. These methods omit chemicals and aim at valorising the whole 

crop. Perhaps the most radical example is dry fractionation. The use of water is 

avoided, which normally dilutes the raw materials and inevitably takes some of the 

raw materials into the wastewater. Dry fractionation typically relies on differences in 

the size, density, and tribocharging properties of particles. This method includes 

milling and air classification or uses electrostatics to separate flours of pulses such 

as yellow pea, chickpea13, or wheat bran60  into protein- and starch-rich fractions. 

Another method is mild aqueous fractionation, which is a simplification of the 

conventional wet fractionation method – largely omitting the use of chemicals – and 

has been demonstrated for the oil-bearing lupine seeds48 and soybean128. The same 

method was applied to the starch-bearing crop yellow pea.65,98 

A lower degree of processing results in fractions that have a multicomponent 

character rather than being pure in one component. Nevertheless, promising 

functional properties have been found; such as the thickening capacity of mildly 

refined yellow pea11 or soy fractions128, and emulsifying properties of pea flour133. 
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These milder fractionation methods for yellow pea8 and lupine17 have a better exergy 

efficiency compared to the conventional fractionation. Combining dry and mild 

aqueous fractionation can further reduce water and energy consumption. However, 

these exergy analyses only considered processing and did not include crop 

cultivation. Besides, they only considered exergy (useful energy) efficiency and 

therefore did not consider other modes of environmental impact. Lastly, these 

methods for lower levels of refinement create fractions with a lower protein content, 

while it is considered the most important component for which more sustainable 

alternatives must be found. To evaluate these three factors, we here report on a full 

attributional life cycle assessment comparing different degrees of refining; based on 

the whole process and protein content, from cultivation to processing. 

A life cycle assessment (LCA) allows for a multidimensional assessment of the 

environmental impact of products at all stages in the food production chain. This 

includes the extraction of resources and emission of hazardous substances.121 Most 

current LCA studies focus on calculating the footprint of the production of only 

conventional protein isolates134 while less have focused on the milder fractionation 

methods135. Therefore, this study aims to directly compare the environmental impact 

of protein-rich fractions from conventional and milder fractionation methods from 

starch- and oil-bearing crops. It is hypothesized that a lower degree of refining 

decreases all sustainability indicators due to the lower use of resources. Further, 

expressing the environmental impact in protein will negatively influence the 

footprint of a lower degree of refining as their products contain less protein than the 

fully refined isolates. To exemplify the effect of processing on the impact of protein-

rich ingredients, a starch- and an oil-bearing crop were selected: lupine seeds and 

yellow pea. These crops were selected due to the significant protein content of 

approximately 406 and 23%131 respectively. In addition, these crops have established 

functional properties such as foaming abilities136, emulsifying capabilities98, and 

gelation99. At first, the most significant environmental impact categories of 

processing these crops will be presented. After this, the relative impacts of processing 

and cultivation will be compared. Finally, the impact of the individual process steps 

and the fractions relative to the purity and yield of protein is discussed. Evidently, 

the selection of sustainable ingredients is not merely based on the purity of the 
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fraction, as other factors such as functional properties are also important. However, 

these are not within the scope of this study. 

3.2 Goal and scope 

The goal of this study was to quantify the impact of decreasing the degree of refining 

on the environmental impact of food ingredients using an attributional LCA. To 

achieve this, four different refining processes were compared for yellow pea and 

lupine, namely: conventional protein extraction (CF), mild aqueous fractionation 

(MF), dry fractionation (DF), and combined dry and mild aqueous fractionation, or 

hybrid fractionation (HF). 

3.2.1 Ingredient selection 

In this study, the production of ingredients from lupine legume seeds (Lupinus 

angustifolius L.) and yellow pea (Pisum sativum L.) in the Netherlands was 

considered. The yields of the ingredients from the starting material and the purities 

were obtained or based on information of the processes in literature (further 

explained in 3.3.1) (Table 3.1). In the case of hybrid fractionation of yellow pea, the 

protein content was determined experimentally, for which the dry fractionation by 

air classification51 was combined with mild aqueous fractionation.98 The protein 

content of the ingredients was determined using Dumas analysis (Nitrogen analyser, 

FlashEA 1112 series, Thermo Scientific, Interscience, Breda, The Netherlands). A 

conversion factor of 5.52 was used for the calculation of the protein content.137 

Generally, the milder fractionation methods lead to ingredients that contain less 

protein but could have a higher protein yield. The latter is defined as the protein in 

the ingredients as a percentage of the original protein present in the crop and can be 

calculated using Equation (3-1).  

Protein yield (%) =  Ingredient yield (%) ∙
Protein content of ingredient

Protein content of crop flour 
         (3-1) 

Ingredient yield is the mass of the obtained ingredients as a percentage of the initial 

mass of the starting material and the protein content is the amount of protein in the 

specific ingredient or crop flour. 
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3.2.2 System boundaries 

The system boundaries were set from cultivation to the end of ingredient processing, 

in other words: cradle-to-processing-gate (Figure 3.1). These boundaries were 

picked because the food assembly, distribution, use of the product, and disposal after 

the production were considered not relevant for the current comparison between 

high and low degrees of refining. The analyses in this study were performed both 

including and excluding the impact of the cultivation and transportation, to highlight 

the effect of decreasing the degree of refining in processing only. Energy, chemicals, 

and water that go into the system were considered for this analysis, as well as the 

emissions to air and wastewater that come out of the system, which is further 

explained in the life cycle inventory in section 3.3. 

3.2.3 Functional unit & allocation 

The functional unit was defined as 1000 kg of the processed crop to compare the 

impact among the different processes. This functional unit was picked since the goal 

of this study was to assess the overall impact of reducing the degree of refining on 

the complete process. Since protein is the key component of the ingredients, 1 kg of 

protein as a functional unit was also investigated. The allocation was done based on 

mass (dry matter) allocation. Fractions that were considered as a loss (i.e., soluble 

solids after precipitation), were treated as waste; hence no impact was allocated. This 

means that all useful co-streams produced during the development of the protein-

rich ingredients (i.e., starch or fibre-rich fractions) received an allocation according 

to mass in all analyses. In this study, when discussing the functional unit per 1000 

kg crop, the footprint of all fractions was considered. For the discussion of the 

environmental impact per kg protein, only the allocated impact of the protein-rich 

ingredients was considered. 

3.3 Life cycle inventory 

The data collected for the agricultural production and transportation of yellow pea 

and lupine were retrieved from the Agri-footprint 5.0 database.138 For more details 

on how this data is derived one can consult the database description, which is 

publicly available. The impact for all individual fractionation processes was 

calculated using data for electricity, process steam, water, and chemicals retrieved 
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Table 3.1 Total yield mass ingredient from starting material and protein content in the 

ingredients based on dry matter (db%) of the protein-rich fractions obtained 

through conventional, mild aqueous, dry, and hybrid fractionation. 

Crop Method Fraction 
Ingredient yield 

(db%) 

Protein content 

(db%) 

Yellow 

Pea 
Raw material 

Yellow pea flour 

66
21.4 

Conventional 

fractionation 

Protein 

isolate66,131 
22.3 78.8 

Mild aqueous 

fractionation 

Soluble 

protein98 
23.9 55.9

Insoluble 

protein98 
10.2 53.3 

Dry fractionation Fine fraction66 22.8 42.9

Hybrid fractionation Soluble protein 5.152 62.2*

Insoluble 

protein 
3.852 37.4* 

Lupine Raw material Lupine flour17 39.5 

Conventional 

fractionation 
Protein isolate17 27.0 87.0 

Mild aqueous 

fractionation 

Enriched 

protein17 
29.0 86.5 

Dry fractionation Fine fraction17 33.0 57.6 

Hybrid fractionation 
Enriched 

protein17 
14.0 87.0 

*Obtained experimentally by this study 

Figure 3.1 System boundaries for the life cycle assessment of the production of food 

ingredients. 
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from the Agri-footprint 5.0 database (Table A 3.1 in the Appendix). 

3.3.1 Cultivation & transportation 

Both the agricultural production and the transportation to storage or feed plants 

were based on the impact of the consumption mix of the specific crop in the 

Netherlands and extracted from the Agri-footprint 5.0 database, which is available 

in the supplementary data (Table A 3.2).138 The impact of yellow pea was determined 

from pea in general, as only this was available in the database. The consumption mix 

for pea originated from Belgium (0.1%), Canada (4.6%), Czech Republic (1.3%), 

Estonia (0.2%), Finland (23.4%), France (16.9%), Germany (1.7%), Hungary (8.6%), 

Lithuania (5.1%), the Netherlands (1.7%), Poland (18.4%), Russia (12.0%), Ukraine 

(4.3%), the United Kingdom (0.7%), and the United States (1.1%). The lupine seeds 

originated from Germany (20%) and Australia (80%). The distance between the 

location of cultivation versus the location of processing will influence the overall 

environmental impact, which is case study dependent. 

3.3.2 Ingredient processing 

In this study, only the resources related to the production of the ingredients were 

considered relevant for the comparison between processes with a different degree of 

refining. Additional impact by for example construction, maintenance, and cleaning 

of equipment was not included. The information for the conventional and mild 

aqueous fractionation of yellow was mainly based on literature.8 A patent was also 

used for additional information for the conventional process.131 The conventional 

fractionation of lupine was also based on literature17 and a patent.132 The mild 

aqueous fractionation of lupine was based on the same study as the conventional 

variant and a patent.139 As the exergy study by Berghout et al.17 mainly focussed on 

the drying and oil extraction steps, the processes were completed using information 

from the fractionation of yellow pea in this study. The dry fractionation of both crops 

was based on literature.52 The different degrees of processing were defined as follows 

and presented in more detail including flow diagrams in the supplementary 

information. 

In general, all wet processes start with a milling and steeping step. The initial
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separation of starch and fibre fractions is done with either hydrocyclones or 

decanters. These fractions are subsequently dried by evaporation or a vacuum drum 

filter and a pneumatic ring drier. In the conventional way of fractionation, the oil (in 

the case of oil-bearing crops) is initially removed, after which the proteins are 

precipitated isoelectrically and finally neutralized. The precipitation and 

neutralization steps are omitted in the mild aqueous fractionation for yellow pea. 

The protein-rich fractions are concentrated using ultrafiltration and/or dried 

through spray drying and a fluidized bed. In the milder process for oil-bearing crops 

the precipitation step is still included, yet the oil extraction is omitted. The mildest 

fractionation method for both crops is dry fractionation, using a milling step and air 

classifier. In hybrid fractionation, the fine fraction obtained through dry 

fractionation is further processed using the mild aqueous fractionation. A detailed 

description including the assumptions for these fractionation methods can be found 

in the supplementary information. The energy requirements were based on the 

parameters presented in Table 3.2. 

3.4 Life cycle impact assessment 

The life cycle impact (LCI) assessment was performed by combining the existing 

impact of the agricultural production and transportation and the modelled 

fractionation processes using Simapro LCA software version 9.0 and the ReCiPe 

2016 Midpoint (H) V1.03 method.140 First, the LCI data points and the connected 

background processes (Table A 3.1) are combined and compiled into an inventory 

list of the substance flows (e.g., “methane, biogenic” to Air in kg CH4/kg product or 

“dinitrogen monoxide” to Air in kg N2O/kg product). Next, the ReCiPe method will 

translate the substance flows to the various impact categories, based on 

characterization factors as indicated in the ReCiPe method. A substance flow can 

influence more impact categories, such as “dinitrogen monoxide” to Air has a 

characterization factor of 298 kg CO2 eq/kg N2O for global warming and 0.011 kg 

CFC-11/kg N2O for Stratospheric Ozone Depletion. 
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Table 3.2 Energy requirements for the process parameters used in the LCA impact 

assessment, a detailed description of all processes can be found in the supplementary 

information. 

Process parameters  Unit Energy consumption 

Electricity use: 

Mill  MJ/kg feed 0.5 52 

Air classifier  MJ/kg feed 0.023 52 

Dispersion mixing MJ/kg protein 1.5 52 

Hydrocyclones MJ/kg feed 0.00188 

Centrifugal decanter MJ/kg feed 0.0024 8

Vacuum drum filter MJ/m3 feed 99 8

Ultrafiltration MJ/m3 feed 10 8

Air pump  MJ/kg feed 0.019 8

Electricity oil extractor  MJ/kg flour 0.07 17

Fuel energy use drying: 

Pneumatic ring dryer  MJ/kg water removed 4.3 8

Evaporator  MJ/kg water removed 0.8 8

Spray dryer  MJ/kg water removed 4.8 52 

Fluidized bed MJ/kg water removed 6.75 8

3.5 Results & discussion 

Environmental impacts of the different fractionation methods for processing 1000 

kg of yellow pea and lupine with a lower degree of refining are compared excluding 

cultivation and transportation (Table 3.3). In general, all impact categories decrease 

with a lower degree of refining in the case of yellow pea and lupine. Both the 

conventional and mild aqueous fractionation of lupine have a higher environmental 

impact compared to yellow pea, which can be attributed to the differences between 

processing starch- or oil-bearing crops. Dry fractionation of lupine seeds is similar 

to yellow pea as the process is the same. In the following paragraphs, the main 

differences between the environmental impacts will be discussed and related to the 

differences among the fractionation processes. The overall impact to process 1000 

kg of crop including cultivation and transportation is presented in the Appendix. 
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3.5.1 Comparison impacts from a high to low degree of processing 

Four impact categories were selected to compare the impacts of only the different 

fractionation processes; hence, without cultivation and transportation. The 

categories represent the impact on 1) ecosystems using global warming potential, 2) 

human health with human carcinogenic toxicity, and 3) resources using water 

consumption expressed in blue water use and 4) fossil resource scarcity. For 

processing 1000 kg yellow pea or lupine, all environmental impact factors decrease 

drastically compared to the conventional way of isolation, which is set as 100% in 

Figure 3.2. The results for human carcinogenic toxicity introduce a degree of 

uncertainty since it is difficult to measure, calculate, and translate into a single 

impact indicator.141 Therefore, the numbers are used for a comparison of health 

damage, rather than absolute values. Mild aqueous fractionation reduces all 

environmental indicators with approximately 30–40% for yellow pea and 20–35% 

for lupine compared to conventional fractionation. The impact of yellow pea can be 

decreased more compared to lupine due to several differences between processing 

oil- or starch-bearing crops. The fractionation of lupine requires an oil extraction 

step and involves larger quantities of water compared to the fractionation of yellow 

pea. This water eventually needs to be removed again to produce dried ingredients. 

Moreover, in the mild aqueous fractionation of lupine, protein is still extracted by 

isoelectric precipitation. This step is not used in the milder fractionation of yellow 

pea. Therefore, the extraction of protein from lupine seeds could be rendered even 

more sustainable by omitting oil extraction and protein precipitation. Using dry 

instead of conventional fractionation decreases the impacts by up to 99% for both 

crops. The impact of hybrid fractionation lays in between the other two methods. 

Geerts et al.8 also reported that mild aqueous fractionation has a higher exergy 

efficiency of 54%, compared to 35% in conventional fractionation, mainly due to the 

loss of immaterial exergy. Similarly, an exergy efficiency for dry fractionation of 99–

100% was found, since all materials and limited amounts of electricity were used. 

Furthermore, Berghout et al.17 presented that oil extraction leads to significant 

exergy losses and destruction. The removal of this step is the main cause of the 

decrease in environmental indicators in mild aqueous and hybrid fractionation 

found in this research. The results show that a life cycle assessment can be very 
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Figure 3.2 Global warming potential (kg CO2-eq), fossil resource scarcity (kg oil eq), human 

carcinogenic toxicity (kg 1,4-DCB), and water consumption (m3) of the mild fractionation of 

1000 kg crop without cultivation as a percentage from the conventional fractionation method 

for yellow pea (top Figure) and lupine (bottom Figure) 

 valuable in sustainability analyses next to exergy analyses. They provide a detailed 

insight into the translation of higher efficiencies to environmental impacts. 

3.5.2 Environmental impacts broken down per process step 

The impact to process 1000 kg of crops without cultivation and transportation is 

divided into the main processing steps: milling, oil removal, steeping, separation 

(hydrocylone or decanter), precipitation and neutralization, and drying or 

ultrafiltration (Figure 3.3 and Figure 3.4). This division aimed at determining the 

origin of the impact of the fractionation of yellow pea and lupine. 
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3.5.2.1 Yellow pea 

For yellow pea, the global warming potential, human carcinogenicity, fossil resource 

scarcity, and water consumption all decrease with a lower degree of refining. A closer 

look into the process shows that the omission of the acidic precipitation step, with 

the associated heating step, is mostly responsible for the decrease in all impact 

categories (Figure 3.3). With the removal of this step, less or even no water, no 

chemicals, and less electricity or process steam were required. In addition, treating 

the wastewater of the fraction containing soluble solids after precipitation leads to 

negative water usage, as water is returned to the environment. As the precipitation 

step is removed, the subsequent decanter step could also be left out. The latter was 

mainly responsible for the impact in the separation category and created a large 

waste stream. The impact of the hydrocyclones/decanters category is also lower for 

mild aqueous fractionation since starch is separated in decanters. In contrast, 

conventional fractionation uses hydrocyclones, which require more energy 

compared to decanters. However, the decanters in mild aqueous fractionation 

produce a larger starch fraction compared to the conventional method. This requires 

more energy to be dried by the subsequent pneumatic drying step. Therefore, 

replacing decanters with hydrocyclones in this case study will have a low effect on 

the overall environmental impact. The environmental impact is further reduced with 

dry fractionation, which results in a decrease ranging from 87 to 99% in impact. 

Overall, drying is responsible for a large part of the impact and does not decrease 

very dramatically in the mild aqueous fractionation methods. Geerts et al.8 showed 

that drying was the main driver for exergy losses in both conventional and mild wet 

fractionation, whereas the precipitation step was responsible for only 10% of the 

exergy losses. This is most likely a slight underestimation because the material and 

immaterial costs of the materials (acids and bases) were not considered in that study. 

This can now also be translated into the environmental impact, which shows that the 

omission of the extraction-precipitation process can drastically reduce the 

environmental indicators. 



CHAPTER 3 – SUSTAINABILITY  55 

Figure 3.3 The global warming potential, human carcinogenic toxicity, fossil fuel scarcity, and 

water consumption for each process step in conventional, mild aqueous, dry, and hybrid 

fractionation of yellow pea. Please note the log scale. 

3.5.2.2 Lupine 

Fractionating lupine without the removal of oil reduces all impact categories, as the 

use of hexane and the distillation of hexane is omitted. Through mild aqueous 

fractionation of lupine, the oil fraction (approximately 10% in lupine flour based on 

dry matter) ends up in very small amounts in the protein isolate (0.02–0.07 g oil/g 

protein isolate) and the rest in the fibre-rich pellet. The functional properties of the 

protein-rich fraction are not significantly altered by the presence of oil compared to 

the conventional protein isolate.142 The same was found for the dry fractionated fine 

fraction of lupine, which showed increased foam stability compared to the 
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conventional lupine protein isolates.48 For both crops, dry fractionation leads to the 

largest decrease in footprint, as less electricity, no process steam, and no chemicals 

are used; of course, at the cost of product purity. The combined method is situated 

between the dry and mild aqueous fractionation as the fine fraction was further 

processed (Figure 3.4). The drying steps are responsible for a large part of the 

footprint. This is corroborated by Berghout et al. 17 who also considered alternatives 

for processes that require a lot of energy for drying, such as dry fractionation. The 

water use was reduced in the milder fractionation method, mainly due to the 

different ratio of water to material that was used. As for fractionation yellow pea, 

wastewater was also returned to the environment after receiving treatments. 

Especially the human carcinogenic toxicity is reduced drastically with the removal of 

the oil step. This is mostly attributed to heating hexane during the oil distillation 

rather than the use of hexane, since the hexane is reused almost completely. More 

specifically, only 3 kg hexane per ton lupine protein isolate is typically lost into the 

atmosphere during production143 and hence, affects the human carcinogenic toxicity, 

whereas the remainder is not considered. 

In general, these results confirm the importance of reducing the degree of processing 

for food ingredients from the viewpoint of the environmental impact. Mainly the 

removal of the alkaline-acidic extraction-precipitation process and the oil extraction 

are responsible for this. Moreover, drying remains a dominant process step, which 

indicates that this remains an important issue to focus on. One should bear in mind 

that the milder fractionation pathways are still based on lab-scale processes that 

could be better optimized when developed for industrial scale. Therefore, the results 

may still change due to upcoming developments. We do believe however that the 

conclusions will not change, and in fact, will only become more distinct due to better 

efficiencies on larger scales. Furthermore, the different processes deliver products 

with very different qualities and properties. The conventional protein isolates are 

quite pure, while the concentrates from the other processes contain significant 

amounts of other components, but may still have good, though different 

functionality. Therefore, the direct comparison of these processes is not without 

complexity. 
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Figure 3.4 The global warming potential, human carcinogenic toxicity, fossil fuel scarcity, and 

water consumption for each process step in conventional, mild aqueous, dry, and hybrid 

fractionation of lupine. Please note the log scale. 

3.5.3 Comparison between cultivation and processing 

Until now the environmental impact of different ways of refining 1000 kg yellow pea 

and lupine was discussed without including cultivation and transportation. Figure 

3.5 illustrates the effect of including the global warming potential, human 

carcinogenic toxicity, fossil resource scarcity, and water consumption of cultivation, 

transportation, and processing of 1000 kg of lupine or yellow pea. The combined 
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environmental impact to produce 1 kg of ingredient and protein can be found in the 

Appendix. The global warming potential and fossil resource scarcity of the 

cultivation of lupine or yellow pea are similar. The cultivation of lupine has more 

effect on human carcinogenic toxicity compared to yellow pea. The latter is explained 

by the higher toxicity emission related to the use of insecticides and herbicides 

outside of the EU (lupine originates partly from Australia) and longer transportation 

distances. In contrast, yellow pea requires more water during cultivation compared 

to lupine, as it is cultivated using irrigation.138

For the global warming potential and fossil resource scarcity of both conventional 

and mild wet fractionation, the processing is dominant over the cultivation due to 

Figure 3.5 The global warming potential, human carcinogenic toxicity, fossil resource scarcity, 

and water consumption of cultivation (grey) and processing (black) for yellow pea and lupine 

for processing 1000 kg crop. 
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the relatively low energy requirements of the cultivation. The human carcinogenic 

toxicity of cultivation is dominant for all processes, mainly caused by the use of 

pesticides. With regards to water consumption, the processing of lupine contributes 

substantially more than its cultivation. This is different for yellow pea due to the 

difference in irrigation and water use in the steeping step during fractionation. The 

ratio between cultivation and fractionation is different for each environmental 

indicator (full dataset in the Appendix). As both have a significant contribution, it is 

important to include both the environmental impact of cultivation and fractionation 

when selecting the most sustainable ingredients. Evidently, the place and method of 

cultivation highly influence the environmental indicators as different countries have 

different climates and distances to the processing location. This could result in a 

different outcome in a case study with different cultivation locations. Nevertheless, 

the comparisons made in this case study are to emphasize the impact of cultivation 

compared to processing. 

3.5.4 Environmental impact of the production of 1 kg of protein 

Earlier, it was shown that a lower degree of refining decreases the environmental 

impact of the processes and hence, also of the embedded environmental impacts in 

the food ingredients. Moreover, we showed in the previous section that both the 

impact of cultivation, transportation, and processing of the crops should be included 

in any sustainability assessment. One should however bear in mind that a lower 

degree of processing results in fractions with a lower protein purity, which is 

considered a key component in food ingredients. Therefore, instead of using the 

amount of processed raw material as a functional unit, the global warming potential 

of the fractionation processes can also be expressed per kg of protein within that 

ingredient, now including the impact of cultivation and transportation (Figure 3.6). 

The other environmental impact indicators expressed per kg of protein are presented 

in the Appendix and follow the same reasoning as the global warming potential. The 

conversion from total mass to protein as a functional unit is inversely related to the 

environmental indicators due to the low purity of the milder fractionated 

ingredients. Nevertheless, a lower degree of refining can still deliver the same 

amount of protein with a lower footprint (Figure 3.6). The carbon footprint to 

produce conventional yellow pea protein isolate is 5.3 kg CO2-equivalents/kg protein  



60 

Figure 3.6 Protein yield (protein in the ingredient as a percentage of the protein in the crop) 

(left axis in black) and the global warming potential (right axis in grey) to produce 1 kg of 

protein in each fraction. 

and 4.9 kg CO2-equivalents/kg protein for mild aqueous fractions. The fine fraction 

has the lowest climate change potential with 1.6 kg CO2-equivalents/kg protein. The 

global warming potential of hybrid protein-rich fractions is 5.1 kg CO2-

equivalents/kg protein. The impact of the hybrid protein fractions surpasses the 

impact of the mild aqueous protein fractions. This is due to a matter of impact 

allocation to the protein/fibre-rich stream and the starch stream in the first decanter. 

As the starch-rich fraction produced from the fine fraction is smaller than the starch-

rich fraction that originates from yellow pea flour, relatively more impact is allocated 

to the hybrid protein-rich fractions. Moreover, the global warming potential of the 

protein-rich fractions from lupine is slightly higher compared to yellow pea. The 

conventional fractionation of lupine requires oil removal and more water compared 

to the fractionation of yellow pea. The excess water also needs to be evaporated, 

which requires additional energy. The climate change potential for the conventional 

protein isolate of lupine is 5.8 kg CO2-equivalents/kg protein, while the milder 

aqueous variant is 4.6 kg CO2-equivalents/kg protein. The dry fractionation again 
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has the lowest carbon footprint, of 1.3 kg CO2-equivalents while the hybrid method 

is 3.8 kg CO2-equivalents per kg protein. This proves that the mildly fractionated 

ingredients have the potential to deliver as much protein as the conventional way, 

but with a reduced carbon footprint. The milder fractions also have a lower carbon 

footprint than for example soy protein isolate, which was estimated by Thrane et 

al.144 6.1 kg CO2-equivalents/kg protein.  

Comparing the impact between different processes and fractions, one should realize 

that the impact per fraction (e.g. starch isolate and protein isolate) is dependent on 

the allocation of the process steps and the impact of cultivation. More specifically, 

for conventional fractionation, the impact of cultivation is allocated according to the 

yield of the three fractions; the protein-, fibre-, and oil/starch-rich fractions. For dry 

fractionation the impact is allocated to only the fine and coarse fractions, meaning a 

relative higher cultivation impact per fraction. It is however still debatable whether 

the fibre fraction from conventional fractionation is considered to be food grade; 

hence, a useful fraction. The removal of such a fraction from the allocation will 

increase the final impact of each fraction. Therefore, the allocation to valuable 

fractions should always be considered carefully, either based on mass or economical 

value. 

Next to the reduction of the global warming potential during the production of food 

ingredients, it is evident that for a sustainable food chain a minimal loss of valuable 

components is essential. Even though conventional fractionation of yellow pea 

delivers a high protein yield of 82% (Figure 3.6), all other protein originally present 

is lost. Even if they could be recovered, they are not food grade anymore. In contrast, 

the protein-rich ingredients from mild aqueous fractionation of yellow pea combined 

have a higher protein yield of 87%, assuming that both the insoluble and the soluble 

proteins are recovered. The rest of the proteins end up in the starch fraction and 

could still be used for human consumption. A similar relation is found for the 

fractionation of lupine. The protein yield of mild aqueous fractionation of lupine is 

64%, compared to conventional fractionation of 59%, with a lower impact. These 

findings indicate that besides the lower global warming potential of the milder 

alternatives to conventional fractionation, they also deliver a higher protein yield. 
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Dry fractionation features a protein yield of 100% for both fractions. It is assumed 

that no fractions are degraded because the milled flour is just separated into two 

fractions through an air classifier. On top of that, the global warming potential is very 

low for this method. However, the downside of this method is the low purity that is 

obtained; with a significant amount of protein ending up in the protein lean coarse 

fraction. A method to increase the purity was proposed by Berghout et al. 17, by 

further purifying the fine fraction using mild aqueous fractionation. Interestingly, 

combining dry fractionation and mild aqueous fractionation for yellow pea only 

slightly changes the purity of the fine fraction from 43% to 62 and 37% for the soluble 

and insoluble protein fraction respectively. As the fine fraction is the starting 

material of the second step of the hybrid fractionation, the protein yield compared 

to the initial crop is approximately 15 and 13% for the soluble and insoluble protein 

fraction, respectively. Next to the rather slight increase in purity with a low total 

protein yield of the hybrid fractions, the hybrid fractionation comes at a cost of 3.5 

CO2-equivalents/kg of protein extra. One should however realize that no protein is 

lost during both mild fractionation techniques, since the proteins in the coarse 

fraction can be utilized completely in food, as opposed to conventional fractionation. 

In addition, the combined method is still lab-based and can be optimized. The hybrid 

fractionation of lupine increases the purity of the fine fraction from 58 to 87%, with 

a protein yield of 30%.17 While this looks very promising, the values are uncertain 

since it is calculated theoretically by the author. The same distribution of mild 

aqueous fractionation was used, starting with lupine flour rather than the fine 

fraction. This might be an unjustified assumption as the fine fraction has a different 

composition; hence, the hybrid protein-rich fraction will have a different 

composition. This could also be an explanation for why the carbon footprint of the 

protein-rich hybrid fraction does not surpass the mild aqueous protein-rich fraction 

as is the case with yellow pea. Therefore, we conclude for now that for yellow pea, 

hybrid fractionation can slightly increase the purity of the fine fraction after dry 

fractionation, yet, this comes at a high cost in terms of global warming potential. For 

lupine, the situation may be the opposite, but more research is required. Overall, the 

use of protein as a functional unit in this sustainability assessment indicates that a 

lower degree of refining can deliver as much protein as the conventional 
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fractionation, with a lower footprint. On top of that, milder methods have a higher 

protein yield, in which close to no protein is lost. 

3.6 Conclusion 

This study quantified the environmental impact of several degrees of refining for 

food ingredients. The environmental impact of the production of plant protein-rich 

ingredients can be reduced substantially by decreasing the degree of refining, which 

we assessed for yellow pea and lupine seeds. Overall, processing is a very important 

element in the total environmental impact and in some cases larger than that of the 

crop cultivation. Therefore, any assessment should include both. The omission of the 

protein precipitation step in mild aqueous fractionation significantly decreases the 

global warming potential, human carcinogenic toxicity, water consumption, and 

fossil resource scarcity by 30–40%. Moreover, the removal of the oil extraction step 

in the fractionation process of oil-rich seeds such as lupine decreases these impact 

categories by 20–30%. The final drying steps remain mostly responsible for the 

impact in all categories. The largest decrease in global warming potential was 

obtained with only dry processing with a decrease of up to 93% compared to the 

conventional way of fractionation. With the amount of recovered protein as the 

functional unit, the processes that refine less still have a lower impact compared to 

the conventional isolation method. From all ingredients, the conventional method 

gives the highest protein yield per protein-rich fraction, although at the costs of a 

higher environmental impact. In general, the consideration of purity, yield, and 

environmental indicators offer more insight into the process of choosing the right 

ingredients, which will benefit the sustainability of the food chain. 
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3.7 Appendix 

3.7.1 Background impacts life cycle assessment 

Table A 3.1 Overview of the background life cycle impacts used for the life cycle assessment 

based on Agri-footprint® 5.0.138 

Category  Impact name  

Electricity  
Electricity mix, AC, consumption mix, at consumer, < 1kV NL S System - 
Copied from ELCD 

Steam 
Process steam from natural gas, heat plant, consumption mix, at plant, MJ, 
NL S System - Copied from ELCD 

Water 
Drinking water, water purification treatment, production mix, at plant, from 
surface water RER S System - Copied from ELCD 

Sodium 
Hydroxide 

Sodium hydroxide (50% NaOH) (mix), at plant/RER Mass 

Waste 
Wastewater treatment, domestic wastewater according to the Directive 
91/271/EEC concerning urban wastewater treatment, at wastewater treatment 
plant EU-27 S System - Copied from ELCD 

Hydrochloric Acid Hydrochloric acid (30% HCl) (Mannheim), at plant/RER Mass 

Hexane  Hexane emission to Air (unspecified) 
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Table A 3.2 Weighted averages of the life cycle inventory regarding the cultivation of 

consumption mix in The Netherlands of yellow pea and lupine obtained from the Agri-footprint 

5.0 database.138 “n” is the number of countries included in the consumption mix: lupine: (20%) 

and Australia (80%) and yellow pea: Belgium (0.1%), Canada (4.6%), Czech Republic (1.3%), 

Estonia (0.2%), Finland  (23.4%), France (16.9%), Germany  (1.7%), Hungary (8.6%), 

Lithuania (5.1%), the Netherlands (1.7%), Poland (18.4%), Russia (12.0%), Ukraine (4.3%), 

the United Kingdom (0.7%), and the United States (1.1%). 

Category  Lupine (n = 2) Yellow pea (n = 15) 

Yield (kg/ha) 1383.0 2632.3 

straw (kg/ha) 252.6 395.0 

Manure N (kg N/ha) 8.8 16.3 

Manure P (kg P2O5/ha) 5.3 9.8 

Inorganic Fertilizers N (kg N/ha) 4.0 22.6 

Inorganic Fertilizers P (kg P2O5/ha) 32.0 30.2 

Inorganic Fertilizers K (kg K2O/ha) 12.0 39.9 

Insecticide (kg/ha) 0.5 0.1 

Fungicide (kg/ha) 0.5 0.8 

Herbicide (kg/ha) 4.8 3.8 

Diesel (MJ/ha) 2336.0 3481.3 

Electricity (MJ/ha) 0.0 16.5 

Blue Water (m3/ha) 0.0 44.2 

Start material (kg/ha) 62.8 139.8 

Transport (km/ha) 57.7 87.1 
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3.7.2 Description of fractionation processes 

Figure A 3.1, Figure A 3.2, and Figure A 3.3 provide a detailed description of the 

conventional (CF), mild aqueous (MAF), and dry fractionation (DF) respectively of 

yellow pea and lupine. In this research, the combined method of mild aqueous and 

dry fractionation, or hybrid fractionation was also considered (HF), in which the fine 

fraction is used as the starting material for the mild aqueous processes for both 

lupine and yellow pea. In the following paragraphs, the resource inputs of all 

processes are described, which are processed in SimaPro with the background 

impacts listed in Table A 3.1. 

CF and MAF of yellow pea are mostly adapted from the proposed method from 

Geerts et al.8 and a patent from Roquette, which is a plant based ingredient 

producer.131 For both processes, 1000 kg of yellow peas are initially milled and 

soaked in a 25%wt solution, which requires approximately 0.5  MJ/kg feed electricity 

and 1.5 MJ/kg protein electricity. During soaking, 3% of the yellow pea solution is 

lost and considered waste. Subsequently, in CF, starch isolates are produced by a 

separation step of a series of 14 hydrocyclones that require 1.8 kJ/kg feed per 

hydrocylone electricity and approximately 0.5 kg water per kg feed. The MAF 

produces an enriched starch fraction using a decanter instead, to separate the starch, 

which requires 2.4 kJ/kg feed. Both starch fractions are initially concentrated to 60% 

dry matter using a vacuum drum filter, with an electricity use of 99 MJ/m3 feed, after 

which the moisture is reduced to 12.4% dry matter in a pneumatic ring drier. The 

latter requires energy, in the form of steam, of approximately 4.3 MJ/kg water 

removed and 5% water of the incoming feed to clean the equipment. In CF, the yellow 

pea solution without starch is separated another time using a centrifugal decanter to 

remove the fibre fraction, which is dried using an evaporator to approximately 17% 

dry matter. This process requires approximately 0.8 MJ/kg water removed. It should 

be noted that the dry matter from the fibre fraction is different from the proposed by 

Geerts et al.8 (6% dry matter), the main reason is that the evaporated is not 

commonly used to dry to such a low percentage of dry matter. Therefore, the dry 

matter of evaporated potato fibre was used in this case.122 
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Next, the remaining mixture containing proteins and soluble materials is subjected 

to isoelectric and centrifugal separation for CF and MAF respectively. In isoelectric 

precipitation, the proteins are flocculated by reducing the pH to 4.5 and heating to 

60°C using hydrochloric acid, water, mixing electricity, and process steam. The 

proteins are subsequently further matured in a tank, requiring mixing electricity. 

The soluble materials are now separated from the precipitated proteins and 

considered waste. The proteins are neutralized using sodium hydroxide, water, and 

mixing electricity. The remaining solution for MAF is separated by a centrifugal 

decanter, after which the pellet containing the insoluble proteins is evaporated to 

17% dry matter (using the same reasoning as above). The supernatant containing the 

soluble solids and proteins is concentrated using ultrafiltration, which requires 10 

MJ/m3 electricity, and produces the retentate, which is considered waste. Both the 

final protein isolate and the soluble protein from CF and MAF respectively are dried 

using a spray drier to obtain a dry matter of 20%, requiring 4.8 MJ/kg evaporated 

water of process steam. Both fractions are further dried to approximately 10% dry 

matter using a fluidized bed, which needs another 6.75 MJ/kg removed water of 

process steam. After all drying steps, the ingredients are cooled down using air, 

required electricity of an air pump of 1.9 kJ/kg feed. 

The CF and MAF of lupine seeds are similar to yellow pea. As there was no detailed 

process available yet, a specific process is composed of information from literature17, 

a patent132, and assumptions. When no information could be obtained from these 

sources, the fractionation of yellow pea was used. The main difference is that CF 

includes an additional oil removal step after the milling step in which hexane is 

added to the milled lupine seeds with a sample to solvent ratio of 1:2 (on an industrial 

scale) and evaporated at 40°C. Berghout et al.17 indicated that the amount of hexane 

differs among lab-, pilot-, or industrial-scale. As this process in theory for the 

industry, that ratio is taken. For the extraction process steam is required to heat the 

sample, 0.07 MJ/kg flour electricity is needed, and cooling water is used in 

approximately 1:1 ratio. During the extraction, approximately 2 g of hexane is lost as 

vapor. After the extraction, the flour is dispersed into the water with a sample to 

solvent ratio of 1:15. The pH of lupine suspensions is set to 9 using sodium hydroxide, 

for which mixing electricity is also required. The fibre is subsequently separated from 
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the mixture in a centrifugal decanter, for which electricity is required. The fibre-rich 

fraction is evaporated to 17% dry matter using steam.  

The remaining dispersion containing proteins and other soluble materials is 

subjected to a precipitation step, in which the pH is adjusted to 4.5 with hydrochloric 

acid at 20°C. Subsequently, the solution is matured in a maturation tank. For these 

steps mixing electricity is required. After this, the protein is neutralized using sodium 

hydroxide, which required mixing electricity. Some proposals of lupine extraction 

include a washing step instead of a neutralization step in literature17 and in 

practice.139 However, washing steps require large quantities of water (e.g. in the 

order of 10,000 kg) and are highly dependent on the size of the feed stream in that 

step. It seems that for MAF there is a larger feed because the oil is not removed. This 

will lead to much more water that has to be evaporated. As this process is still not 

optimized, it was decided to include a neutralization step similar to the fractionation 

of yellow pea, which is also used in practice. After the neutralization, the protein 

fraction is initially dried to 20% using a spray drier, after which it is dried to the final 

dry matter of approximately 10% using a fluidized bed, for which both steam is 

required. The fluidized bed was introduced to create an equal drying step as in the 

fractionation of yellow pea. The MAF for lupine seeds is the same as for CF, except 

for that the complete oil extraction step is omitted and that the full-fat flour is 

dispersed into the water in a ratio of 1:10, which is also used in industry.139 A lower 

ratio is picked here for the same reasoning as above; it will result in unbalanced 

energy requirements for the drying steps, on which the focus of this research is not.  

The dry fractionation for yellow pea and lupin is the same and based on literature 52, 

in which the crops are milled using the electricity requirements. After the milling, 

the flours are separated in an air-classifier, which has an electricity requirement of 

2.3 kJ/kg feed. No losses are assumed in this process, as the losses of these steps are 

minimal on the industrial scale. 
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Figure A 3.3 Flow chart of dry fractionation of yellow pea and lupine. 

       

                  

       

          

       

        
             



72

3
.7

.3
 R

e
s

u
lt

s
 f

o
r 

a
ll

 e
n

v
ir

o
n

m
e

n
ta

l 
im

p
a

c
t 

c
a
te

g
o

ri
e
s

. 

T
a

b
le

 A
 3

.3
 E

n
vi

ro
n
m

e
n
ta

l i
m

p
a

c
ts

 f
o

r 
th

e
 f
ra

ct
io

n
a

tio
n

 o
f 
ye

llo
w

 p
e

a
 a

n
d

 lu
p
in

e
 t
o

 p
ro

c
e
ss

 1
0
0

0
 k

g
 c

ro
p

 in
cl

u
d
in

g
 c

u
lt
iv

a
ti
o

n
. 

Y
el

lo
w

 P
ea

  
L

u
p

in
e 

Im
p

a
ct

 c
a

te
g

o
ry

 
U

n
it

 
C

F
 

M
F

 
C

F
 

H
F

 
C

F
 

M
F

 
C

F
 

H
F

 

G
lo

b
a

l 
w

a
rm

in
g

 
k

g
 C

O
2
 e

q
 

15
0

9
 

11
0

1 
6

7
6

 
8

2
0

 
2

10
6

 
17

9
8

 
7

5
0

 
12

0
7

 

S
tr

a
to

sp
h

er
ic

 o
zo

n
e 

d
ep

le
ti

o
n

 
k

g
 C

F
C

11
 e

q
 

7
.8

E
-0

3
 

7
.6

E
-0

3
 

7
.6

E
-0

3
 

7
.6

E
-0

3
 

5
.1

E
-0

3
 

5
.0

E
-0

3
 

4
.8

E
-0

3
 

4
.9

E
-0

3
 

Io
n

iz
in

g
 r

a
d

ia
ti

o
n

 
k

B
q

 C
o

-6
0

 e
q

 
19

.9
 

12
.0

 
6

.9
 

9
.1

 
2

9
.4

 
2

9
.5

 
8

.7
 

17
.0

 

O
zo

n
e 

fo
rm

a
ti

o
n

, 
H

u
m

a
n

 h
ea

lt
h

 
k

g
 N

O
x
 e

q
 

1.
6

3
 

1.
5

9
 

1.
6

1 
1.

6
2

 
3

.0
1 

2
.9

7
 

2
.9

1 
2

.9
7

 

F
in

e 
p

a
rt

ic
u

la
te

 m
a

tt
er

 f
o

rm
a

ti
o

n
 

k
g

 P
M

2
.5

 e
q

 
1.

12
 

0
.9

7
 

0
.8

9
 

0
.9

2
 

1.
5

3
 

1.
4

5
 

1.
0

7
 

1.
2

3
 

O
zo

n
e 

fo
rm

a
ti

o
n

, 
T

er
re

st
ri

a
l 

ec
o

sy
st

em
s 

k
g

 N
O

x
 e

q
 

1.
6

4
 

1.
6

1 
1.

6
3

 
1.

6
3

 
3

.0
6

 
3

.0
0

 
2

.9
3

 
2

.9
9

 

T
er

re
st

ri
a

l 
a

ci
d

if
ic

a
ti

o
n

 
k

g
 S

O
2
 e

q
 

6
.0

3
 

5
.5

3
 

5
.3

0
 

5
.4

1 
6

.6
4

 
6

.4
0

 
5

.1
7

 
5

.6
8

 

F
re

sh
w

a
te

r 
eu

tr
o

p
h

ic
a

ti
o

n
 

k
g

 P
 e

q
 

0
.3

8
 

0
.3

7
 

0
.3

8
 

0
.3

8
 

0
.5

4
 

0
.5

4
 

0
.5

4
 

0
.5

4
 

M
a

ri
n

e 
eu

tr
o

p
h

ic
a

ti
o

n
 

k
g

 N
 e

q
 

2
.5

4
 

2
.5

0
 

2
.5

4
 

2
.5

4
 

1.
9

1 
1.

9
0

 
1.

9
0

 
1.

9
0

 

T
er

re
st

ri
a

l 
ec

o
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
3

16
7

9
 

3
11

7
6

 
3

16
4

7
 

3
16

5
2

 
4

2
6

4
6

 
4

2
6

4
3

 
4

2
5

7
2

 
4

2
6

0
2

 

F
re

sh
w

a
te

r 
ec

o
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
5

5
.9

6
 

5
5

.1
0

 
5

5
.9

5
 

5
5

.9
5

 
14

9
.3

5
 

14
9

.3
5

 
14

9
.3

3
 

14
9

.3
4

 

M
a

ri
n

e 
ec

o
to

x
ic

it
y 

k
g

 1
,4

-D
C

B
 

10
2

.4
7

 
10

0
.8

7
 

10
2

.4
0

 
10

2
.4

2
 

4
14

.7
0

 
4

14
.6

9
 

4
14

.5
6

 
4

14
.6

3
 

H
u

m
a

n
 c

a
rc

in
o

g
en

ic
 t

o
x

ic
it

y 
k

g
 1

,4
-D

C
B

 
0

.6
9

 
0

.5
8

 
0

.4
3

 
0

.4
7

 
1.

2
9

 
1.

17
 

0
.8

8
 

1.
0

0
 

H
u

m
a

n
 n

o
n

-c
a

rc
in

o
g

en
ic

 t
o

x
ic

it
y 

k
g

 1
,4

-D
C

B
 

3
2

7
7

.5
 

3
2

2
6

.6
 

3
2

7
5

.8
 

3
2

7
6

.1
 

3
10

8
.4

 
3

10
7

.6
 

3
10

4
.7

 
3

10
6

.0
 

L
a

n
d

 u
se

 
m

2
a

 c
ro

p
 e

q
 

3
5

17
.0

 
3

4
6

3
.3

 
3

5
16

.8
 

3
5

16
.9

 
6

4
6

4
.1

 
6

4
6

4
.0

 
6

4
6

3
.9

 
6

4
6

3
.9

 

M
in

er
a

l 
re

so
u

rc
e 

sc
a

rc
it

y 
k

g
 C

u
 e

q
 

1.
0

8
 

1.
0

5
 

1.
0

5
 

1.
0

6
 

1.
7

4
 

1.
7

4
 

1.
7

0
 

1.
7

2
 

F
o

ss
il

 r
es

o
u

rc
e 

sc
a

rc
it

y 
k

g
 o

il
 e

q
 

3
2

6
 

2
3

0
 

10
4

 
14

5
 

4
7

2
 

3
8

6
 

12
8

 
2

4
9

 

W
a

te
r 

co
n

su
m

p
ti

o
n

 
m

3
 

3
4

.8
 

2
9

.8
 

19
.8

 
2

2
.7

 
2

9
.6

 
2

0
.9

 
2

.8
 

12
.2

 



  

CHAPTER 3 – SUSTAINABILITY          73 

T
a

b
le

 A
 3

.4
 E

n
vi

ro
n
m

e
n
ta

l i
m

p
a

c
t 
fo

r 
fr

a
c
tio

n
s
 o

b
ta

in
e

d
 f

ro
m

 y
e
llo

w
 p

e
a
 a

n
d
 l
u

p
in

e
 t

o
 p

ro
d

u
c
e
 1

 k
g

 o
f 
fr

a
ct

io
n

 w
it
h
o

u
t 
cu

lt
iv

a
tio

n
 in

cl
u

d
e

d
. 

 
 

Y
el

lo
w

 P
ea

 
L

u
p

in
e

 

Im
p

a
ct

 c
a

te
g

o
ry

 
U

n
it

 
C

F
 

M
F

 
D

F
 

H
F

 
C

F
 

M
F

 
D

F
 

H
F

 

 

 

Protein 
Isolate 

Insoluble 
Protein 

Soluble 
Protein 

Fine 
fraction 

Insoluble 
Protein 

Soluble 
Protein 

Protein 
Isolate 

Enriched 
Protein 

Fine 
fraction 

Enriched 
protein 

G
lo

b
a

l 
w

a
rm

in
g

 
k

g
 C

O
2
 e

q
 

3
.1

6
E

+
0

0
 

4
.5

6
E

-0
1 

1.
0

4
E

+
0

0
 

1.
0

7
E

-0
1 

3
.6

4
E

-0
1 

1.
11

E
+

0
0

 
3

.9
4

E
+

0
0

 
2

.9
4

E
+

0
0

 
1.

0
7

E
-0

1 
2

.7
3

E
+

0
0

 

S
tr

a
to

sp
h

er
ic

 o
zo

n
e

 
d

ep
le

ti
o

n
 

k
g

 C
F

C
11

 e
q

 
6

.8
7

E
-0

7
 

6
.3

6
E

-0
8

 
1.

6
4

E
-0

7
 

3
.1

8
E

-0
8

 
8

.3
2

E
-0

8
 

1.
8

3
E

-0
7

 
1.

0
6

E
-0

6
 

7
.9

2
E

-0
7

 
3

.1
8

E
-0

8
 

6
.7

8
E

-0
7

 

Io
n

iz
in

g
 r

a
d

ia
ti

o
n

 
k

B
q

 C
o

-6
0

 e
q

 
5

.2
1E

-0
2

 
6

.4
4

E
-0

3
 

1.
2

7
E

-0
2

 
3

.7
9

E
-0

3
 

9
.3

3
E

-0
3

 
1.

5
7

E
-0

2
 

6
.5

5
E

-0
2

 
5

.8
3

E
-0

2
 

3
.7

9
E

-0
3

 
4

.9
3

E
-0

2
 

O
zo

n
e 

fo
rm

a
ti

o
n

, 
H

u
m

a
n

 
h

ea
lt

h
 

k
g

 N
O

x
 e

q
 

4
.6

6
E

-0
5

 
3

.6
5

E
-0

6
 

8
.2

4
E

-0
6

 
8

.0
4

E
-0

7 
2

.8
1E

-0
6

 
8

.7
8

E
-0

6
 

2
.8

6
E

-0
4

 
1.

9
3

E
-0

4
 

8
.0

4
E

-0
7 

3
.7

5
E

-0
4

 

F
in

e 
p

a
rt

ic
u

la
te

 m
a

tt
er

 
fo

rm
a

ti
o

n
 

k
g

 P
M

2
.5

 e
q

 
8

.8
7

E
-0

4
 

9
.1

2
E

-0
5

 
2

.2
8

E
-0

4
 

3
.2

1E
-0

5
 

9
.3

7
E

-0
5

 
2

.4
6

E
-0

4
 

1.
4

1E
-0

3
 

1.
0

6
E

-0
3

 
3

.2
1E

-0
5

 
9

.7
0

E
-0

4
 

O
zo

n
e 

fo
rm

a
ti

o
n

, 
T

er
re

st
ri

a
l 

ec
o

sy
st

e
m

s 
k

g
 N

O
x
 e

q
 

6
.2

5
E

-0
5

 
5

.8
8

E
-0

6
 

1.
3

3
E

-0
5

 
1.

3
0

E
-0

6
 

4
.5

3
E

-0
6

 
1.

4
1E

-0
5

 
3

.4
7

E
-0

4
 

2
.1

2
E

-0
4

 
1.

3
0

E
-0

6
 

3
.9

9
E

-0
4

 

T
er

re
st

ri
a

l 
a

ci
d

if
ic

a
ti

o
n

 
k

g
 S

O
2
 e

q
 

2
.8

6
E

-0
3

 
2

.9
0

E
-0

4
 

7
.3

1E
-0

4
 

1.
0

2
E

-0
4

 
2

.9
8

E
-0

4
 

7
.8

8
E

-0
4

 
4

.5
7

E
-0

3
 

3
.4

2
E

-0
3

 
1.

0
2

E
-0

4
 

3
.1

3
E

-0
3

 

F
re

sh
w

a
te

r 
eu

tr
o

p
h

ic
a

ti
o

n
 

k
g

 P
 e

q
 

2
.0

1E
-0

7
 

1.
6

2
E

-0
8

 
4

.0
7

E
-0

8
 

8
.4

0
E

-0
9

 
2

.1
7

E
-0

8
 

4
.5

8
E

-
0

8
 

3
.9

2
E

-0
7

 
3

.1
0

E
-0

7
 

8
.4

0
E

-0
9

 
3

.3
1E

-0
7

 

M
a

ri
n

e 
e

u
tr

o
p

h
ic

a
ti

o
n

 
k

g
 N

 e
q

 
1.

5
2

E
-0

5
 

5
.3

0
E

-0
7

 
2

.9
7

E
-0

6
 

1.
7

1E
-0

7
 

6
.3

4
E

-0
7

 
2

.7
7

E
-0

6
 

3
.1

4
E

-0
5

 
2

.0
0

E
-0

5
 

1.
7

1E
-0

7
 

1.
6

0
E

-0
5

 

T
er

re
st

ri
a

l 
ec

o
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
1.

3
0

E
-0

1 
1.

2
4

E
-0

2
 

2
.7

3
E

-0
2

 
6

.8
5

E
-0

3
 

1.
7

3
E

-0
2

 
3

.2
1E

-0
2

 
2

.2
5

E
-0

1 
1.

8
7

E
-0

1 
6

.8
5

E
-0

3
 

1.
8

5
E

-0
1 

F
re

sh
w

a
te

r 
e

co
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
5

.4
7

E
-0

5
 

7
.0

8
E

-0
6

 
1.

4
7

E
-0

5
 

3
.0

3
E

-0
6

 
8

.3
8

E
-0

6
 

1.
6

9
E

-0
5

 
7

.6
9

E
-0

5
 

6
.3

6
E

-0
5

 
3

.0
3

E
-0

6
 

6
.1

5
E

-0
5

 

M
a

ri
n

e 
e

co
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
2

.7
6

E
-0

4
 

3
.5

6
E

-0
5

 
7

.6
1E

-0
5

 
1.

3
0

E
-0

5
 

3
.7

3
E

-0
5

 
8

.5
6

E
-0

5
 

4
.4

5
E

-0
4

 
3

.6
6

E
-0

4
 

1.
3

0
E

-0
5

 
4

.3
3

E
-0

4
 

H
u

m
a

n
 c

a
rc

in
o

g
en

ic
 

to
x

ic
it

y
 

k
g

 1
,4

-D
C

B
 

9
.3

2
E

-0
4

 
1.

7
3

E
-0

4
 

3
.7

3
E

-0
4

 
1.

8
9

E
-0

5
 

9
.9

9
E

-0
5

 
3

.8
6

E
-

0
4

 
9

.9
1E

-0
4

 
7

.1
9

E
-0

4
 

1.
8

9
E

-0
5

 
7

.1
2

E
-0

4
 

H
u

m
a

n
 n

o
n

-c
a

rc
in

o
g

en
ic

 
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
6

.6
7

E
-0

3
 

8
.0

8
E

-0
4

 
1.

7
4

E
-0

3
 

3
.4

9
E

-0
4

 
9

.4
0

E
-0

4
 

1.
9

9
E

-0
3

 
1.

0
8

E
-0

2
 

8
.1

8
E

-0
3

 
3

.4
9

E
-0

4
 

8
.1

7
E

-0
3

 

L
a

n
d

 u
se

 
m

2
a

 c
ro

p
 e

q
 

3
.9

1E
-0

4
 

8
.0

5
E

-0
5

 
1.

7
7

E
-0

4
 

0
.0

0
E

+
0

0
 

2
.8

4
E

-0
5

 
1.

7
7

E
-0

4
 

4
.8

7
E

-0
4

 
3

.5
0

E
-0

4
 

0
.0

0
E

+
0

0
 

5
.1

8
E

-0
4

 

M
in

er
a

l 
re

so
u

rc
e 

sc
a

rc
it

y
 

k
g

 C
u

 e
q

 
9

.5
3

E
-0

5
 

1.
3

7
E

-0
5

 
2

.8
8

E
-0

5
 

4
.4

0
E

-0
6

 
1.

3
6

E
-0

5
 

3
.1

9
E

-0
5

 
1.

2
8

E
-0

4
 

1.
0

1E
-0

4
 

4
.4

0
E

-0
6

 
1.

0
1E

-0
4

 

F
o

ss
il

 r
es

o
u

rc
e 

sc
a

rc
it

y
 

k
g

 o
il

 e
q

 
8

.2
5

E
-0

1 
1.

4
4

E
-0

1 
3

.1
0

E
-0

1 
2

.5
4

E
-0

2
 

9
.8

1E
-0

2
 

3
.2

9
E

-0
1 

9
.0

3
E

-0
1 

6
.9

3
E

-0
1 

2
.5

4
E

-0
2

 
7

.1
2

E
-0

1 

W
a

te
r 

co
n

su
m

p
ti

o
n

 
m

3
 

4
.3

2
E

-0
2

 
1.

2
4

E
-0

2
 

2
.2

0
E

-0
2

 
1.

9
3

E
-0

4
 

6
.2

8
E

-0
3

 
2

.2
4

E
-0

2
 

4
.3

1E
-0

2
 

3
.2

4
E

-0
2

 
1.

9
3

E
-0

4
 

4
.5

4
E

-0
2

 

 



74

T
a

b
le

 A
 3

.5
 E

n
vi

ro
n
m

e
n
ta

l i
m

p
a

c
t 
fo

r 
fr

a
c
tio

n
s
 o

b
ta

in
e

d
 f

ro
m

 y
e
llo

w
 p

e
a
 a

n
d
 l
u

p
in

e
 t

o
 p

ro
d

u
c
e
 1

 k
g

 o
f 
fr

a
ct

io
n

 w
it
h
 c

u
lt
iv

a
ti
o

n
 i
n
c
lu

d
e

d
. 

Y
el

lo
w

 P
ea

 
L

u
p

in
e

 

Im
p

a
ct

 c
a

te
g

o
ry

 
U

n
it

 
C

F
 

M
F

 
C

F
 

H
F

 
C

F
 

M
F

 
D

F
 

H
F

 

Protein 
Isolate 

Insoluble 
Protein 

Soluble 
Protein 

Fine 
fraction 

Insoluble 
Protein 

Soluble 
Protein 

Protein 
Isolate 

Enriched 
Protein 

Fine  
fraction 

Enriched 
protein 

G
lo

b
a

l 
w

a
rm

in
g

 
k

g
 C

O
2
 e

q
 

4
.2

0
E

+
0

0
 

9
.8

9
E

-0
1 

1.
6

6
E

+
0

0
 

6
.7

6
E

-0
1 

9
.0

5
E

-0
1 

1.
6

9
E

+
0

0
 

5
.0

2
E

+
0

0
 

3
.9

4
E

+
0

0
 

7
.4

9
E

-0
1 

3
.3

3
E

+
0

0
 

S
tr

a
to

sp
h

er
ic

 o
zo

n
e

 
d

ep
le

ti
o

n
 

k
g

 C
F

C
11

 e
q

 
1.

4
6

E
-0

5
 

7
.1

5
E

-0
6

 
8

.4
6

E
-0

6
 

7
.6

0
E

-0
6

 
7

.2
8

E
-0

6
 

7
.9

2
E

-0
6

 
9

.0
5

E
-0

6
 

8
.1

3
E

-0
6

 
4

.7
6

E
-0

6
 

5
.0

7
E

-0
6

 

Io
n

iz
in

g
 r

a
d

ia
ti

o
n

 
k

B
q

 C
o

-6
0

 
eq

 
5

.7
8

E
-0

2
 

9
.3

1E
-0

3
 

1.
6

1E
-0

2
 

6
.8

5
E

-0
3

 
1.

2
2

E
-0

2
 

1.
8

8
E

-0
2

 
7

.3
7

E
-0

2
 

6
.5

9
E

-0
2

 
8

.6
5

E
-0

3
 

5
.3

9
E

-0
2

 

O
zo

n
e 

fo
rm

a
ti

o
n

, 
H

u
m

a
n

 
h

ea
lt

h
 

k
g

 N
O

x
 e

q
 

3
.0

1E
-0

3
 

1.
5

1E
-0

3
 

1.
7

8
E

-0
3

 
1.

6
1E

-0
3

 
1.

5
4

E
-0

3
 

1.
6

6
E

-0
3

 
5

.2
0

E
-0

3
 

4
.7

1E
-0

3
 

2
.9

1E
-0

3
 

3
.0

7
E

-0
3

 

F
in

e 
p

a
rt

ic
u

la
te

 m
a

tt
er

 
fo

rm
a

ti
o

n
 

k
g

 P
M

2
.5

 e
q

 
2

.4
6

E
-0

3
 

8
.9

4
E

-0
4

 
1.

17
E

-0
3

 
8

.9
0

E
-0

4
 

9
.0

9
E

-0
4

 
1.

12
E

-0
3

 
3

.1
7

E
-0

3
 

2
.6

7
E

-0
3

 
1.

0
7

E
-0

3
 

1.
9

4
E

-0
3

 

O
zo

n
e 

fo
rm

a
ti

o
n

, 
T

er
re

st
ri

a
l 

ec
o

sy
st

e
m

s 
k

g
 N

O
x
 e

q
 

3
.0

5
E

-0
3

 
1.

5
3

E
-0

3
 

1.
8

0
E

-0
3

 
1.

6
3

E
-0

3
 

1.
5

5
E

-0
3

 
1.

6
8

E
-0

3
 

5
.3

0
E

-0
3

 
4

.7
6

E
-0

3
 

2
.9

3
E

-0
3

 
3

.1
2

E
-0

3
 

T
er

re
st

ri
a

l 
a

ci
d

if
ic

a
ti

o
n

 
k

g
 S

O
2
 e

q
 

1.
2

4
E

-0
2

 
5

.1
6

E
-0

3
 

6
.4

3
E

-0
3

 
5

.3
0

E
-0

3
 

5
.2

4
E

-0
3

 
6

.1
1E

-0
3

 
1.

3
1E

-0
2

 
1.

13
E

-0
2

 
5

.1
7

E
-0

3
 

7
.8

3
E

-0
3

 

F
re

sh
w

a
te

r 
eu

tr
o

p
h

ic
a

ti
o

n
 

k
g

 P
 e

q
 

6
.9

1E
-0

4
 

3
.5

2
E

-0
4

 
4

.1
2

E
-0

4
 

3
.7

6
E

-0
4

 
3

.5
8

E
-0

4
 

3
.8

5
E

-0
4

 
9

.1
6

E
-0

4
 

8
.4

1E
-0

4
 

5
.4

2
E

-0
4

 
5

.0
3

E
-0

4
 

M
a

ri
n

e 
e

u
tr

o
p

h
ic

a
ti

o
n

 
k

g
 N

 e
q

 
4

.6
8

E
-0

3
 

2
.3

8
E

-0
3

 
2

.7
9

E
-0

3
 

2
.5

4
E

-0
3

 
2

.4
2

E
-0

3
 

2
.6

0
E

-0
3

 
3

.2
4

E
-0

3
 

2
.9

6
E

-0
3

 
1.

9
0

E
-0

3
 

1.
7

8
E

-0
3

 

T
er

re
st

ri
a

l 
ec

o
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
5

.8
2

E
+

0
1 

2
.9

6
E

+
0

1 
3

.4
7

E
+

0
1 

3
.1

6
E

+
0

1 
3

.0
1E

+
0

1 
3

.2
4

E
+

0
1 

7
.2

1E
+

0
1 

6
.6

2
E

+
0

1 
4

.2
6

E
+

0
1 

3
.9

7
E

+
0

1 

F
re

sh
w

a
te

r 
e

co
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
1.

0
3

E
-0

1 
5

.2
4

E
-0

2
 

6
.1

3
E

-0
2

 
5

.5
9

E
-0

2
 

5
.3

2
E

-0
2

 
5

.7
2

E
-0

2
 

2
.5

2
E

-0
1 

2
.3

2
E

-0
1 

1.
4

9
E

-0
1 

1.
3

9
E

-0
1 

M
a

ri
n

e 
e

co
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
1.

8
8

E
-0

1 
9

.5
9

E
-0

2
 

1.
12

E
-0

1 
1.

0
2

E
-0

1 
9

.7
4

E
-0

2
 

1.
0

5
E

-0
1 

7
.0

1E
-0

1 
6

.4
3

E
-0

1 
4

.1
4

E
-0

1 
3

.8
5

E
-0

1 

H
u

m
a

n
 c

a
rc

in
o

g
en

ic
 

to
x

ic
it

y
 

k
g

 1
,4

-D
C

B
 

1.
6

8
E

-0
3

 
5

.5
4

E
-0

4
 

8
.1

9
E

-0
4

 
4

.2
6

E
-0

4
 

4
.8

7
E

-0
4

 
8

.0
2

E
-0

4
 

2
.4

4
E

-0
3

 
2

.0
5

E
-0

3
 

8
.7

7
E

-0
4

 
1.

5
1E

-0
3

 

H
u

m
a

n
 n

o
n

-c
a

rc
in

o
g

en
ic

 
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
6

.0
2

E
+

0
0

 
3

.0
7

E
+

0
0

 
3

.5
9

E
+

0
0

 
3

.2
8

E
+

0
0

 
3

.1
2

E
+

0
0

 
3

.3
5

E
+

0
0

 
5

.2
6

E
+

0
0

 
4

.8
2

E
+

0
0

 
3

.1
0

E
+

0
0

 
2

.8
9

E
+

0
0

 

L
a

n
d

 u
se

 
m

2
a

 c
ro

p
 e

q
 

6
.4

6
E

+
0

0
 

3
.2

9
E

+
0

0
 

3
.8

6
E

+
0

0
 

3
.5

2
E

+
0

0
 

3
.3

4
E

+
0

0
 

3
.6

0
E

+
0

0
 

1.
0

9
E

+
0

1 
1.

0
0

E
+

0
1 

6
.4

6
E

+
0

0
 

6
.0

0
E

+
0

0
 

M
in

er
a

l 
re

so
u

rc
e 

sc
a

rc
it

y
 

k
g

 C
u

 e
q

 
2

.0
2

E
-0

3
 

9
.9

5
E

-0
4

 
1.

18
E

-0
3

 
1.

0
5

E
-0

3
 

1.
0

1E
-0

3
 

1.
10

E
-0

3
 

2
.9

9
E

-0
3

 
2

.7
3

E
-0

3
 

1.
7

0
E

-0
3

 
1.

6
7

E
-0

3
 

F
o

ss
il

 r
es

o
u

rc
e 

sc
a

rc
it

y
 

k
g

 o
il

 e
q

 
9

.6
9

E
-0

1 
2

.1
7

E
-0

1 
3

.9
6

E
-0

1 
1.

0
4

E
-0

1 
1.

7
2

E
-0

1 
4

.0
9

E
-0

1 
1.

0
8

E
+

0
0

 
8

.5
2

E
-0

1 
1.

2
8

E
-0

1 
8

.0
8

E
-0

1 

W
a

te
r 

co
n

su
m

p
ti

o
n

 
m

3
 

7
.9

3
E

-0
2

 
3

.0
7

E
-0

2
 

4
.3

5
E

-0
2

 
1.

9
8

E
-0

2
 

2
.5

0
E

-0
2

 
4

.2
5

E
-0

2
 

4
.7

4
E

-0
2

 
3

.6
4

E
-0

2
 

2
.7

8
E

-0
3

 
4

.7
8

E
-0

2
 



  

CHAPTER 3 – SUSTAINABILITY          75 

T
a

b
le

 A
 3

.6
 E

n
vi

ro
n
m

e
n
ta

l i
m

p
a

c
t 
fo

r 
fr

a
c
tio

n
s
 o

b
ta

in
e

d
 f

ro
m

 y
e
llo

w
 p

e
a
 a

n
d
 l
u

p
in

e
 e

xp
re

s
s
e
d

 i
n
 1

 k
g

 o
f 
p

ro
te

in
 w

it
h

o
u

t 
c
u

lti
v
a
ti
o
n

 i
n
c
lu

d
e

d
. 

 
 

Y
el

lo
w

 P
ea

 
L

u
p

in
e

 

Im
p

a
ct

 c
a

te
g

o
ry

 
U

n
it

 
C

F
 

M
F

 
D

F
 

H
F

 
C

F
 

M
F

 
D

F
 

H
F

 

 

 

Protein 
Isolate 

Insoluble 
Protein 

Soluble 
Protein 

Fine 
fraction 

Insoluble 
Protein 

Soluble 
Protein 

Protein 
Isolate 

Enriched 
Protein 

Fine 
fraction 

Enriched 
protein 

G
lo

b
a

l 
w

a
rm

in
g

 
k

g
 C

O
2
 e

q
 

4
.0

0
E

+
0

0
 

8
.2

1E
-0

1 
1.

9
5

E
+

0
0

 
2

.5
0

E
-0

1 
9

.7
3

E
-0

1 
1.

7
9

E
+

0
0

 
4

.5
3

E
+

0
0

 
3

.4
0

E
+

0
0

 
1.

8
6

E
-0

1 
3

.1
4

E
+

0
0

 

S
tr

a
to

sp
h

er
ic

 o
zo

n
e

 d
e

p
le

ti
o

n
 

k
g

 C
F

C
11

 e
q

 
8

.7
1E

-0
7

 
1.

14
E

-0
7

 
3

.0
8

E
-0

7
 

7
.4

2
E

-0
8

 
2

.2
2

E
-0

7
 

2
.9

4
E

-0
7

 
1.

2
2

E
-0

6
 

9
.1

6
E

-0
7

 
5

.5
3

E
-0

8
 

7
.8

0
E

-0
7

 

Io
n

iz
in

g
 r

a
d

ia
ti

o
n

 
k

B
q

 C
o

-6
0

 e
q

 
6

.6
2

E
-0

2
 

1.
16

E
-0

2
 

2
.3

9
E

-0
2

 
8

.8
3

E
-0

3
 

2
.4

9
E

-0
2

 
2

.5
2

E
-0

2
 

7
.5

3
E

-0
2

 
6

.7
5

E
-0

2
 

6
.5

8
E

-0
3

 
5

.6
8

E
-0

2
 

O
zo

n
e 

fo
rm

a
ti

o
n

, 
H

u
m

a
n

 
h

ea
lt

h
 

k
g

 N
O

x
 e

q
 

5
.9

1E
-0

5
 

6
.5

7
E

-0
6

 
1.

5
5

E
-0

5
 

1.
8

7
E

-0
6

 
7

.5
1E

-0
6

 
1.

4
1E

-0
5

 
3

.2
9

E
-0

4
 

2
.2

3
E

-0
4

 
1.

4
0

E
-0

6
 

4
.3

1E
-0

4
 

F
in

e 
p

a
rt

ic
u

la
te

 m
a

tt
er

 
fo

rm
a

ti
o

n
 

k
g

 P
M

2
.5

 e
q

 
1.

13
E

-0
3

 
1.

6
4

E
-0

4
 

4
.2

8
E

-0
4

 
7

.4
9

E
-0

5
 

2
.5

1E
-0

4
 

3
.9

6
E

-0
4

 
1.

6
2

E
-0

3
 

1.
2

2
E

-0
3

 
5

.5
8

E
-0

5
 

1.
12

E
-0

3
 

O
zo

n
e 

fo
rm

a
ti

o
n

, 
T

er
re

st
ri

a
l 

ec
o

sy
st

em
s 

k
g

 N
O

x
 e

q
 

7
.9

3
E

-0
5

 
1.

0
6

E
-0

5
 

2
.4

9
E

-0
5

 
3

.0
2

E
-0

6
 

1.
2

1E
-0

5
 

2
.2

8
E

-0
5

 
3

.9
9

E
-0

4
 

2
.4

5
E

-0
4

 
2

.2
5

E
-0

6
 

4
.5

9
E

-0
4

 

T
er

re
st

ri
a

l 
a

ci
d

if
ic

a
ti

o
n

 
k

g
 S

O
2
 e

q
 

3
.6

3
E

-0
3

 
5

.2
2

E
-0

4
 

1.
3

7
E

-0
3

 
2

.3
8

E
-0

4
 

7
.9

6
E

-0
4

 
1.

2
7

E
-0

3
 

5
.2

5
E

-0
3

 
3

.9
5

E
-0

3
 

1.
7

7
E

-0
4

 
3

.6
0

E
-0

3
 

F
re

sh
w

a
te

r 
e

u
tr

o
p

h
ic

a
ti

o
n

 
k

g
 P

 e
q

 
2

.5
5

E
-0

7
 

2
.9

1E
-0

8
 

7
.6

4
E

-0
8

 
1.

9
6

E
-0

8
 

5
.8

1E
-0

8
 

7
.3

7
E

-0
8

 
4

.5
0

E
-0

7 
3

.5
8

E
-0

7
 

1.
4

6
E

-0
8

 
3

.8
1E

-0
7

 

M
a

ri
n

e 
e

u
tr

o
p

h
ic

a
ti

o
n

 
k

g
 N

 e
q

 
1.

9
3

E
-0

5
 

9
.5

4
E

-0
7

 
5

.5
7

E
-0

6
 

3
.9

9
E

-0
7

 
1.

7
0

E
-0

6
 

4
.4

6
E

-0
6

 
3

.6
1E

-0
5

 
2

.3
1E

-0
5

 
2

.9
8

E
-0

7
 

1.
8

4
E

-0
5

 

T
er

re
st

ri
a

l 
ec

o
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
1.

6
5

E
-0

1 
2

.2
3

E
-0

2
 

5
.1

2
E

-0
2

 
1.

6
0

E
-0

2
 

4
.6

2
E

-0
2

 
5

.1
7

E
-0

2
 

2
.5

9
E

-0
1 

2
.1

7
E

-0
1 

1.
19

E
-0

2
 

2
.1

2
E

-0
1 

F
re

sh
w

a
te

r 
e

co
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
6

.9
5

E
-0

5
 

1.
2

7
E

-0
5

 
2

.7
6

E
-0

5
 

7
.0

6
E

-0
6

 
2

.2
4

E
-0

5
 

2
.7

2
E

-0
5

 
8

.8
4

E
-0

5
 

7
.3

5
E

-0
5

 
5

.2
6

E
-0

6
 

7
.0

8
E

-0
5

 

M
a

ri
n

e 
e

co
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
3

.5
0

E
-0

4
 

6
.4

0
E

-0
5

 
1.

4
3

E
-0

4
 

3
.0

4
E

-0
5

 
9

.9
7

E
-0

5
 

1.
3

8
E

-0
4

 
5

.1
2

E
-0

4
 

4
.2

4
E

-0
4

 
2

.2
6

E
-0

5
 

4
.9

8
E

-0
4

 

H
u

m
a

n
 c

a
rc

in
o

g
en

ic
 t

o
x

ic
it

y
 

k
g

 1
,4

-D
C

B
 

1.
18

E
-0

3
 

3
.1

1E
-0

4
 

6
.9

9
E

-0
4

 
4

.4
2

E
-0

5
 

2
.6

7
E

-0
4

 
6

.2
1E

-0
4

 
1.

14
E

-0
3

 
8

.3
1E

-0
4

 
3

.2
9

E
-0

5
 

8
.1

9
E

-0
4

 

H
u

m
a

n
 n

o
n

-c
a

rc
in

o
g

en
ic

 
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
8

.4
7

E
-0

3
 

1.
4

5
E

-0
3

 
3

.2
6

E
-0

3
 

8
.1

3
E

-0
4

 
2

.5
1E

-0
3

 
3

.2
0

E
-0

3
 

1.
2

4
E

-0
2

 
9

.4
5

E
-0

3
 

6
.0

6
E

-0
4

 
9

.4
0

E
-0

3
 

L
a

n
d

 u
se

 
m

2
a

 c
ro

p
 e

q
 

4
.9

5
E

-0
4

 
1.

4
5

E
-0

4
 

3
.3

3
E

-0
4

 
0

.0
0

E
+

0
0

 
7

.6
0

E
-0

5
 

2
.8

5
E

-0
4

 
5

.6
0

E
-0

4
 

4
.0

5
E

-0
4

 
0

.0
0

E
+

0
0

 
5

.9
5

E
-0

4
 

M
in

er
a

l 
re

so
u

rc
e 

sc
a

rc
it

y
 

k
g

 C
u

 e
q

 
1.

2
1E

-0
4

 
2

.4
6

E
-0

5
 

5
.4

1E
-0

5
 

1.
0

3
E

-0
5

 
3

.6
4

E
-0

5
 

5
.1

4
E

-0
5

 
1.

4
7

E
-0

4
 

1.
17

E
-0

4
 

7
.6

4
E

-0
6

 
1.

16
E

-0
4

 

F
o

ss
il

 r
es

o
u

rc
e 

sc
a

rc
it

y
 

k
g

 o
il

 e
q

 
1.

0
5

E
+

0
0

 
2

.5
8

E
-0

1 
5

.8
2

E
-0

1 
5

.9
1E

-0
2

 
2

.6
2

E
-0

1 
5

.2
9

E
-0

1 
1.

0
4

E
+

0
0

 
8

.0
1E

-0
1 

4
.4

0
E

-0
2

 
8

.1
9

E
-0

1 

W
a

te
r 

co
n

su
m

p
ti

o
n

 
m

3
 

5
.4

8
E

-0
2

 
2

.2
2

E
-0

2
 

4
.1

3
E

-0
2

 
4

.5
0

E
-0

4
 

1.
6

8
E

-0
2

 
3

.6
0

E
-0

2
 

4
.9

5
E

-0
2

 
3

.7
5

E
-0

2
 

3
.3

5
E

-0
4

 
5

.2
2

E
-0

2
 

 



76

T
a

b
le

 A
 3

.7
 E

n
vi

ro
n
m

e
n
ta

l i
m

p
a

c
t 
fo

r 
fr

a
c
tio

n
s
 o

b
ta

in
e

d
 f

ro
m

 y
e
llo

w
 p

e
a
 a

n
d
 l
u

p
in

e
 e

xp
re

s
s
e
d

 i
n
 1

 k
g

 o
f 
p

ro
te

in
 w

it
h

 c
u

lti
v
a

tio
n
 i
n
c
lu

d
e

d
. 

Y
el

lo
w

 P
ea

 
L

u
p

in
e

 

Im
p

a
ct

 c
a

te
g

o
ry

 
U

n
it

 
C

F
 

M
F

 
D

F
 

H
F

 
C

F
 

M
F

 
D

F
 

H
F

 

Protein 
Isolate 

Insoluble 
Protein 

Soluble 
Protein 

Fine 
fraction 

Insoluble 
Protein 

Soluble 
Protein 

Protein 
Isolate 

Enriched 
Protein 

Fine 
fraction 

Enriched 
protein 

G
lo

b
a

l 
w

a
rm

in
g

 
k

g
 C

O
2
 e

q
 

5
.3

3
E

+
0

0
 

1.
7

8
E

+
0

0
 

3
.1

2
E

+
0

0
 

1.
5

8
E

+
0

0
 

2
.4

2
E

+
0

0
 

2
.7

2
E

+
0

0
 

5
.7

8
E

+
0

0
 

4
.5

5
E

+
0

0
 

1.
3

0
E

+
0

0
 

3
.8

3
E

+
0

0
 

S
tr

a
to

sp
h

er
ic

 o
zo

n
e

 
d

ep
le

ti
o

n
 

k
g

 C
F

C
11

 e
q

 
1.

8
5

E
-0

5
 

1.
2

9
E

-0
5

 
1.

5
9

E
-0

5
 

1.
7

7
E

-0
5

 
1.

9
5

E
-0

5
 

1.
2

8
E

-0
5

 
1.

0
4

E
-0

5
 

9
.4

0
E

-0
6

 
8

.2
7

E
-0

6
 

5
.8

3
E

-0
6

 

Io
n

iz
in

g
 r

a
d

ia
ti

o
n

 
k

B
q

 C
o

-6
0

 e
q

 
7

.3
3

E
-0

2
 

1.
6

8
E

-0
2

 
3

.0
2

E
-0

2
 

1.
6

0
E

-0
2

 
3

.2
7

E
-0

2
 

3
.0

2
E

-0
2

 
8

.4
8

E
-0

2
 

7
.6

2
E

-0
2

 
1.

5
0

E
-0

2
 

6
.1

9
E

-0
2

 

O
zo

n
e 

fo
rm

a
ti

o
n

, 
H

u
m

a
n

 h
ea

lt
h

 
k

g
 N

O
x
 e

q
 

3
.8

2
E

-0
3

 
2

.7
2

E
-0

3
 

3
.3

3
E

-0
3

 
3

.7
6

E
-0

3
 

4
.1

1E
-0

3
 

2
.6

7
E

-0
3

 
5

.9
8

E
-0

3
 

5
.4

4
E

-0
3

 
5

.0
5

E
-0

3
 

3
.5

4
E

-0
3

 

F
in

e 
p

a
rt

ic
u

la
te

 m
a

tt
er

 
fo

rm
a

ti
o

n
 

k
g

 P
M

2
.5

 e
q

 
3

.1
2

E
-0

3
 

1.
6

1E
-0

3
 

2
.1

9
E

-0
3

 
2

.0
7

E
-0

3
 

2
.4

3
E

-0
3

 
1.

8
1E

-0
3

 
3

.6
4

E
-0

3
 

3
.0

9
E

-0
3

 
1.

8
7

E
-0

3
 

2
.2

3
E

-0
3

 

O
zo

n
e 

fo
rm

a
ti

o
n

, 
T

er
re

st
ri

a
l 

ec
o

sy
st

e
m

s 
k

g
 N

O
x
 e

q
 

3
.8

7
E

-0
3

 
2

.7
5

E
-0

3
 

3
.3

7
E

-0
3

 
3

.8
0

E
-0

3
 

4
.1

5
E

-0
3

 
2

.7
0

E
-0

3
 

6
.0

9
E

-0
3

 
5

.5
0

E
-0

3
 

5
.0

9
E

-0
3

 
3

.5
8

E
-0

3
 

T
er

re
st

ri
a

l 
a

ci
d

if
ic

a
ti

o
n

 
k

g
 S

O
2
 e

q
 

1.
5

7
E

-0
2

 
9

.2
8

E
-0

3
 

1.
2

1E
-0

2
 

1.
2

4
E

-0
2

 
1.

4
0

E
-0

2
 

9
.8

2
E

-0
3

 
1.

5
1E

-0
2

 
1.

3
0

E
-0

2
 

8
.9

8
E

-0
3

 
9

.0
1E

-0
3

 

F
re

sh
w

a
te

r 
eu

tr
o

p
h

ic
a

ti
o

n
 

k
g

 P
 e

q
 

8
.7

6
E

-0
4

 
6

.3
3

E
-0

4
 

7
.7

4
E

-0
4

 
8

.7
7

E
-0

4
 

9
.5

6
E

-0
4

 
6

.1
9

E
-0

4
 

1.
0

5
E

-0
3

 
9

.7
3

E
-0

4
 

9
.4

2
E

-0
4

 
5

.7
9

E
-0

4
 

M
a

ri
n

e 
e

u
tr

o
p

h
ic

a
ti

o
n

 
k

g
 N

 e
q

 
5

.9
4

E
-0

3
 

4
.2

8
E

-0
3

 
5

.2
3

E
-0

3
 

5
.9

2
E

-0
3

 
6

.4
6

E
-0

3
 

4
.1

9
E

-0
3

 
3

.7
2

E
-0

3
 

3
.4

3
E

-0
3

 
3

.3
0

E
-0

3
 

2
.0

4
E

-0
3

 

T
er

re
st

ri
a

l 
ec

o
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
7

.3
9

E
+

0
1 

5
.3

3
E

+
0

1 
6

.5
1E

+
0

1 
7

.3
8

E
+

0
1 

8
.0

5
E

+
0

1 
5

.2
1E

+
0

1 
8

.3
0

E
+

0
1 

7
.6

6
E

+
0

1 
7

.3
9

E
+

0
1 

4
.5

6
E

+
0

1 

F
re

sh
w

a
te

r 
e

co
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
1.

3
0

E
-0

1 
9

.4
2

E
-0

2
 

1.
15

E
-0

1 
1.

3
0

E
-0

1 
1.

4
2

E
-0

1 
9

.2
1E

-0
2

 
2

.9
0

E
-0

1 
2

.6
8

E
-0

1 
2

.5
9

E
-0

1 
1.

5
9

E
-0

1 

M
a

ri
n

e 
e

co
to

x
ic

it
y

 
k

g
 1

,4
-D

C
B

 
2

.3
9

E
-0

1 
1.

7
2

E
-0

1 
2

.1
1E

-0
1 

2
.3

9
E

-0
1 

2
.6

0
E

-0
1 

1.
6

9
E

-0
1 

8
.0

6
E

-0
1 

7
.4

4
E

-0
1 

7
.2

0
E

-0
1 

4
.4

3
E

-0
1 

H
u

m
a

n
 c

a
rc

in
o

g
en

ic
 

to
x

ic
it

y
 

k
g

 1
,4

-D
C

B
 

2
.1

3
E

-0
3

 
9

.9
6

E
-0

4
 

1.
5

4
E

-0
3

 
9

.9
3

E
-0

4
 

1.
3

0
E

-0
3

 
1.

2
9

E
-0

3
 

2
.8

1E
-0

3
 

2
.3

7
E

-0
3

 
1.

5
2

E
-0

3
 

1.
7

3
E

-0
3

 

H
u

m
a

n
 n

o
n

-
ca

rc
in

o
g

e
n

ic
 t

o
x

ic
it

y
 

k
g

 1
,4

-D
C

B
 

7
.6

4
E

+
0

0
 

5
.5

2
E

+
0

0
 

6
.7

4
E

+
0

0
 

7
.6

4
E

+
0

0
 

8
.3

3
E

+
0

0
 

5
.3

9
E

+
0

0
 

6
.0

5
E

+
0

0
 

5
.5

8
E

+
0

0
 

5
.3

9
E

+
0

0
 

3
.3

2
E

+
0

0
 

L
a

n
d

 u
se

 
m

2
a

 c
ro

p
 e

q
 

8
.1

9
E

+
0

0
 

5
.9

2
E

+
0

0
 

7
.2

3
E

+
0

0
 

8
.2

0
E

+
0

0
 

8
.9

4
E

+
0

0
 

5
.7

9
E

+
0

0
 

1.
2

6
E

+
0

1 
1.

16
E

+
0

1 
1.

12
E

+
0

1 
6

.9
0

E
+

0
0

 

M
in

er
a

l 
re

so
u

rc
e 

sc
a

rc
it

y
 

k
g

 C
u

 e
q

 
2

.5
6

E
-0

3
 

1.
7

9
E

-0
3

 
2

.2
1E

-0
3

 
2

.4
5

E
-0

3
 

2
.7

0
E

-0
3

 
1.

7
8

E
-0

3
 

3
.4

4
E

-0
3

 
3

.1
6

E
-0

3
 

2
.9

5
E

-0
3

 
1.

9
3

E
-0

3
 

F
o

ss
il

 r
es

o
u

rc
e 

sc
a

rc
it

y
 

k
g

 o
il

 e
q

 
1.

2
3

E
+

0
0

 
3

.9
0

E
-0

1 
7

.4
3

E
-0

1 
2

.4
1E

-0
1 

4
.6

1E
-0

1 
6

.5
8

E
-0

1 
1.

2
4

E
+

0
0

 
9

.8
5

E
-0

1 
2

.2
3

E
-0

1 
9

.2
9

E
-0

1 

W
a

te
r 

co
n

su
m

p
ti

o
n

 
m

3
 

1.
0

1E
-0

1 
5

.5
3

E
-0

2
 

8
.1

7
E

-0
2

 
4

.6
3

E
-0

2
 

6
.6

8
E

-0
2

 
6

.8
3

E
-0

2
 

5
.4

6
E

-0
2

 
4

.2
1E

-0
2

 
4

.8
4

E
-0

3
 

5
.4

9
E

-0
2

 



 

CHAPTER 3 – SUSTAINABILITY          77 

 





 

 

Chapter 4 

4 Concept  

 

Functionality-driven food product formulation – An 

illustration on selecting sustainable ingredients building 

viscosity 

A. Lie-Piang, A.C. Möller, N. Köllmann, A. Garre, R.M. Boom, 

A. van der Padt 

Food Research International (2022) 

 



 

80 

 

Abstract  

Currently, food industries typically favour formulation of food products using highly 

refined techno-functional ingredients of high purity. However, there is a growing 

interest in less pure techno-functional ingredients with a lower degree of refining as 

they deliver the same functional properties with reduced environmental impact. We 

propose that instead of selecting formulations based on purity, they should be 

selected based on their techno-functional properties. This article illustrates that the 

shift in perspective may increase the sustainability of food production. The 

functionality-driven product formulation is explored through a case study in which 

yellow pea ingredients are selected to increase the viscosity of a salad dressing. The 

relation between the ingredients (in terms of composition; protein, starch fibre, and 

a residual fraction) and the final viscosity was quantified and validated using 

multiple linear regression. The model described the observations well: the final 

viscosity is mostly dominated by the starch content; protein content has only a 

marginal impact; and dietary fibre contributes to viscosity with an antagonistic effect 

with starch. Based on the multiple linear regression model and further formulation 

optimisation, we identified various combinations of ingredients (with either a high 

or low degree of refining) that would result in the target final viscosity. An evaluation 

of the global warming potential of all blends showed that the desired viscosity could 

be achieved using only isolates, as well as by using only mildly refined fractions. The 

latter is associated with a global warming potential that is 80% lower than the one 

based on isolates. This case study demonstrates the proof of concept for this 

approach, showing it can aid in identifying alternative product formulations with 

similar techno-functional properties but with a higher sustainability. 
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4.1 Introduction  

Food products are commonly assembled from ingredients with high purity such as 

protein or starch isolates. These ingredients are known to deliver a certain techno-

functional property with reliable quality, yet their production is also connected to the 

generation of low-quality side streams as well as high resource use. Ingredients with 

a lower degree of refining produced by for example dry or mild aqueous fractionation 

are, besides their clean label, promising alternatives to the pure ingredients with 

good techno-functional properties such as thickening65, gelling99, and foaming 

capacity136. Moreover, the global warming potential of mild aqueous and dry 

fractionation is respectively ∼45 and ∼90% lower compared to the conventional full 

refining.9 However, less refined ingredients are less pure compared to highly refined 

ingredients. As ingredients are normally selected based on composition, e.g., starch 

for thickening and proteins for emulsions, the implementation of the milder multi-

component ingredients into formulated foods is not straightforward. Jonkman et 

al.18 showed that the implementation of multi-component ingredients in the food 

industry can be facilitated by blending different ingredients to fulfil the requirements 

of the food products. It was proposed that by-products can also be utilized if 

ingredients were selected based on their techno-functional properties instead. 

To accomplish a selection of blends based on techno-functional properties, one 

should be able to derive this functionality based on the characteristics of the 

ingredients. In other words, the contribution of the different ingredients to the 

techno-functional properties should be quantified. The main challenge is to pinpoint 

the contribution of single ingredients in the blends to the functional properties as 

they vary a lot in composition. In addition, the interactions between the components 

and the differences in functionality between ingredients with a high or a low degree 

of refining have to be considered. Models such as the Krieger-Dougherty equation in 

combination with other models145 and relationships such as the power law65 can be 

used to describe the effective viscosity or the storage modulus146 in food systems. 

However, these models cannot distinguish between interactions of multiple 

components and are, hence, less suitable to describe techno-functional properties of 

ingredients blends with complex compositions. Therefore, we assert that these types 

of models are not applicable to select blends of complex ingredients. 
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The use of mathematical models has been employed for estimating microbial risk in 

food products147 and for the formulation of low sugar or fat products in product 

development20,148. Monnet et al.149 applied multi-objective optimisation using 

regression models to predict the effect of variations in flour quality on the processing 

variables of baking cakes. These studies all make use of empirical models to quantify 

relationships between the relevant variables, either safety parameters, microbial 

indicators, or process attributes. Other studies have used sustainability as a factor in 

multi-objective decision models, such as the manufacturing industry150 and biomass 

supply chain151. A combination of the aforementioned approaches could result in 

food product formulation that is optimised in terms of both sustainability and 

techno-functionality. Therefore, we aim here to assess the potential of regression for 

quantifying the contribution of the ingredients to techno-functional properties, to 

facilitate the functionality-driven selection of sustainable ingredients that are less 

refined. Initially, blends of commercial isolates (CI) and mildly refined yellow pea 

ingredients (MRF) were created to compare the techno-functionality of the two types 

of ingredients and investigate their contribution to the final viscosity. Then, a 

multiple linear regression model was fitted to the data, allowing us to predict the 

final viscosity based on composition. The practical relevance is illustrated with a case 

study, using the model to select a combination of ingredients that results in the 

desired techno-functional properties, with the lowest environmental impact. 

4.2 Materials & methods 

Pre-dried yellow peas (Pisum sativum L.), were purchased from Alimex (The 

Netherlands). Commercial pea protein isolate (Nutralys F85G) and pea fibre isolate 

(PEA FIBRE I 50 M) were purchased from Roquette Frères S.A (St. Louis, USA). Pea 

starch isolate was purchased from Emsland Stärke GmbH (Germany). For all 

experiments deionized water produced with a Milli-Q purification system was used 

(Merck Millipore, Burlington, USA). 

4.2.1 Production of mildly refined ingredients 

To obtain non-dehulled pea flour, non-dehulled peas were pre-milled into grits using 

a pin mill (LV 15 M, Condux-Werk, Germany) at room temperature. The grits were 

subsequently milled into fine flour using a ZPS50 impact mill (Hosokawa-Alpine, 
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Germany), with an impact mill speed of 8000 rpm, the air flow at 52 m3/h, the 

classifier wheel speed at 4000 rpm, and a feed rate of 2 rpm (method adopted49). A 

thermometer inside the mill was used to control the temperature between 16 and 

34 °C. 

For the dry fractionated ingredients, the peas were initially dehulled with a Satake 

TM05 pearling machine (Satake Corporation, Japan). Subsequently, they were pre-

milled and milled according to the non-dehulled peas. Yellow pea ingredients 

enriched in protein and starch were obtained by air classification, according to the 

method of Pelgrom et al. 52 An ATP50 classifier (Hosokawa-Alpine, Germany) was 

used, with a fixed air flow at 52 m3/h, the classifier wheel speed at 5000 rpm, and 

the feed rate at 20 rpm. 

4.2.2 Compositional analysis 

The protein content of the MRFs was determined with Dumas analysis (Thermo 

Fischer Scientific, Massachusetts, USA) and that of the CIs using Kjedahl method. A 

comparison between the protein contents obtained for the isolates by both methods 

showed no difference. For both methods a nitrogen conversion factor of 5.52 for pea 

protein was used.137 The total starch content was determined with a Total Starch 

Amyloglucosidase-α-Amylase Assay Kit, AOAC Method 996.11 (Megazyme 

International Ireland Ltd, Bray, Ireland) and the total dietary fibre content in the 

MRFs was measured using a Total Dietary Fibre Assay Kit, AOAC Method 

991.43/AACC Method 32–07.01 (Megazyme International Ireland Ltd, Bray, 

Ireland) and the fibre in the CIs was determined using the AOAC method 985.29. 

These two AOAC methods are very similar; 985.29 measures the total dietary fibre 

and 991.43 measures total dietary fibre separated into insoluble and soluble fibre.152 

Dry matter contents were determined by drying with an infrared moisture analyser 

(MA35, Sartorius, Göttingen, Germany) at 120 °C. The residual components were 

determined as the difference between the dry matter and the protein, starch, and 

fibre content and contain among others oil, ash, salts, and sugars. 
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4.2.3 Formulation & sample preparation 

Protein, starch, and fibre isolates and the dry fractionated pea flour and protein- and 

starch-rich ingredients were formulated in different ways: 

• single isolates and mixtures of only isolates,

• single mildly refined ingredients and mixtures thereof, as well as

• mixtures of isolates and mildly refined ingredients.

The formulations of the samples were chosen such that the individual ingredients 

cover a range of dry matter concentrations as well as compositions. The mildly 

refined ingredients were also mixed such that their compositions were similar to 

those of the mixes from the isolates. The complete formulation table is provided in 

the Appendix (Table A 4.1). Next, the dataset was divided into a training set (n = 95) 

used for parameter estimation and an independent validation set (n = 15). Figure 4.1  

illustrates the compositions in fibre, starch, and protein of the samples in the 

training and validation sets, the size of the bubbles represents the relative 

concentration. The residual components (i.e. oil, sugars, and ash) are not depicted 

in this Figure but are considered in the modelling. 

To prepare the samples for the viscosity measurements, the dry ingredients were 

initially pre-mixed. The dry mixes were then added to water in a concentration range 

of approximately 2-22 wt% on a dry base. The samples were continuously hydrated 

using a magnetic stirrer for 5 – 10 min (depending on the consistency of the 

dispersion) at room temperature before the viscosity measurements. 

4.2.4 Viscosity measurement 

The viscosity of the dispersion was determined with an Anton Paar Rheometer 

MCR301 and a starch cell C-ETD160/ST (Anton Paar, Austria). The dispersions were 

stirred at 600 rpm for 10 s at 50 °C for to reassure a thorough dispersion prior to 

starting the measurement. The viscosity measurements were performed at a 

constant rotational speed of 160 rpm, and a temperature–time profile was used for 

all samples (Figure A 4.1, Appendix). The temperature time profile is a typical 

pasting profile for Rapid-Visco analysers which was adapted to be used in a
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Figure 4.1 Overview of samples that were measured in the training set (●) and in the validation 

set (■). The ternary diagram gives a distribution of the starch, protein, and fibre content, please 

be aware there is also a rest ingredient in these samples. The size of the symbols represents 

the concentration of the samples ranging from approximately 2 -20 wt%. 

Figure 4.2 Illustration for the determination of the final viscosity of two typical viscosity profiles. 

The samples are initially heated to 95 °C, after which they are cooled again to 50 °C and the 

final viscosity is determined. 
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rheometer.153 The final viscosity was calculated with the Anton Paar Rheocompass 

software (Anton Paar, Austria) and is determined at the end of the cooling phase. As 

the viscosity profiles vary among the ingredients, the point at which the final 

viscosity is determine is illustrated in Figure 4.2. All viscosity determinations were 

performed at least in duplicate. 

4.2.5 Modelling methods 

4.2.5.1 Describing final viscosity as dependent variable 

The relationship between the final viscosity of the product and its properties was 

described using adapted multiple linear regression. A multiple linear regression 

model can be described according to Equation (4-1), where 𝜂 is the dependent 

variable, and 𝑋𝑖 are the values of the explanatory variables. The individual effect of 

each explanatory variable is quantified by the slope coefficients, 𝑏𝑖; with larger values 

indicating a stronger effect. The combined effect of variables 𝑋𝑖 and 𝑋𝑗  is defined by 

coefficients 𝑐𝑖𝑗; with 𝑐𝑖𝑗 > 0 indicating a synergistic effect and 𝑐𝑖𝑗 < 0 representing an 

antagonistic effect. Finally, 𝜂
0
 is the intercept of the model and in our case would

represent the viscosity when all explanatory variables are zero: 𝑋𝑖 =  0 ∀ 𝑖.  

𝜂 =  𝜂0 + ∑ 𝑏𝑖𝑋𝑖𝑖 + ∑ 𝑐𝑖𝑗𝑋𝑖𝑋𝑗𝑖≠𝑗       (4-1) 

On a first step, an exploratory analysis was performed to evaluate the data 

transformation more suitable for the hypotheses of a linear model. Based on 

graphical representations and basic statistical analyses (not shown), we concluded 

that a log-transformation on the final viscosity resulted in residuals with constant 

variance and without significant deviations from normality. Therefore, the log-

transformed viscosity was used as dependent for the regression as is depicted in 

Equation (4-2). 

𝑙𝑛 𝜂 = 𝜂0 + ∑ 𝑏𝑖𝑋𝑖𝑖 + ∑ 𝑐𝑖𝑗𝑋𝑖𝑋𝑗𝑖≠𝑗     (4-2) 

Three families of regression models based on Equation (4-2) were developed within 

this study. The first family described the (log-transformed) final viscosity of the 

product based on the dry matter content of the product. Therefore, this model has a 
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single explanatory variable: the dry matter content in weight %. The second family 

of models describes the (log-transformed) final viscosity based on the content of each 

ingredient in weight %. Therefore, the explanatory variables of this model describe 

the flour, protein isolate, starch isolate, fibre isolate, starch-rich ingredient, and 

protein-rich ingredient content. Potential interactions within this model were 

excluded to prevent overfitting. Finally, the third family of models describes the (log-

transformed) final viscosity based on the model components. This model has as 

explanatory variables the protein, starch, and fibre content (in dry matter weight %). 

Moreover, an additional explanatory variable “rest” was included in this model 

representing the remaining dry weight.  

The most suitable model structure was determined by model selection, using an 

approach adapted from González-Tejedor et al.147 When building empirical models, 

it is desirable to use models able to describe the data with a minimum number of 

model parameters; i.e. the most parsimonious model.154 For that reason, every 

possible variation of Equation (4-2) with one or more coefficient fixed to zero was 

fitted to the model. Then, the most parsimonious model was selected based on the 

Akaike Information Criterion (AIC), following Gonzalez-Tejedor et al.147 All these 

operations were done using R version 3.6.3. The R code is available in the 

corresponding git library available at https://git.wur.nl/anouk.lie-

piang/functionality-oriented-selection-of-ingredients.git. The model was 

subsequently transformed to come closer to a physical model by forcing the intercept 

through 1 mPa.s, i.e. the viscosity of water, thus ln 𝜂0 = 0. The adjusted R2 was 

subsequently calculated using equation (4-3). 

Adjusted 𝑅2 = 1 −  
𝑆𝑆𝑅/(𝑛−𝑝−1)

𝑆𝑆𝑇/(𝑛−1)
                               (4-3) 

In which SSR is the sum of squares related to the residuals, the SST is the total sum 

of squares, n is the total number of samples, and p is the number of explanatory 

variables (without the intercept). 

The models were validated using independent data points not used for model fitting. 

Namely, 95 points were used for training the models and 15 for model validation. 

More details about the quality of the regression models were revealed by calculating 
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the R2 using Equation (4-4), as opposed to the adjusted R2 for the model selection, 

as the purpose here was rather to get an indication of the performance of the initial 

model on a new dataset instead of penalizing variables. 

𝑅2 = 1 − 
𝑆𝑆𝑅

𝑆𝑆𝑇
         (4-4) 

In addition, the residuals are calculated using Equation (4-5) to pinpoint the quality 

of the prediction per sample. 

𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑠𝑖 =  (𝑦𝑖 − 𝑦𝑖̂)
2          (4-5) 

The accuracy (i.e. variance) of the validation set was compared with the training set 

model by using the residual standard error (RSE) calculated using Equation 4-6. 

𝑅𝑆𝐸 =  √
𝑆𝑆𝐸

𝑛−𝑝−1
         (4-6) 

4.2.5.2 Selection of sustainable ingredients 

The model with the best description of the data was used to select the most 

sustainable blends of ingredients based on the final viscosity they can deliver. First, 

the regression model description was used to generate all possible combinations of 

starch, fibre, protein, and rest that would result in a viscosity of 1,500 +/- 2.5 % 

mPa.s in Python version 3.8.3 using the module python-constraint 1.4.0. This 

module solves constraint satisfaction problems over finite domains, and takes a 

variable problem, here the required final viscosity, that can be solved using 

additional variables (the compositions). These variables are subsequently 

constrained, for example by upper or lower limits. The solutions is a list of 

combinations of all variables (in this case compositions), that adhere to the 

constraints and do result in the required final viscosity. As these compositions 

belong to a continuous formulation window, this would generate an infinite amount 

of numbers. Therefore, steps of 0.1 wt% in dry matter were taken (e.g. 1.1, 1.2, 1.3 

wt% of protein), to scan the allowed formulation window. The following constraints 

were applied: 

1) the compositions generated should result in an output of 1,500 mPa.s +/-

2.5 %,
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2) the maximum dry matter allowed is 22 wt% as this was the upper range in 

the training set, and 

3) upper and lower boundaries were set for the dry matter concentration of 

protein, starch, fibre and rest as they are represented in the training set. 

The list of allowable compositions obtained from the constraint model were 

subsequently subjected individually to linear programming using the python PuLP 

module. The objective of the model is to minimise the quantity of a blend of fractions, 

subjected to the constraints of the composition generated in the constraint model. 

Now, the total sum of ingredients in a blend that matches the combination of 

components (achieving a viscosity of 1,500 mPa.s) was minimised. Lastly, the global 

warming potential (GWP) per ton (1000 kg) product (the blends of ingredients) are 

calculated using data from a previous life cycle assessment summarized in Table 4.1.9 

The total GWP for ton blend containing a mass ingredient  of ingredient f was 

calculated by using Eq. (4-7). 

𝐺𝑊𝑃 =  
∑ 𝑋𝑓𝐺𝑊𝑃𝑓𝑓

∑ 𝑋𝑓𝑓
∙ 1000                           (4-7) 

Table 4.1 Global warming potential (GWP) of yellow pea ingredients using system boundaries 

of cultivation and processing.9supplementary information 

Yellow Pea 
Protein 
isolate 

Starch 
isolate 

Fibre 
isolate 

Starch-rich 
ingredient 

Protein-rich 
ingredient 

Flour 

GWP CO2-eq/kg 
ingredient 

4.2 1.0 0.86 0.68 0.68 0.67 

 

4.3 Results & discussion 

4.3.1 Observed final viscosity of yellow pea ingredients 

To allow for a functionality-driven selection of ingredients, the relation between the 

ingredients and their techno-functionality, the final viscosity in this case, needs to 

be investigated first. The final viscosity could be described by the total amount of dry 

matter, the quantity of the ingredients, or by the components (e.g. protein, starch, 

fibre, and the rest); all of which are explored in this study. The viscosity was 

determined of both commercial and mildly refined enriched yellow pea ingredients, 

by measuring the final viscosity of the ingredient dispersions in water. A typical 
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viscosity profile of each single ingredient at a concentration of 10 wt% is depicted in 

Figure 4.2. The ingredients were divided into three categories: commercial isolates, 

both single and mixtures (CI), mildly refined ingredients, single or mixtures (MRF), 

and mixtures of both isolates and MRFs.  

Table 4.2 lists the compositions of the MRFs and the CIs. The MRFs are of course 

less pure compared to the isolates. The compositional analysis allows us to allocate 

the final viscosity increase to each ingredient, but also to the contributions of the 

individual components.  

The contributions of the single ingredients to the viscosity are depicted in Figure 

4.3A. For CIs and MRFs, the final viscosity increases as a function of dry matter, 

which follows an initial exponential trend that levels off at higher dry matter 

contents. However, the magnitude of the increase varies between ingredient; not all 

ingredients contribute to the viscosity to the same extend. The viscosity of starch 

isolate increases faster than the viscosity of protein isolate. Only one duplicate of 

fibre isolate was measured, and therefore no trend of the contribution is depicted. 

Nevertheless, it is clear that the viscosity increases with dry matter, with the least 

contributor being protein isolate, then fibre isolate, and starch isolate being the 

strongest contributor. The viscosity contributions of the MRFs are alike. The 

viscosity profiles are depicted for the starch-rich ingredient, flour, and protein-rich 

ingredient. The viscosity contribution of the ingredients is increasing from the 

protein-rich ingredient, to flour, to starch-rich ingredient, respectively. As with the 

CIs, the starch-rich ingredient has a greater thickening capacity than the protein- 

rich ingredients. Therefore, in general, an increase in starch and decrease in protein 

results in an increase the final viscosity. This is expected and in line with previous 

results, in which substitution of starch by protein resulted in an overall decrease in 

the apparent viscosity profile.155 Flour is the combination of both, so it is natural that 

this ingredient lays in between the mildly fractionated variants of it. 

When comparing the final viscosities of CIs versus MRFs, one can observe that the 

viscosity contribution of the starch isolate is approximately double the contribution 

of the starch-rich ingredient at the same dry matter content. In addition, the 

contribution of the dry fractionated protein-rich ingredient to the final viscosity 
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Table 4.2 Composition of commercial isolates and mildly refined enriched ingredients, with a 

95% confidence interval. 

 

Dry 
matter 
(g/100g 
sample) 

Total Starch 
(g/100g dry 
matter) 

Protein (g/100g 
dry matter) 

Total Dietary 
Fibre 
(g/100g dry 
matter) 

Residual 
componentsa 
(g/100g dry 
matter) 

Starch-rich 
ingredient 

90.2 ± 
0.4 

62.6 ± 1.9 15.3 ± 0.6 9.0 13.2 ± 2.1 

Protein-rich 
ingredient 

91.0 ± 1.5 13.8 ± 4.9 40.7 ± 1.8 19.4 26.0 ± 5.8 

Non-dehulled 
Flour 

91.1 ± 0.1 47.9 ± 7.1 21.6 ± 0.5 10.6 19.9 ± 7.2 

Fibre isolate 95.2 ± 0.5 33.8 ± 0.5 7.83 ± 0.5 53.6 ± 4.6 4.84 ± 1.17 

Protein isolate 93.7 ± 0.5 0.39 ± 0.3 74.1 ± 1.8 2.24 ± 1.2 23.3 ± 1.9 

Starch isolate 
88.4 ± 
0.3 

91.4 ± 2.9 < 0.5 0.79 ± 0.7  < 7.27 

a Calculated by difference total dry matter starch content, protein content with conversion factor 5.52 and 

fibre content.  

 

 

 

 

Figure 4.3 A) Final viscosity of starch (♦), protein (▲), fibre (●) isolates and the milder refined 

starch-rich (◊) and protein-rich (△) ingredients and flour (□) as a function of concentration 

(wt%) of the fractions. b) 15 dispersions of CIs, MRFs, and mixtures with a constant 

concentration of 8.8-9.2 wt% split into the relative protein (●), starch (■) and fibre (♦) content. 
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compared to the protein isolate is an order of magnitude larger at similar dry matter 

contents. Both can be attributed to the amount of starch in the respective ingredient. 

Starch isolate has a larger starch content than the dry fractionated starch-rich 

ingredient, which also contains other components such as protein and dietary fibre. 

Similarly, protein isolate is purer than the dry fractionated protein-rich ingredient, 

and contains almost no starch, while the protein-rich ingredient contains 

approximately 14% starch on a dry base (Table 4.2). In addition, the protein-rich 

ingredient also contains a considerable amount of fibre, which could increase the 

viscosity as well. To gain more insight in the contribution of CIs and MRFs to the 

final viscosity, all ingredients (CI-CI, MRF-MRF, and CI-MRF) were mixed together 

(Figure A 4.2, Appendix). For all ingredients and mixtures, we see a similar trend for 

increasing viscosity with increasing dry matter content. 

To assess the component contribution to the final viscosity, 15 dispersions of CIs, 

MRFs, and mixtures with similar concentrations (8.8–9.2 wt%) were plotted with 

their composition against the final viscosity (Figure 4.3B). It was assumed that 

within this dry matter range, the influence of the dry matter content on the final 

viscosity could be neglected. The 15 samples are now split into the relative protein, 

starch, and fibre content. The Figure implies that in the samples used, starch and 

protein substitute each other. Hence, more protein means less starch and vice versa, 

explaining the decrease in viscosity with increasing protein content. With regards to 

the fibre contribution to the viscosity, two trends can be seen in this dry matter 

range. Higher viscosities were obtained with both higher and lower fibre content. 

Three data points depict dispersions that contain more than 3 wt% fibre and 

contribute to the same viscosities as samples containing only around 1 wt% fibre. The 

mixtures containing more than 3 wt% fibre, all contain fibre isolate, while the other 

mixtures do not contain fibre isolate; instead in those mixtures the fibre is inside 

MRFs. Hence, a difference in contribution to viscosity seems to exist between the 

fibre originating from fibre isolate and that in the MRFs. As the fibre isolate as well 

as the dry fractionated fractions are dehulled, it is not expected that the type of fibre 

is different. Effects of processing history could induce a difference between the 

functionality of fibre, such as the drying step in fibre isolation, which is absent the 

production of dry fractionated ingredients. A study that investigated the effect of 
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heating on dietary fibre in wheat and barley showed that heating may cause a 

redistribution of the soluble and insoluble components in fibre and subsequently 

increase the viscosity.156 In this case that would mean that a fibre isolate has a larger 

effect on viscosity than fibre in mildly refined components. However, it could also be 

that at low (1 wt%) and higher (3 wt%) fibre concentrations, other interactions take 

place with the starch, protein, or residual fraction. This highlights the complexity of 

pinpointing the contribution of components to the final viscosity based only on 

mechanistic considerations, and demonstrates why a data-driven approach is 

preferable for our purposes. Hence, to employ functionality-driven ingredient 

selection, mathematical models can provide further insight on relevant mechanisms, 

in which a distinction between the processing history of ingredients can be 

discerned. 

4.3.2 Modelling the final viscosity of yellow pea ingredients 

4.3.2.1 Describing viscosity using regression models 

So far it was shown that there is a clear relation between the logarithm of the final 

viscosity and the dry matter content. Especially samples containing starch and fibre 

contribute significantly to the viscosity, whereas substitution with proteins results in 

a reduced final viscosity. Nevertheless, these conclusions are rather qualitative and 

can hardly be used to predict the final viscosity of ingredient blends. Therefore, the 

data were fitted using multiple linear regression to quantify and predict the final 

viscosity. Three explanatory variable categories could be established: the dry matter 

level, the individual ingredients, and the components within the ingredients. The 

components in the ingredients can be divided into starch, protein, fibre, and the rest. 

The latter contains all that is not included in the main components, such as sugars, 

oil, and ash. The best models for each category were selected based on the AIC and 

are summarized in Table 4.3. The fitting of each model is also depicted in Figure A 

4.3, including the adjusted R2. 

The first model, with the dry matter percentage of the yellow pea ingredients as the 

explanatory variable, had a very limited descriptive value, if any. The second model 

with the ingredients as descriptive variables could describe the data much better. 

The values of the regression coefficients do indicate that the starch and fibre isolates 
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and the starch-rich ingredients contribute most to the final viscosity, which is in 

accordance with our earlier observations (Figure 4.3). The model based on the 

components in the ingredients was slightly more descriptive with an adjusted R2 of 

0.93. Notably, the interpretation of the regression coefficients in the component 

model as a single value should be used with caution, as these are influenced by the 

interactions as well. Nevertheless, it is clear that fibre and starch contribute the most 

to the final viscosity, which coincides with the earlier findings on the observational 

viscosity data. The component model indicates antagonistic interaction between 

starch and fibre and between starch, fibre, and protein; the presence of two or three 

components together decreases the final viscosity. These interactions cannot be 

directly translated into quantitative, physical interactions, as interactions terms are 

mostly used to fit data better. As the purpose of this study is solely to predict the 

functional properties to select ingredients rather than understanding and 

characterising the physical interactions, this is acceptable in the context of this 

paper. The presence of interactions does however indicate that the viscosity is a 

complex phenomenon that cannot be fully described by the sole effect of single 

components. These interactions are investigated in a follow-up study using an 

adapted polymer blending law. 153 The fact that interactions are required to obtain a 

good description, demonstrates that isolated mechanistic models like the Krieger 

Dougherty model would also not be suitable in this specific case to describe the final 

viscosity without adding extra empirically determined interaction parameters. 

Although the contribution of each component was expected (e.g. the high 

contribution of starch), the quantification now allows for the incorporation of the 

techno-functional properties in optimisation models to select the functional 

ingredients, as is shown in the last part of this study. 

The intercept of the multiple regression model represents the viscosity of the product 

when the concentration of every component is zero; i.e. when it is just water. Even 

though the current intercept of the model is 1.22 ± 0.23 ln mPa.s, which is not too 

far from 1 mPa.s (the viscosity of water at room temperature157), it is still different 

from the physical value. To make the model consistent with known extremes, the 

intercept of the component model including all data was forced through 0 ln mPa.s 

(resulting in 1 mPa.s) (Table 4.3) The model parameters did not change a lot 
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Table 4.3 Regression coefficients of the log transformed linear models describing the viscosity 

by dry matter, ingredients, and components in dry matter percentages. The component model 

was also fitted with an intercept fixed at 1 mPa.s (ln η0 = 0.). Significance levels are indicated 

with ‘***’, ‘**’, ‘*’, ‘.’, and ‘ ’, are 0, 0.001, 0.02, 0.05, and 0.1 respectively. 
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2.57 
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cept 

1.22 

*** 

0.23 0.00 0.00 

Dry 

matter 

0.24 

*** 

0.03 Starch-

rich 

ingredient 

0.54 

*** 

0.03 

Protein 

0.13 

** 

0.04 0.27 

*** 

0.04 

Protein-

rich 

ingredient 

0.32 

*** 

0.02 

Starch 

0.87 

*** 

0.05 1.09 

*** 

0.03 

Flour 
0.40 

*** 

0.02 
Fibre 

1.36 

*** 

0.12 1.78 

*** 

0.10 

Protein 

isolate 

0.14 

*** 

0.02 
Rest 

0.74 

*** 

0.11 0.80 

*** 

0.13 

Starch 

isolate 

0.60 

*** 

0.03 Protein: 

Starch 

-0.06 

*** 

0.02 -0.09 

*** 

0.02 
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0.47 

*** 

0.02 Protein: 
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-0.12 

*** 

0.02 -0.18 

*** 

0.03 
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-0.18 
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0.02 -0.27
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0.02 

Protein: 

Starch: 

Fibre 

0.03 

*** 

0.01 -0.04 

*** 

0.01 

Adjust

ed R2 
0.34 0.90 0.93 0.91 
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relatively to each other, and still describes the viscosity very well (adjusted R2 = 

0.91). That the model can still describe the relationship between final viscosity and 

components, is a strong indication that the initial model was already close to 

representing the underlying mechanisms of viscosity. Nevertheless, the model with 

the intercept through 1 mPa.s will be further discussed and used in this study to 

predict the final viscosity of blends of yellow pea ingredients as it contains the 

physical boundary. 

4.3.2.1.1 Consideration of processing history ingredients 

From the previous section, we conclude that the final viscosity can be described 

based on the yellow pea components from both CI and MRF. However, the proteins 

in CIs are precipitated and spray dried and therefore considered non-native whereas 

the MRFs are not; hence, the proteins in the latter are still in their native state. For 

example, the protein nativity was found to play a role in the emulsifying98 and gelling 

capacity99 of yellow pea ingredients. Therefore, the residuals of the component 

model (with intercept fixed at 1 mPa.s) were separated according to their origin 

(Figure A 4.4). They did not show any trend for either CI or MRF samples. As an 

additional test, a linear regression model was fitted with the protein split into native 

(originating from MRFs) and non-native protein (originating from CIs). This 

resulted in a model description close to the original approach, yet with higher 

variance (not shown). Based on this we conclude that for our empirical design, there 

are no differences between the final viscosity of native versus non-native protein. 

This agrees with the observation reported in Figure A 4.2 (Appendix), in which no 

differences between CIs and MRFs were observed. There may be several 

explanations for this. The first one is the relatively low protein content of MRFs of 

approximately 40% of the total dry matter, as opposed to approximately 74% of total 

dry matter in isolates, which might be too low to have any difference caused by the 

different degree in the nativity. However, one should also consider that during the 

pasting procedure, all our mixtures were heated to 95 °C for five minutes, which is 

above the denaturation temperature of around 83 °C.99 Therefore, most proteins that 

were still native, will have become denatured as well. Similar analyses were 

performed for the differences between fibre from MRF and CIs and resulted in the 

same conclusions as for protein (data not shown). Therefore, it is suggested that the 
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difference in fibre from CIs and MRFs mainly originates from the interactions that 

take place at different concentrations. 

4.3.2.2 Validation of multiple linear regression model 

We showed that the final viscosity of both CI and MRF ingredients of yellow pea can 

be described well by the components starch, fibre, protein, and rest, without 

distinguishing between the processing history. The model was subsequently 

validated using independent data points not used for model fitting. The final 

viscosity was measured for a validation set of 15 combinations that contained either 

only CI or MRF, plus mixtures that contained a mixture of both. All mixtures were 

chosen such that they either fall within the concentration ranges in the original 

model or are situated on the edge of these ranges (Figure 4.1). 

The model was successful at predicting the viscosity of most samples in the 

validation set (Figure 4.4A). The variance (RSE = 0.95) is slightly higher than the 

training set (RSE = 0.49), which is typical for this kind of empirical model.154 

Nevertheless, the model overpredicted the final viscosity of the samples in the 

validation set with higher fibre contents (Figure 4.4B). Notably, the two samples (1 

and 14) with a high error contained a relatively high content of fibre isolate. Yet, not 

all samples with high fibre content and fibre isolate (depicted in empty symbols) 

resulted in a poor prediction. A comparison of the high and low residuals from 

mixtures with approximately the same fibre content and dry matter shows that 

relatively more starch improves the prediction (Figure A 4.5, Appendix). It is feasible 

that, at these concentrations of starch and fibre, there are other interactions between 

the components that are not included in the model because this area was not 

represented in enough detail in the training set (Figure A 4.6, Appendix). It is 

important to realize when making predictions based on empirical models that these 

predictions are solely based on the information included in the training data, without 

any additional mechanistic knowledge. Therefore, the predictions lose reliability 

when they are made for conditions outside the area defined by the training set. In 

the case of linear models with a single variable, the range of validity of the model can 

be (in most cases) defined as the range of the empirical observations. However, this 

task becomes much harder for empirical models with several variables, especially in 
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Figure 4.4 A) Parity plot of the validation of the log (base e) linear regression model with 

components as explanatory variables and based on the whole dataset with a) including all the 

validation samples and B) the fibre concentration in wt% as a function of their residuals of the 

prediction of the validation samples depicted for CI (■), MRF(▲), and CI-MRF mix(♦). The 

empty symbols represent samples that contain fibre isolate. 

those situations where interactions are relevant. 

In summary, the model successfully predicts the final viscosity of the product for a 

broad range of concentrations, solely based on the composition (i.e. without the 

processing history). This highlights the potential of using observation data on 

functional properties to aid in product formulation. However, as is always the case 

with empirical models, these predictions must be used with care and, where possible, 

do additional experiments to prevent extrapolation beyond the measured samples. 

Nevertheless, 75% of the variation in the validation set was explained by the model, 

which is considered adequate as an illustration of these models in this study. For 

industrial application, we expect that the prediction should roughly indicate the level 

of viscosity, which helps reducing the number of application tests. This is the case 

for most samples in the presented model, except in the higher fibre area as indicated 

before, which requires more experiments. 
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4.4 Application 

The functionality-driven selection of ingredients will now be illustrated. Our 

regression model shows that the viscosity obtained with functional ingredients can 

be described by their composition. The model for this can now be employed to reveal 

the range of compositions, and hence, ingredients that can be used to obtain a certain 

functionality in a product. The carbon footprints of these ingredients can also be 

considered at the same time, which allows for the selection of those formulations 

that have the lowest resource use. This is demonstrated for the selection of 

ingredients for a model system picked in this study: a salad dressing with a viscosity 

of 1500 mPa.s, in which the viscosity is completely determined by the techno-

functional ingredients. First, the component model with a fixed intercept at 1 mPa.s 

was used to find all possible combinations of components that add up to 1500 mPa.s, 

with a variation of 2.5% allowed. In addition, a maximum concentration of 22 wt% 

is set and the amount of protein, starch, fibre, and rest is also constrained to what is 

tested in our model, to prevent extrapolation as much as possible. Evidently, when 

the proposed method will be used in industry, it is necessary to test all possible 

combinations of the ingredients at the desired concentrations. 

Initially, the regression model can be solved for all combinations of components that 

produce a final viscosity of 1500 mPa.s. Figure 4.5 depicts the composition window 

in terms of ratio between the protein, starch, and fibre content that achieves this final 

viscosity. A viscosity of 1500 mPa.s can be achieved with a concentration ranging 

from 4.9 to 22 wt%. Some ratios between these three components lead to the same 

viscosity at multiple concentrations. This is possible since the same ratios can occur 

at different concentrations due to the rest component, which is not displayed in these 

Figures. The right ternary diagram indicates that at higher concentrations (15–22 

wt%), there is a smaller composition window that results in a viscosity of 1500 mPa.s. 

This area contains mostly high protein blends; a higher dry matter content is 

required due to the relatively low contribution of protein to the overall viscosity. In 

the same Figure, there is a small area with a low protein, moderate fibre, and high 

starch content that represents the boundary of the composition that can be achieved 

a high starch content at high dry matter. This is most likely caused by the 

antagonistic effects between starch and fibre in the regression model. The use of 
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relatively more starch is only possible at a lower concentration. Below 15 wt%, the 

composition window is larger and shows that with solely fibre or starch a viscosity of 

1500 mPa.s can be achieved, in contrast to protein. Both fibre and starch contribute 

the most to the final viscosity, and therefore, when one of these components is 

dominant, a low dry matter in solution is sufficient to achieve the viscosity 

requirement. Evidently, not all solutions in this composition window can be realized, 

since the solutions should be constrained by the compositions of the yellow pea 

ingredients to be used. 

Next, all possible combinations are matched to the CI and MRF ingredients with 

linear optimisation using discretization on a fine grid, which led to approximately 

27,000 combinations of blends (Figure 4.6). The more detailed formulations are 

depicted in the Appendix in Figure A 4.7. These bar charts show the concentrations 

of each ingredient that are used in each blend. Please note that it may seem that the 

bars are overlapping due to the large number of samples displayed. We can conclude 

that for achieving a certain final viscosity the current focus on purity in the food 

industry is not necessary at all: it can be achieved just as well with a wide range of 

blends of mildly fractionated ingredients. Of course, in practical formulation, one 

has to meet many more criteria than just viscosity; which will require the reduction 

of the formulation window by taking a cross-section with other criteria. We do expect 

that even then many possible combinations will remain possible even then, as there 

is in practice a wide choice of blends to choose from. To select the most sustainable 

combinations of ingredients, their global warming potential (GWP) was estimated 

using data from a previous life cycle assessment on the conventional and dry 

fractionation of yellow pea including the impact of both cultivation and processing 

(Table 4.1).9 The GWP ranges from roughly 700 – 3100 kg CO2-eq/ton product of 

blends and increases with the amount of CIs present (Figure 4.6). Interestingly, CIs 

can be used at a low GWP, which is attributed to the low GWP of starch and fibre 

isolate compared to protein isolate. In other words, mostly the protein isolate is 

responsible for the higher GWP in the blends (Figure A 4.8, Appendix). A closer look 

into samples on several GWP levels shows that CIs are not really necessary to for 

example obtain a viscous salad dressing (Figure 4.7). More specifically, combining 

flour and protein- and starch-rich ingredients delivers a viscosity of 1500 mPa.s at a 
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Figure 4.5 The combinations of fibre, starch, and protein that lead to a viscosity of 1,500 

mPa.s, generated using the regression component model. The figure is split into two layers 

since some ratios (of protein, starch, fibre) lead to the same viscosity at different 

concentrations. The final concentration of the blend is determined by the residual fractions.  

Figure 4.6 27,000 possible combinations to blend MRFs (protein- and starch-rich ingredients) 

with CIs (protein, starch, and fibre isolate) to obtain the viscosity of 1500 mPa.s on a 

discretized grid in the formulation window sorted by their global warming potential to produce 

a ton of product (the ingredient blend), split into CIs and MRFs. 
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relatively low global warming potential of 680 kg CO2-eq/ton product of blends. In 

contrast, using protein isolate to thicken the dressing leads to a high GWP of up to 

3143 kg CO2-eq/ton product of blends, since protein is a poor thickening agent and 

therefore more is needed. On top of that, the GWP of protein is very high due to the 

many processing steps. Based on these results, one may suggest that protein isolates 

should not be used for thickening. Of course, other criteria will have to be met in 

practice, and there may be more other reasons to use protein, such as health. 

Similarly, we may prefer less refined products, which for example contain more fibre. 

This formulation window allows product developers to explore ingredient blends 

that 1) achieve a certain final viscosity required for their product, 2) meet the product 

requirements in terms of composition (e.g. high fibre or protein samples), and 3) 

have the lowest GWP. In this way, a focus on pure, standardized components such 

as isolates is not necessary anymore, which will enable the use of the novel, mildly 

fractionated ingredients. In the end, we envisage that all the important 

functionalities, ranging from texturizing properties (e.g. gelling, emulsification) to 

sensory properties (e.g. flavour, mouthfeel) can be quantified in similar ways. The 

product formulation then requires the identification of the cross-section of the set of 

blends that comply with all the criteria. One can then select one particular blend that 

has the lowest use of resources. This study proposes the methodology to head the 

towards functionality-driven selection of ingredients; in which all these functional 

properties can be described using data-driven methods. 

4.5 Conclusions 

We show with a particular case that it is possible to select food ingredients based on 

functionality rather than purity. This is a necessary step on the route towards the use 

of less refined, more resource-efficient ingredients, which will bring a strong, chain-

wide reduction in resource use, while the final product functionalities will be 

ensured. For the illustration of functionality-driven ingredients selection, we use the 

final viscosity that can be achieved in formulated products with yellow pea 

commercial isolates and mildly refined ingredients. The commercial isolates and 

mildly refined ingredients from yellow pea were blended into 95 different mixtures. 

Starch isolate and the starch-rich ingredient from dry fractionation have a relatively 

strong thickening capacity compared to the protein isolate and the dry fractionated  
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Figure 4.7 A representation of selected combinations of different GWP levels, replotted with 

the GWP expressed per ton product (being the final blend) on the secondary y-axis to achieve 

a final viscosity of 1,500 mPa.s. 

protein-rich ingredient. Component-wise, starch and fibre contribute the most to the 

final viscosity The contribution of each component was quantified by the adapted 

multiple linear regression model, in which the processing history of protein and fibre 

did not need to be taken into account. The models were validated by an independent 

validation set of 15 samples. Mixtures that are high in fibre were predicted less well, 

which can be mainly attributed to the small number of mixtures at high fibre content 

in the training set. Because of this, possible interactions between components were 

not completely covered by the samples in the training set. The model was used to 

select all possible formulations for a product that should have a viscosity of 1500 

mPa.s. The carbon footprint of the formulations varied from 700 to 3100 kg CO2-

eq/ton product of blends. The formulations with the higher footprint mostly 

consisted of commercial isolates, whereas the lower ones consisted mostly of mildly 

refined ingredients. We, therefore, showed that by using regression models, milder 

fractionated ingredients can be included to achieve the same techno-functionality as 

with conventional ingredients, but with a reduced global warming potential. 
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4.6 Appendix 

Table A 4.1 Formulations of samples in wt% divided in n = 95 for the training set and n = 15 

for the test set 
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1 8.9 0.0 0.0 0.0 0.0 0.0 56 0.0 9.8 0.0 0.0 3.4 0.0 
2 9.1 0.0 0.0 0.0 0.0 0.0 57 0.0 4.0 0.0 0.0 0.0 4.9 
3 11.6 0.0 0.0 0.0 0.0 0.0 58 0.0 4.0 0.0 0.0 0.0 4.9 
4 11.6 0.0 0.0 0.0 0.0 0.0 59 0.0 5.0 0.0 0.0 0.0 4.4 
5 4.5 0.0 0.0 0.0 0.0 0.0 60 0.0 4.8 0.0 0.0 0.0 4.3 
6 5.5 0.0 0.0 0.0 0.0 0.0 61 0.0 0.0 8.9 0.0 0.0 0.0 
7 4.5 0.0 0.0 0.0 0.0 0.0 62 0.0 0.0 9.1 0.0 0.0 0.0 
8 5.5 0.0 0.0 0.0 0.0 0.0 63 0.0 0.0 16.7 0.0 0.0 0.0 
9 5.7 0.0 0.0 0.0 0.0 0.0 64 0.0 0.0 16.7 0.0 0.0 0.0 

10 3.6 0.0 0.0 5.6 0.0 0.0 65 0.0 0.0 13.0 0.0 0.0 0.0 
11 3.6 0.0 0.0 5.6 0.0 0.0 66 0.0 0.0 13.0 0.0 0.0 0.0 
12 6.3 2.7 0.0 0.0 0.0 0.0 67 0.0 0.0 4.6 0.0 0.0 0.0 
13 6.3 2.7 0.0 0.0 0.0 0.0 68 0.0 0.0 4.6 0.0 0.0 0.0 
14 6.8 2.1 0.0 0.0 0.0 0.0 69 0.0 0.0 8.0 0.0 0.0 0.0 
15 6.8 2.2 0.0 0.0 0.0 0.0 70 0.0 0.0 8.0 0.0 0.0 0.0 
16 9.8 3.2 0.0 0.0 0.0 0.0 71 0.0 0.0 0.0 0.0 8.9 0.0 
17 9.8 3.2 0.0 0.0 0.0 0.0 72 0.0 0.0 0.0 0.0 9.0 0.0 
18 0.4 10.8 0.0 0.0 0.0 0.0 73 0.0 0.0 0.0 0.0 13.8 0.0 
19 0.4 10.8 0.0 0.0 0.0 0.0 74 0.0 0.0 0.0 0.0 10.8 0.0 
20 0.5 12.5 0.0 0.0 0.0 0.0 75 0.0 0.0 0.0 0.0 10.9 0.0 
21 0.6 12.8 0.0 0.0 0.0 0.0 76 0.0 0.0 0.0 0.0 13.8 0.0 
22 0.6 11.4 0.0 0.0 0.0 0.0 77 0.0 0.0 0.0 0.0 4.1 4.9 
23 0.6 11.5 0.0 0.0 0.0 0.0 78 0.0 0.0 0.0 0.0 4.1 4.9 
24 6.3 0.0 0.0 0.0 2.8 0.0 79 0.0 0.0 0.0 0.0 10.9 2.5 
25 6.3 0.0 0.0 0.0 2.8 0.0 80 0.0 0.0 0.0 0.0 10.9 2.5 
26 0.0 0.0 0.0 9.3 0.0 0.0 81 0.0 0.0 0.0 0.0 2.9 4.4 
27 0.0 0.0 0.0 9.3 0.0 0.0 82 0.0 0.0 0.0 0.0 3.0 4.5 
28 0.0 9.8 0.0 0.9 0.0 0.0 83 0.0 0.0 0.0 7.2 0.0 5.9 
29 0.0 9.9 0.0 0.9 0.0 0.0 84 0.0 0.0 0.0 6.5 0.0 6.5 
30 0.0 11.8 0.0 0.9 0.0 0.0 85 0.0 0.0 0.0 4.6 0.0 8.5 
31 0.0 11.8 0.0 0.9 0.0 0.0 86 0.0 0.0 0.0 2.6 0.0 10.4 
32 0.0 0.0 0.0 10.6 10.9 0.0 87 0.0 0.0 0.0 0.0 0.0 8.8 
33 0.0 0.0 0.0 10.6 10.8 0.0 88 0.0 0.0 0.0 0.0 0.0 9.1 
34 0.0 0.0 0.0 6.8 0.0 2.3 89 0.0 0.0 0.0 0.0 0.0 4.4 
35 0.0 0.0 0.0 6.9 0.0 2.3 90 0.0 0.0 0.0 0.0 0.0 4.4 
36 0.0 8.8 0.0 0.0 0.0 0.0 91 0.0 0.0 0.0 0.0 0.0 4.4 
37 0.0 9.0 0.0 0.0 0.0 0.0 92 0.0 0.0 0.0 0.0 0.0 6.7 
38 0.0 13.7 0.0 0.0 0.0 0.0 93 0.0 0.0 0.0 0.0 0.0 6.7 
39 0.0 22.8 0.0 0.0 0.0 0.0 94 0.0 0.0 0.0 0.0 0.0 2.5 
40 0.0 22.8 0.0 0.0 0.0 0.0 95 0.0 0.0 0.0 0.0 0.0 2.5 
41 0.0 18.2 0.0 0.0 0.0 0.0 1.test 0.0 0.0 0.0 7.0 0.0 0.0 
42 0.0 18.3 0.0 0.0 0.0 0.0 2.test 0.0 0.0 0.0 0.0 15.0 0.0 
43 0.0 13.7 0.0 0.0 0.0 0.0 3.test 0.0 0.0 0.0 0.0 0.0 8.0 
44 0.0 13.7 0.0 0.0 0.0 0.0 4.test 0.0 0.0 0.0 3.5 0.0 3.5 
45 0.0 10.5 0.6 0.0 0.0 0.0 5.test 0.0 0.0 0.0 4.5 4.5 0.0 
46 0.0 10.6 0.5 0.0 0.0 0.0 6.test 0.0 0.0 0.0 0.0 4.0 4.0 
47 0.0 12.7 0.7 0.0 0.0 0.0 7.test 8.0 0.0 0.0 0.0 0.0 0.0 
48 0.0 12.6 0.8 0.0 0.0 0.0 8.test 0.0 10.0 0.0 0.0 0.0 0.0 
49 0.0 11.4 0.8 0.0 0.0 0.0 9.test 0.0 0.0 16.0 0.0 0.0 0.0 
50 0.0 11.4 0.7 0.0 0.0 0.0 10.test 5.5 5.5 0.0 0.0 0.0 0.0 
51 0.0 2.0 0.0 0.0 7.2 0.0 11.test 0.0 6.0 6.0 0.0 0.0 0.0 
52 0.0 2.0 0.0 0.0 7.2 0.0 12.test 0.0 4.5 0.0 0.0 0.0 4.5 
53 0.0 3.0 0.0 0.0 10.1 0.0 13.test 4.5 0.0 0.0 0.0 4.5 0.0 
54 0.0 3.0 0.0 0.0 10.2 0.0 14.test 0.0 4.5 0.0 4.5 0.0 0.0 
55 0.0 9.7 0.0 0.0 3.3 0.0 15.test 4.5 0.0 0.0 4.5 0.0 0.0 
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Figure A 4.1 Temperature - time profile for the determination of the viscosity including the 

viscosity profiles for all yellow pea ingredients used in this study: starch, fibre, and protein 

isolate, and the milder fractionated starch-and protein rich fraction as well as the yellow pea 

flour. The ingredients were measured with a dry matter content of 10wt%.  

 

 

Figure A 4.2 The ingredient contribution to the final viscosity plotted over dry matter. Here the 

samples are grouped into only isolates, only mildly refined and only mixtures. The symbols 

indicate (●) mixtures of isolates and MRFs, (■) MRFs single and mixed, (▲). 
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Figure A 4.3 Observed versus predicted log (with base e) final viscosity in mPa.s by a) dry 

matter b) ingredients c) component and d) components with a forced intercept through 1 

mPa.s. The dashed diagonal line indicates the samples that would have a perfect fit. 
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Figure A 4.4 Residuals of the log (base e) component model with intercept fixed at 1 mPa.s, 

split for CIs (■), MRFs (▲), and mixtures (♦) as a function of the observed log (base e) final 

viscosity. 

 

 

 

Figure A 4.5 Comparison of selected mixtures on composition and their residual value. The 

sample numbers on the x-axis are the same as in Figure 4. 
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Figure A 4.6 Fibre content of all samples evaluated in the training set  in dry matter % as a 

function of the log (with base e)  final  viscosity in mPa.s. 

Figure A 4.7 All possible combinations to blend MRFs (protein- and starch-rich ingredients 

and flour) with CIs (protein, starch, and fibre isolate) to obtain the viscosity of 1500 mPa.s on 

a discretized grid in the formulation window. 
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Figure A 4.8 Protein concentrations (wt%) in selected blends in plotted with their kg CO2-eq/ 

ton product of ingredient blend). 
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Abstract 

Mildly refined ingredients are included more easily in food products when selected 

based on techno-functional properties instead of composition. We assess different 

machine learning methods that quantitatively link relevant techno-functional 

properties to the composition and processing history of the ingredient in a case study 

using the gel stiffness (Young’s modulus) by conventionally and mildly refined 

ingredients of yellow pea. Linear (multiple, log transformed and polynomial) and 

non-linear models (spline regression, decision trees, and neural networks) were 

explored. The final model selection was based on 1) the statistical model metrics 

(RMSE, R2, and MAE) of the training and independent test set and 2) expert 

knowledge to evaluate the plausibility of the model predictions. In this case, neural 

networks can describe the gel stiffness of yellow pea ingredients most accurately. The 

approach that we follow can be applied to other techno-functional properties to 

improve the chain sustainability while ensuring the full functionality of the products. 
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5.1 Introduction 

Conventional ingredients to formulate and texturize food products are highly 

purified and have known and standardized techno-functional properties.2 Their 

isolation is intensive in the use of raw materials, water and energy and results in non-

food grade, low-quality side streams.3 Mildly refined variants of ingredients are often 

overlooked or not considered due to their complex multi-functional behaviour. 

Nevertheless, less refined ingredients inherently require fewer resources to be 

produced; in addition, they can be suitable for a ‘clean’ label and generally are more 

sustainable.8,9 It is proposed that to use these ingredients, the focus on purity should 

be shifted to their textural contribution to the final food product.2 

In our previous study, we showed that food products can be reformulated based on 

targeted textural properties, in that case the final viscosity, while controlling the 

nutritional qualities and minimizing resource use.129 It was found that in such 

functionality-driven food product formulation, milder variants of textural 

ingredients can be included easily, regardless of the complex compositions. The 

relationship between the composition of the ingredients and viscosity could be 

quantified using linear regression. Such data-driven models can relate an output 

variable to many input variables and their interactions. In product design there are 

many more attributes to consider, such as taste and other techno-functional 

properties. Therefore, a logical next step is to quantify the gelling capacity of yellow 

pea ingredients.  

For the gelation of ingredients similar mechanisms as viscosity are at stake: starch 

gelatinisation66, protein denaturation and aggregation158, and water uptake of 

dietary fibres81. Kornet et al.99 found that a more mildly fractionated yellow pea 

protein fraction produced without isoelectric precipitation leads to stronger gels 

than the precipitated protein isolate. In contrast, Pelgrom et al.66 found that protein 

isolate gels are stronger than gels made with dry fractionated protein-rich 

ingredients or with an ultra-filtrated version of the latter. These studies highlight the 

complexity to predict gelling properties of ingredients with a different processing 

history, which is a property that probably depends non-linearly on the composition 

and possibly on other parameters. 
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Non-linear relationships can be described by for example non-linear explicit 

equations or by machine learning algorithms. The latter has been used already in this 

field to predict deviations in food waste production26, to predict the extendibility of 

food materials during 3D printing159, and to model the effect of process conditions 

on the textural properties of non-fat yoghurt130. These algorithms are better suited 

for establishing adequate predictions rather than for gaining insight into the 

underlying chemical/physical phenomena. In addition, these methods can 

incorporate many independent variables. Therefore, they could be useful in 

modelling complex non-linear techno-functional properties such as taste and other 

textural properties, to identify and quantify a functionality-based formulation 

window for food products.  

Although these models can often describe complex datasets, they can also introduce 

empirical artefacts that could even violate basic physical laws (e.g., unreasonable 

maxima in stiffness). Besides, there is a large number of available Machine Learning 

algorithms. Therefore, we propose in this study a novel standardized approach for 

model selection that combines both statistical aspects and expert knowledge 

regarding the feasibility of the model predictions. The aim of this study is to develop 

a procedure to select appropriate machine learning methods to quantify complex 

functional properties, illustrated using the gel stiffness of yellow pea ingredients. The 

explored models range from relatively simple linear regression to more complex 

neural networks. Since appropriate data is key to creating any model, initially, the 

experimental data of the gel stiffness from conventionally (fully) and mildly refined 

ingredients are obtained and evaluated. After that, the approach to select an 

appropriate machine learning model is applied to the data and suitable models are 

selected. The acceptability of a model is derived from the model metrics and the 

constraint that the behaviour is physically feasible. 

5.2 Materials & methods 

5.2.1 Materials  

Pre-dried yellow peas (Pisum sativum L.) were purchased from Alimex (The 

Netherlands). Commercial pea protein isolate (Nutralys F85G) and pea fibre isolate 

(PEA FIBRE I 50 M) were purchased from Roquette Frères S.A (St. Louis, USA). Pea 
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starch isolate was purchased from Emsland Stärke GmbH (Germany). The water 

used in all experiments was deionized.  

5.2.1.1 Production of mildly refined ingredients 

The hulls were initially removed from the yellow peas with a Satake TM05 pearling 

machine (Satake Corporation, Japan). The dehulled peas were then pre-milled into 

grits using a pin mill (LV 15M, Condux-Werk, Germany) at room temperature. 

Milling and air classification took place in a room with a controlled relative humidity 

of 30%. The grits were subsequently milled into a dehulled fine flour (PF) using a 

ZPS50 impact mill (Hookah-Alpine, Germany), with an impact mill speed of 8000 

pm, the airflow at 52 m3/h, the classifier wheel speed at 4000 pm, and a feed rate of 

2 rpm (method adopted49). A thermometer inside the mill indicated a temperature 

between 16 and 34°C. Yellow pea ingredients enriched in protein (PR) and starch 

(SR) were obtained by air classification. An ATP50 classifier (Hosokawa-Alpine, 

Germany) was used, with a fixed airflow at 52 m3/h, the classifier wheel speed at 

5000 rpm, and the feed rate at 20 rpm. 

5.2.2 Compositional analysis  

The protein content of the ingredients was determined with the Kjedahl method; a 

nitrogen conversion factor of 5.52 for pea protein was used.137 The total starch 

content was determined with a Total Starch Amyloglucosidase-α-Amylase Assay Kit, 

AOAC Method 996.11 (Megazyme International Ireland Ltd, Bray, Ireland). The total 

dietary fibre content was determined using the AOAC method 985.29. The moisture 

content was determined using a vacuum oven at 70°C. The rest of the components 

were determined as the difference between the dry matter and the protein, starch, 

and fibre content and contain among others oil, ash, salts, and sugars (Table 5.1). All 

protein in the isolates is considered denatured10 and all protein in the mildly refined 

fractions is considered native. 

The nitrogen solubility index (NSI%) was determined using an adapted protocol.160 

A 1 wt% dispersion of each ingredient was thoroughly mixed and rotated for 30 

minutes. The dispersions were then centrifuged (30 min, 10,000 g, at 20°C). The 

supernatant was removed, after which the weight of the pellet was determined in the 
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tube, to prevent mass loss. Next, the pellet was dried in an oven at 105 °C for 24 hours 

and the dry matter content was determined. The protein content of the pellet was 

also determined using the aforementioned Dumas method, which was corrected for 

any extra water uptake between the preparation of samples and measurement in the 

Dumas. The NSI% was calculated by the percentage of soluble protein of the total 

protein present in the ingredients. 

5.2.3 Gel formulation & preparation 

The conventional ingredients (protein, starch, and fibre isolates) and the dry 

fractionated ingredients (pea flour and protein- and starch-rich) were mixed into 

different formulations. The formulations space was designed such that the whole 

formulation window by these ingredients is covered, in all possible combinations of: 

• pure isolates and mixtures of those,

• mildly refined ingredients and mixtures of those

• mixtures of pure isolates and mildly refined ingredients.

Table 5.1 Composition of ingredients based on g/100 g dry matter and nitrogen solubility 

index, with mean and standard deviation. Two batches of flour were used, one for the gelation 

experiments and one for the viscosity experiments.  
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74.1 1.8 0.4 0.03 2.2 1.2 23.3 1.6 93.7 0.5 16.4 5.8 

Starch 

isolate 
0.5 0.0 91.4 2.9 0.8 0.8 7.3 0.0 88.4 0.5 0.0 0.0 

Fibre isolate 7.8 0.5 33.8 0.5 53.6 4.6 4.8 1.1 95.2 0.5 34.7 9.0 

Protein-rich 

fraction 
44.4 1.1 6.9 0.2 18.9 2.9 29.8 2.1 93.5 0.5 48.0 0.8 

Starch-rich 

Fraction 
10.5 0.5 66.6 1.9 4.6 1.5 18.3 1.6 90.9 0.5 55.3 7.5 

Flour 

viscosity 
22.3 0.8 47.9 7.1 10.6 0.1 19.2 0.4 90.6 0.5 61.3 0.9 

Flour gel 25.2 0.7 48.2 0.5 9.3 2.1 17.4 0.0 90.6 0.5 61.3 0.9 
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The selection of samples ensured that a formulation window from high to low starch, 

protein, and fibre concentrations was covered (Figure 5.1). Since this formulation 

window is constrained by the composition of the individual ingredients, no 

formulations are present with more than 53.5 wt% fibre, which is the highest fibre 

concentration practically possible with these ingredients (Table 5.1). The 

formulations were divided into a train and test set, which is explained in section 

5.2.4. The train and test formulations were created at concentrations 13, 18, and 24 

wt%. In addition, interpolation of the models was tested with additional 

formulations at 15 and 21 wt%. This resulted in a total number of (n = 91) train and 

(n = 72) test formulations. 

Figure 5.1 Ternary diagram of training and test set gels, created by mixing the commercial 

isolates and mildly refined ingredients. The diagram depicts the ratio between the starch, 

protein, and fibre content, please note that there is also a rest fraction that is not shown. All 

ternary diagrams depict the same samples, yet in different concentrations. The white ternary 

plots indicate concentrations trained and tested for (13, 18, 25%) and the red ternary diagrams 

indicate concentrations at which only test set gels are measured (15 and 21%). 

Dry matter
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The gels were prepared using an adapted protocol.161 The dry ingredients were first 

premixed according to the formulations mentioned above and subsequently 

dispersed in deionized water under mild agitation using a magnetic stirrer for 5 to 

10 min. The duration of stirring depended on the consistency of the dispersion. 

Where necessary, manual stirring was added to enhance the dispersion. The 

mixtures were left to hydrate while still stirring gently for one hour at room 

temperature covered with parafilm. They were subsequently transferred to in-house 

produced Teflon tubes with a diameter of 20 mm and length of 100 mm. The tubes 

with the mixtures were heated in a water bath at 90 °C for 30 min in a rotator at a 

speed of 90 Hz. They were then removed from the water bath and left for one hour 

to cool down whilst remaining at the rotation speed to prevent any possible 

sedimentation. Next, the tubes were stored upright in the fridge at 4 °C overnight. 

The tubes were removed from the fridge one hour before further measurements. The 

gels were carefully released from the tube and cut into 3 x 20 mm high cylinders with 

an in-house produced knife. All three cylinders were measured when possible. 

The fracture stress and strain were measured by uni-axial compression with a 

Texture Analyser (Instron-5564 Series Table Model Systems Twin-column design, 

Canton, USA) using a 100 N load cell and a 5.08 cm cylindrical pressure head. A 

90 % deformation compression test at 1 mm/s was performed on three slices from 

each gel. All measurements were at room temperature. The compressive strain and 

stress were recalculated to the true Henky’s stress and strain according to another 

study.161 The true Henky’s stress (𝜀ℎ) is defined in Equation 5-1 below where ℎ0 is the 

initial height of the gel and ℎ(𝑡) is the height after deformation time 𝑡. The true 

Henky’s strain is negative for compression but is expressed as an absolute value. 

𝜀ℎ  =  ln (
ℎ(𝑡)

ℎ0
)          (5-1) 

To calculate the true Henky’s stress, the initial surface contact area 𝐴0 [𝑚2] is

corrected for the change during compression while assuming the volume stays the 

same using Equation 5-2. 

𝐴(𝑡) =  
ℎ0

ℎ(𝑡)
𝐴0          (5-2) 
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Using the corrected surface area, the true Henky’s stress 𝜎 [𝑃𝑎] was calculated with 

Equation 5-3 in which 𝐹(𝑡) is the force per unit of area 𝐴(𝑡). 

𝜎(𝑡) =  
𝐹(𝑡)

𝐴(𝑡)
         (5-3) 

Using the true Henky’s strain and stress, the Young’s modulus (𝐸𝑢) [Pa] was 

calculated using Equation 5-4 and always from the linear part within the region 0.02 

- 0.15 of the fracture strain.

𝐸𝑢 =  (
𝑑𝜎

𝑑𝜖ℎ

)          (5-4) 

5.2.4 Model selection 

All models were fitted with RStudio version 4.0.1 using the adopted step-wise linear 

regression as done by Lie-Piang et al.129 or with the package caret version 6.0.92162 

The total dataset was split into a train (56 %) and an independent test set (44%). We 

used a 5-time repeated 10-fold cross-validation using the training set to minimize 

overfitting and determine the values for the parameters of the models, which are also 

called hyperparameters. These parameters define the architecture of the models (e.g. 

number of nodes in a neural network)163 and are chosen based on the lowest cross-

validation error. An example of tuning plots for hyperparameters is provided in the 

Appendix (Figure A 5.2). The test set was used independently to assess the 

performance of the model. The complete code of the analysis is available in Open 

Code from the GitWUR page of the main author: https://git.wur.nl/anouk.lie-piang/

toward-ml-for-food-formulation.  

The approach to select the appropriate machine learning method is summarized in 

Figure 5.2 and consists of three areas: 1) Creating different types of models with 

different sets of variables 2) assessing the feasibility of the model predictions and 3) 

evaluating model metrics. Each of these steps will be discussed in detail in the 

following sections. 
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Figure 5.2  Proposed approach to select suitable models for quantifying functional properties. 

5.2.4.1 Model variables and types 

In every model, the dependent variable (𝑌) is the gel stiffness expressed in the 

Young’s modulus. Several sets of input variables 𝑋𝑖 were evaluated. The first set of 

variables contained the main macro components (in wt%), with the index i 

representing protein, starch, fibre, and the rest of the components that were 

considered as one fraction. In the other two sets of variables, the effect of the 

processing history was included based on the nativity and solubility of the protein in 

the ingredients. Hence, i includes now not the overall protein composition, but a 

separate entry for the soluble and insoluble protein or the native and denatured 

protein, both in wt%, in combination with the other components starch, fibre and 

rest.  

Multiple linear regression with a stepwise selection based on the AIC criteria was 

adopted from Lie-Piang et al.129 The interaction terms between variables 𝑋𝑖 are 

specifically included in this model. Further, a log-transformed dependent variable Y 

was also used in linear regression. Polynomial regression was also applied, in which 

the independent variables are raised to the 𝑛𝑡ℎ degree, with 𝑛 = 1, 2, 3, 4.164 The 

degree 𝑛 is the hyperparameter that is determined by the lowest test error. 

Regularisation was further applied to the polynomial regression to reduce the 

number of parameters by introducing a penalty function in the calculation of the cost 

function. Three commonly used regularisation methods were considered: ridge 

regression, lasso regression, and elastic net. Ridge regression adds a penalty (𝜆) in 

the calculation of the Sum of Squares defined by 𝜆 ⋅ ∑ 𝛽𝑖
2𝑛

𝑖 = 1  and thereby forcing
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coefficients (𝛽
𝑖
) to become smaller. Lasso regression uses the absolute values of the 

coefficient: 𝜆 ⋅ ∑ |𝛽𝑖
𝑖|𝑛

𝑖 = 1 , and can thereby force irrelevant coefficients to zero. Elastic 

net regression is a combination of Lasso and Ridge regression, where the penalty 

function has two 𝜆 parameters.165 The hyperparameter 𝛼, which is 1 for Lasso 

regression, 0 for Ridge regression, and in between for elastic net in 𝜆 ⋅

[(1 − 𝛼) ∑ 𝛽𝑖
2𝑛

𝑖 = 1 + 𝛼 ∑ |𝛽𝑖
𝑖|𝑛

𝑖 = 1 ]. 

Spline regression was also evaluated, which is a non-parametric regression 

technique that recursively partitions the data into splines (regions), in which each is 

fitted by local least squares.166 The model’s hyperparameters can be tuned for 

smoothness and flexibility by controlling the number of regions, or knots. Next, a 

random forest was applied, which is based on bootstrapped samples from the dataset 

combined with a random selection of the input variables 𝑋𝑖 used to describe each 

sample, reducing parameter correlation.167 The number of variables to be finally used 

is the hyperparameter that is tuned.  

Finally, a neural network was fitted to the data, which has several layers with “hidden 

nodes” between the model inputs and outputs.168 The model was fitted using the 

backpropagation algorithm. The combination of inputs for each neuron was defined 

by the Sigmoid function 𝜎(𝑣) = 1/(1 + 𝑒−𝑣), where 𝑣 is the output of the linear 

combination. For this study, softplus, ReLu and sigmoid activation functions were 

compared without observing major differences, therefore we used the latter. The 

input 𝑋𝑖 and output variable 𝑌 were scaled and centred (training and independent 

test set gels separately) since this reduced the computing time of a neural network. 

The optimal number of layers (maximum two to prevent overfitting) and nodes 

(maximum three) in those layers are the hyperparameters that were tuned. 

5.2.4.1.1  Significant differences between sets of variables 

The models were subjected to k-fold cross-validation and the neural networks were 

run five times to prove significant differences between the sets of variables. To reveal 

differences between the sets of variables, a Two-Way ANOVA and Tukey’s post-hoc 

test were performed, with p ≤ 0.05. A repetition of five times was found sufficient, 
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as more (10 or 20 times) did not change the outcome significantly (95% CI with 

p≤0.05). 

5.2.4.2 Model feasibility 

Each model was evaluated for its feasibility in the prediction of values close to the 

boundary values. In the case of gel stiffness, these were the gels with lower Young’s 

modulus values and gels that did not form a gel at all. Moreover, we require that the 

models should have physically plausible behaviour at all potential formulations. In 

other words, no unrealistic peaks or dips should be generated that indicate the 

presence of artefacts in the models. Therefore, the physical feasibility of the 

behaviour of the models was plotted as a function of the independent variables. The 

models were applied to a theoretical dataset in which each component varied from 

1-15 wt%, whereas the others were fixed at 2 wt%. Notably, scaled 𝑌𝑠𝑐𝑎𝑙𝑒 values for

neural networks were back-transformed with the mean and standard deviation from 

the training set with 𝑌 = 𝑌𝑠𝑐𝑎𝑙𝑒/𝑠𝑑 + 𝑚𝑒𝑎𝑛, with 𝑠𝑑 being the standard deviation. 

5.2.4.3 Model metrics evaluation 

The model metrics were evaluated for the complete dataset and the test sets at 15 and 

21 wt% separately. Metrics evaluated were the coefficient of determination 𝑅2 based 

on the squared correlation, the Root Mean Squared Error (𝑅𝑀𝑆𝐸) based on: 𝑅𝑀𝑆𝐸 =

√
1

𝑛
∑ (𝑛

𝑖=1 𝑦𝑖 − 𝑦̂𝑖)
2 and Mean Absolute Error (𝑀𝐴𝐸) with: 𝑀𝐴𝐸 =

1

𝑛
∑ |𝑛

𝑖=1 𝑦𝑖 − 𝑦̂𝑖| with 

observed 𝑦
𝑖
 and calculated values 𝑦̂

𝑖
 and 𝑦‾ the mean of 𝑦

𝑖
.162 Please note that the 𝑅2

solely provides information on the correlation between the predicted and observed 

values, therefore, the error in terms of RMSE and MAE should always be considered 

at the same time. In addition, the model metrics for the log scale linear regression 

model and the neural network are based on the back-transformed data to ensure a 

fair comparison between the different models.169
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5.3 Results & discussion 

5.3.1 Experimental data 

The basis of any machine learning model is a suitable set of experimental data points 

that relate the independent variables to the dependent variable. Therefore, a protein, 

starch, and fibre isolate were mixed in different combinations with a mildly refined 

protein- and starch-rich fraction. The behaviour of the single ingredients can be 

found in the Appendix (Figure A 5.1). 

The Young’s modulus of all analysed gels in the range of 13-25 wt% is plotted in 

Figure 5.3. A rough trend is visible between the starch concentration and the Young’s 

modulus. The gel stiffness generally decreases with more protein; for fibre the trend 

is less clear, as it depends mainly on the rest of the components present. Similar 

observations were found by Pelgrom et al.66 who created gels from conventionally 

and mildly refined ingredients and found an exponential increase in gel strength with 

the starch concentration and a decrease in the protein and fibre concentrations. 

However, this relation between protein and fibre is less evident compared to starch, 

which indicates that interactions with other components will be relevant as well. To 

support the functionality-driven product formulation, mathematical models that 

account for such a (potentially complex) interactions are required.  

5.3.2 Selection of models to predict gel stiffness  

5.3.2.1 Model variables and types for gel stiffness 

All model types described in the material and methods section are evaluated, namely, 

linear regression, with and without a log-transformed Y, polynomial regression and 

a regularized version of polynomial regression, spline regression, random forest, and 

neural network. For these models, three sets of variables were considered. The first 

set includes the main macro components protein, starch, fibre, and the rest of the 

components. In the other two sets of variables, the processing history is also 

considered (i.e., differences between mild and extensive refining). All 

hyperparameters that were tuned for both functional properties and sets of variables 

can be found in the Appendix (Table A 5.1). 
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The effect of the processing history, in general, has been found especially important 

for the functionality of the protein. The processing history is reflected in the degree 

of denaturation, induced during alkaline extraction with isoelectric precipitation 10 

and/or the spray drying step170. However, the difference in gelation behaviour is not 

only caused by the nativity of proteins as such. During the production of commercial 

isolates, the precipitation of the proteins at the isoelectric point yields mostly 

globulins, while the proteins that do not precipitate (mostly albumins) are discarded 

and lost.10,64 These two types of protein result in different gel strengths.94,171 This 

means that soluble (albumins) and insoluble (globulins) protein present in either the 

commercial isolates or mildly refined ingredients may behave differently. Therefore, 

the second and third sets of variables use split protein entries according to their 

solubility (NSI%) and nativity. 

Figure 5.3 Observed Young’s modulus of isolates, mildly refined ingredients and mixtures of 

both the isolates and the mildly refined ingredients (mix), plotted as a function of component 

concentration (wt%). 
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5.3.2.2 Model feasibility for gel stiffness 

5.3.2.2.1 Feasibility of model predictions for gels with low stiffness 

For the functionality-driven formulation of foods it is especially important that 

models can adequately describe the values close to both the higher and lower 

boundaries of the gel stiffness. Since it is mostly the gels with a low stiffness that 

were poorly predicted, we only discuss these here. In addition, some dispersions did 

not gel at all. This is evaluated subsequently. The conclusions for all three sets of 

variables are similar – therefore, we only show below the results of the set of 

variables with the macro components (other results can be found in the Appendix). 

The models that predict negative values are plotted in Figure 5.4A. The linear and 

polynomial regression as well as the regularisation, predicted many negative values 

of Young’s modulus in the test and training set. Naturally, the log-linear model does 

not predict negative values due to the log transformation. The spline regression and 

neural network can distinguish between gels with low and high Young’s moduli, 

except for a few samples, which is negligible relative to the size of the dataset. The 

random forest uses another type of splitting, namely recursive partitioning and 

therefore can distinguish between large ranges of values as well. 

The suitability and practical applicability of a model are higher if it can also identify 

formulations that do not gel at all (i.e., Young’s modulus of 0 kPa), by giving it either 

a very low value or even 0 kPa. Figure 5.4B shows that none of the models assigns 0 

kPa to all gels with low gel strength. Only the log-linear model, random forest, and 

neural network come relatively close to 0 kPa in the training set, but do not produce 

the same behaviour in the test set. Interestingly, the spline model predicts the 

dispersions that did not gel (n = 0) only at two Young’s modulus values of 15 and 22 

kPa. This indicates that the spline regression is able to group dispersions that do not 

gel, albeit returning a slightly higher Young’s modulus than 0 kPa. The reason for the 

poor prediction at 0 kPa value could be because this area is undertrained. 

Nevertheless, the gel stiffness ranges between 0 and 759 kPa, and values between -

50 and +50 are probably insignificant in any formulation aimed at gelation, as 50 

kPa is only 6.5% of the maximum gel strength.  
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Figure 5.4 Feasibility of gels at the lower boundary with model based on main macro 

components. A) Distribution of the data points for which model fits (training set in blue) or 

predicts (test set in red) a negative value B) model fits (training in blue) or prediction (test in 

red) for gels that did not gel (0 kPa). Please note that in B some samples are overlaying due 

to a similar prediction, but for all models the same number of samples is plotted. 

5.3.2.2.2 Physical feasibility of the model behaviour 

Since the models will be used to formulate food ingredients for a range of 

compositions, it is important to evaluate the model predictions within the 

formulation window. The main purpose of this analysis is to identify unrealistic 

inflection points and discontinuities that may be an artefact of the fitting method and 

could compromise future applications of the models. The aim of this analysis is not 

to assess the accuracy of the predictions, which will be done in a later section of this 

paper using parity plots and model accuracy metrics. 

Figure 5.5 shows the behaviour of the models trained with the main macro 

components as independent variables. The protein, starch, and fibre concentrations 

individually vary between 0-15 wt%, while the other components are fixed at 2 wt%. 

Starch is clearly the largest contributor to the gel stiffness, which was also observed 

in the experimental data (Figure 5.3). Moreover, the differences between the types 

of models are clear from the Figure: 
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1) The linear relation is, evidently, a straight line, which is the cause of the 

predicted negative gel stiffness values. 

2) The linear regression on the log scale shows the expected exponential curve 

that cannot go negative. 

3) The polynomial model is raised to the third degree (Appendix Figure A 5.2 

and Table A 5.1). However, slightly negative values are also predicted, which 

is caused by the parameters raised to the first degree. Parameter reduction 

with regularisation did not solve this matter, as there was only a slight 

difference with the original polynomial regression. 

4) In spline regression, the splines are very clear; there is an increase in gel 

strength at 5 wt% concentration.  

5) The recursive partitioning in the random forest is also clearly visualized in 

the Figure, in which there is a discontinuous increase in the values of 

Young’s Modulus. A discontinuous behaviour like this could pose challenges 

for the later optimisation of formulations and is therefore not preferred. 

6) The neural network does show a continuous response, which increases with 

component concentration. As the trend of the neural network is similar to 

the trend of the linear regression on the log scale, the neural network can 

recognize the exponential behaviour in gel strength. 

These six observations also hold for the models trained with the sets of variables with 

the protein split (Figure 5.6). Due to the similarity of the results, only the Figures for 

the protein split according to solubility are shown. The information for the split of 

protein according to nativity can be found in the Appendix. Not all models return a 

different behaviour for soluble and insoluble protein. Interestingly, only the linear 

regression considers soluble protein as a somewhat more important component. 

Based on the experimental data, protein does at some point have an important 

contribution, which might be linked to their solubility. The reason why this 

behaviour is only present in this model is not very clear. This highlights that machine 

learning types of algorithms are rather a tool for obtaining proper predictions rather 
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than understanding behaviours. Nevertheless, the models give an indication for 

plausible behaviours, which can subsequently be further investigated.  

In summary, the linear, polynomial, and regularisation regression poorly predict the 

gel stiffness near the lower boundary. The feasibility study also shows that the 

random forest does give a continuous curve and may therefore impede the 

formulation studies. Continuous trends for the log-linear and spline regression can 

be observed, just as for the neural network and therefore these models will be 

included for further accuracy assessment. 

Figure 5.5 Feasibility of behaviour of gel stiffness models based on main macro components 

with a varying component concentration between 1-15 wt% with the other components fixed 

at 2 wt%. 

5.3.3 Model metrics for gel stiffness 

The next step is to evaluate the model metrics of the considered models, with a focus 

on the log-linear regression, spline regression, and neural network (main macro 

components in Table 5.2 and the others in the Appendix). In general, all linear 

regressions and the regularisation overfit the test data less compared to the other
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Figure 5.6 Feasibility of the behaviour of gel stiffness models based on main macro 

components with protein split according to solubility with a varying component concentration 

between 1-15 wt% with the other components fixed at 2 wt%. 

models, since the RMSE values of the train and test set are relatively close to each 

other. 

The log-linear regression model has a relatively high train and test RMSE due to the 

calculation of the model metrics with exponentiated (back-transformed) Young’s 

modulus. To get more accurate ingredient formulations, the focus will be on the 

other two models. For the training set, the model metrics of the spline regression and 

neural network are similar. The test errors of the neural network are smaller than 

the spline regression (RMSE), the predicted and observed values have a higher 

correlation (𝑅2), and residuals are more evenly distributed (MAE). This shows that 

the neural network is more stable in predicting new samples based on this dataset. 

Nevertheless, the test errors are a lot higher compared to the training set, which 

indicates that some overfitting takes place. This can mostly be attributed to the 

relatively small dataset for a neural network. There are ways to reduce overfitting 

and are well summarized in literature32,172,173 but out of scope for this study. In 
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addition, the test errors are still in an acceptable range considering the range of 

Young’s Modulus of the measured samples.  

An additional requirement of the approach is that the models are suitable for 

interpolation (Table 5.3). The neural network only scores better in the test set 

performed at 15 wt% and at 21 wt% the spline regression performs slightly better. 

Nevertheless, based on all model metrics, the stiffness of gels in this study is most 

accurately described by a neural network using the main macro components. The 

next step is to evaluate if a split in protein according to processing history improved 

the prediction accuracy.  

To compare the model metrics of the different sets of variables it is important to 

consider the variance in the metrics caused by the k-fold cross-validation173 and 

random starting weight values of each node in the neural networks168. Therefore, 

conclusions on the most suitable set of variables are based on the significant 

differences between the models that have been repeated five times (Figure 5.7). We 

conclude that there is no significant difference (95% CI, p<0.05) between the sets of 

variables. This contrasts with the expected effect of protein solubility and nativity. 

However, starch is the dominant component in the mixtures and may therefore 

outweigh the contribution of soluble and insoluble protein (or native and 

denatured).  

To summarize, all model types were evaluated for three sets of independent 

variables: the main macro components and the main macro components with a 

protein split according to the nativity as well as the solubility. The neural network 

with the main macro components trained on the dataset in this study showed feasible 

predictions for values near boundaries, exhibits plausible physical behaviour, and 

have acceptable model metrics. Splitting protein according to processing history did 

not significantly improve the model predictions, as can also be seen in the parity of 

the selected model in Figure 5.8. Therefore, we conclude that a neural network with 

the main macro components as input variables is most suitable to predict this dataset 

of gel stiffness. 
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Table 5.2 Model metrics (MAE, RMSE, R2) models for main macro components analysis. 

Model 
RMSE 

Train 
R2 Train 

MAE 

Train 

RMSE 

Test 
R2 Test MAE Test 

Linear Model 49.51 0.93 38.95 71.30 0.83 48.46 

Log Linear Model 216.89 0.77 82.55 169.81 0.73 86.16 

Poly Model 48.30 0.93 36.94 47.43 0.92 35.14 

Regularisation Model 49.48 0.93 37.47 49.22 0.91 34.89 

Spline Model 29.97 0.97 20.93 74.87 0.82 46.52 

Random Forest 25.09 0.98 16.65 85.63 0.74 55.46 

Neural network 28.91 0.98 19.82 68.50 0.87 44.85 

 

 

 

Table 5.3 Model metrics (MAE, RMSE, R2) models interpolated at 15 and 21 wt% for main 

macro component analysis. 

Model RMSE 15% R2 15% MAE 15% RMSE 21% R2 21% MAE 21% 

Linear Model 38.76 0.90 29.27 38.26 0.94 34.06 

Log Linear Model 48.73 0.83 36.67 69.02 0.88 53.36 

Poly Model 34.69 0.79 27.46 42.19 0.93 36.98 

Regularisation Model 35.16 0.82 28.29 42.40 0.93 36.99 

Spline Model 28.47 0.88 21.95 58.94 0.95 50.91 

Random Forest 66.65 0.72 46.21 50.95 0.91 42.51 

Neural Network 29.46 0.85 20.77 65.92 0.96 57.50 
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Figure 5.7 Comparison model metrics for gel stiffness of the spline regression, random forest, 

and neural network run 5 times to obtain the mean and standard deviation using three sets of 

variables: main macro components (MC) and main macro components with a split in protein 

according to nativity (ND) and solubility (SL). The letters indicate the significant difference 

within each metric (95% CI, p ≤ 0.05.). 

Figure 5.8 Parity of the training sets for two final selected models for the main macro 

components (MC) and effect of processing history (PH) with regards to a split in protein 

solubility. 
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5.3.4 Revisiting the quantification of the final viscosity 

Previously we described the final viscosity of the same ingredients as used in this 

study using linear regression on a log scale with the main macro components, as a 

split according to nativity was found to have limited effect.129 Even though this 

regression was sufficient for describing the final viscosity, it is of interest to find an 

alternative model without transformation bias. Therefore, the approach proposed in 

this study is applied to the viscosity dataset as well. All different sets of variables and 

models were evaluated and showed no significant differences (Figure A 5.6) and 

therefore only the results from the main macro components are shown below.  

The feasibility of the predictions close to boundary constraints in regard to viscosity 

mostly concerns dispersions with a very low viscosity. The linear and polynomial 

regression, and regularisation predict many and large negative values (Figure 5.9A) 

and are therefore excluded from further analyses. Furthermore, the behaviour of the 

random forest levels off at 8% starch, which is rather unphysical due to the 

contribution of starch to the final viscosity (Figure 5.9B). The neural network 

predicts some negative values, which can be neglected due to their magnitude. The 

spline regression, and also most other model types, estimates the behaviour of fibre 

very low, with a negative trend after approximately 5 wt%, which is outside of the 

measuring range and therefore acceptable.  

Table 5.4 summarizes the metrics of all model types with the main macro 

components as the set of variables. The spline regression shows the highest potential 

and has acceptable test errors. The comparison of the spline regression to the linear 

regression on the log scale shows that spline regression is a better alternative to the 

log-linear model presented in our previous study (Figure 5.10).  Notably, in the 

previous study, it was concluded that high fibre samples were not predicted well 

using the log linear model, which was later suggested to be caused by phase 

separation taking place at these fibre concentrations.174 Based on the predicted 

viscosity values, it seems that the spline regression is able to describe this change in 

behaviour. This can be attributed to the non-parametric character of the spline 

regression, which makes it more flexible to fit data as opposed to the predefined 

linear regression.  
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Figure 5.9 Feasibility of thickened dispersions at the lower boundary with model based on 

main macro components. A) Distribution of the data points for which model fits (training set in 

blue) or predicts (test set in red) a negative B) Feasibility of behaviour of final viscosity models 

based on main macro components, with a varying component concentration between 1-15 

wt% with the other components fixed at 2 wt%. 

Table 5.4 Model metrics (MAE, RMSE, R2) models predicting the final viscosity data. 

Model RMSE Train R2 Train MAE Train RMSE Test R2 Test MAE Test 

Linear Model 1217.57 0.84 906.52 1371.44 0.72 1200.10 

Log Linear Model 1847.20 0.81 806.04 1503.29 0.95 627.29 

Poly Model 764.60 0.94 472.39 696.80 0.91 482.79 

Regularisation Model 772.01 0.94 480.65 646.87 0.91 448.98 

Spline Model 420.60 0.98 234.30 597.53 0.95 457.04 

Random Forest 501.39 0.98 242.15 887.85 0.94 682.24 

Neural network 411.68 0.98 215.28 730.16 0.99 440.95 
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Figure 5.10 Parity plots for the prediction of the final viscosity of main macro components of 

log linear model and spline regression. 

5.4 Conclusion 

We proposed a procedure to systematically select suitable machine learning models 

for quantifying functional properties of (complex) food ingredients as a function of 

variables describing the compositions and processing history. This procedure was 

evaluated for the stiffness of yellow pea gels. Next to correctly predicting the values 

from the training and test set, other requirements of the model were to not return 

any physically impossible values (such as negative values or unrealistic inflection 

points) and to correctly identify compositions that do not gel. 

It was not possible to avoid negative values for gels with low stiffness when using 

linear regression, except on the log scale. This was not solved by regularisation of the 

linear polynomial regression. The random forest showed discontinuous behaviour in 

all cases, which could conflict with formulation optimisation and was therefore not 

preferred. The linear regression on a log scale, the spline regression, and the neural 

network all performed well in the feasibility studies, as these model types did not 

result in negative values and showed feasible physical behaviour. Based on the model 

metrics of the complete dataset as well as of the interpolation test sets, we decide 

that a neural network with the main macro components as independent variables is 

most suitable to describe the gel stiffness of yellow pea ingredients used in this 

specific study. 
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To further assess the systematic framework, the same evaluation was performed with 

an existing dataset for viscosity. While in the original paper a log scale was found 

suitable, here a spline regression emerges as an alternative model that is not sensitive 

to transformation bias. This shows that it remains important to evaluate a range of 

model types to describe techno-functional properties and to select a model that has 

both good model metrics and shows physically feasible behaviour. 

This study on gelation shows that it is possible to use machine learning to describe 

properties that depend non-linearly on the independent compositional variables. 

This is important for the incorporation of new, complex ingredients into high-quality 

foods. Selected models can be used to identify a formulation window that ensures 

the right functional properties of the final food even when using complex, mildly 

processed ingredients. In this window, one can then optimize for the smallest 

possible environmental impact. 
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Figure A 5.1 Gel stiffness of individual ingredients at different concentrations.  
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Figure A 5.2 Hyperparameter tuning for gel stiffness models based on main macro 

components: A) the degree of polynomial regression, B) alpha and lambda determination for 

regularisation (package glmnet version 4.1.)175,  C) the degree and number of spline 

determination for spline regression (package earth version 5.3.1)176, D) the number of 

predictors used for the random forest (package randomForestversion 4.7.1.) 177, and lastly E) 

the number of layers and nodes for the neural network (package neuralnet version 1.44.2)178. 

The degree of the polynomial model is based on the RMSE value of the test and training set, 

whereas the other models are based on the RMSE from cross-validation. 
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Table A 5.1 Tuned hyperparameters for all models to predict gel stiffness. 

Functional 

Property 
Variable Set 

Degree 

Polynomial 

(n) 

Regularisation 

(alpha, lambda) 

Splines 

(nr, 

degree) 

Random 

Forest 

Predictors 

(nr) 

Hidden 

neural 

nodes 

(layer 1, 

2, 3) 

Gel 
Main macro 

components 
3 0.1, 3.32 10, 3 4 2, 2, 0 

Gel Nativity split 2 0.1, 0.33 10, 3 4 1, 2, 0 

Gel 
Solubility 

split 
2 0.55, 3.32 10, 4 4 1, 2, 0 

Viscosity 
Main macro 

components 
3 0.55, 5.17 15, 2 3 3, 2, 0 

Figure A 5.3 Feasibility gels at lower boundary with model based on main macro components 

with protein split according to nativity. A) Distribution of the data points for which model fits 

(training set in blue) or predicts (test set in red) a negative B) model fits (training in blue) or 

prediction (test in red) for gels that did not gel (0 kPa). Please note that in B some samples 

are overlaying due to a similar prediction, but for all models the same number of samples is 

plotted. 
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Figure A 5.4 Feasibility of gels at the lower boundary with model based on main macro 

components with protein split according to solubility A) Distribution of the data points for which 

model fits (training set in blue) or predicts (test set in red) a negative B) model fits (training in 

blue) or prediction (test in red) for gels that did not gel (0 kPa). Please note that in B some 

samples are overlaying due to a similar prediction, but for all models the same number of 

samples is plotted. 
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Figure A 5.5 Feasibility of behaviour of gel stiffness models based on main macro components 

with effect processing history, with a varying component concentration between 1-15 wt% with 

the other components fixed at 2 wt%. 

Table A 5.2 Model metrics (MAE, RMSE, R2) models for gel stiffness models with main macro 

components and the protein split according to nativity. 

Model RMSE Train R2 Train MAE Train RMSE Test R2 Test MAE Test 

Linear Model 48.08 0.93 37.17 48.45 0.91 40.58 

Log Linear Model 192.77 0.81 81.18 158.54 0.73 81.12 

Poly Model 45.19 0.94 34.32 44.27 0.93 33.74 

Regularisation Model 45.34 0.94 34.29 44.42 0.93 33.62 

Spline Model 32.57 0.97 23.01 84.25 0.78 53.31 

Random Forest 26.01 0.98 16.18 87.42 0.73 60.79 

Neural network 32.32 0.97 22.21 59.28 0.90 40.58 
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Table A 5.3 Model metrics (MAE, RMSE, R2) models for gel stiffness interpolated at 15 and 

21 wt% with main macro components and the protein split according to nativity. 

Model RMSE 15% R2 15% MAE 15% RMSE 21% R2 21% MAE 21% 

Linear Model 38.64 0.90 32.61 36.73 0.95 33.36 

Log Linear Model 47.97 0.83 36.58 73.95 0.87 59.78 

Poly Model 28.08 0.87 17.38 45.68 0.91 39.31 

Regularisation Model 28.71 0.86 18.96 44.41 0.92 38.44 

Spline Model 30.17 0.84 22.65 67.37 0.92 56.40 

Random Forest 60.49 0.78 48.05 55.73 0.89 42.59 

Neural Network 30.15 0.91 24.57 63.44 0.93 52.40 

Table A 5.4 Model metrics (MAE, RMSE, R2) models for gel stiffness models with the effect 

of solubility with main macro components. 

Model RMSE Train R2 Train MAE Train RMSE Test R2 Test MAE Test 

Linear Model 47.72 0.94 36.49 69.51 0.83 48.08 

Log Linear Model 167.87 0.84 74.63 153.99 0.74 79.80 

Poly Model 46.15 0.94 34.91 45.93 0.92 34.55 

Regularisation Model 48.60 0.93 36.09 50.14 0.91 36.62 

Spline Model 33.64 0.97 23.96 81.98 0.78 52.79 

Random Forest 28.59 0.98 18.80 88.98 0.71 60.12 

Neural network 33.15 0.97 23.04 60.24 0.89 40.77 

Table A 5.5 Model metrics (MAE, RMSE, R2) models for gel stiffness interpolated at 15 and 

21 wt% with main macro component analysis with the effect of solubility. 

Model RMSE 15% R2 15% MAE 15% RMSE 21% R2 21% MAE 21% 

Linear Model 34.90 0.90 30.30 48.58 0.91 42.08 

Log Linear Model 47.73 0.85 36.06 66.21 0.89 50.04 

Poly Model 29.88 0.85 19.47 47.21 0.91 41.43 

Regularisation Model 34.49 0.84 27.79 47.23 0.91 40.36 

Spline Model 28.67 0.85 24.43 63.34 0.92 54.78 

Random Forest 74.08 0.66 54.37 47.48 0.92 39.23 

Neural Network 30.29 0.90 24.40 64.89 0.92 53.84 
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Figure A 5.6 Comparison model metrics (MAE, RMSE, R2) for the final viscosity of the spline 

regression, random forest, and neural network run 5 times to obtain the mean and standard 

deviation using three sets of variables: main macro components (MC) and main macro 

components with a split in protein according to nativity (ND) and solubility (SL). The letters 

indicate the significant difference within each metric (95% CI, p ≤ 0.05.
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Abstract 

Mildly refined ingredients from plants consist of multiple components. Therefore, 

they benefit from a food formulation based on techno-functional properties rather 

than composition. The techno-functional properties of these complex mixtures can 

be quantified using machine learning. To increase the space in which ingredients can 

be formulated, it is of interest to also quantify these properties of ingredients from 

multiple crops. In this study we quantify and predict the techno-functional 

properties of ingredients from yellow pea and lupine seeds combined and compared 

them to models based on single crops. The properties quantified were gelation, 

viscosity, emulsion stability, and foaming capacity. The relationships were 

quantified using spline regression, random forest, and neural network. Suitable 

models were picked based on model accuracy and physical feasibility of model 

predictions. A single model could be created for each techno-functional property, 

albeit with a trade-off of higher prediction errors as compared to models based on 

individual crops. A reflection on sizes of the datasets showed that they could be 

reduced for some properties. The approach presented in this study contributes to the 

adoption of milder refined ingredients to enhance the sustainability in food 

production.
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6.1 Introduction 

Food ingredients with a lower extent of refining are more resource use efficient 8,9, 

which in turn reduces the environmental footprint of food products. Less refined 

ingredients are alternative ingredients that may replace conventional isolates, such 

as protein or starch, that are commonly used to texturize food products. Air 

classification, electrostatic separation, and mild aqueous fractionation are all 

examples of methods that deliver functional ingredients, rather than pure 

conventional isolates.13–15 As these fractions are not pure, it was proposed earlier to 

blend the ingredients to match the final composition of food products.18 

Unconventional ingredients could not always be matched due to their complex 

compositions. This may not be necessary if a different composition could result in a 

product with the same functional properties. Therefore, food formulation practices 

would benefit from ingredient selection based on their functional properties, instead 

of composition.  

Mathematical modelling or machine learning can be employed to quantify functional 

properties and subsequently formulate products, as was shown for example for 

chocolate cookies.21 Ingredients can also be selected for formulations based on their 

structural contribution to food products, which was shown for the thickening 

capacity of yellow pea ingredients.129 In this study, formulations with different 

compositions and environmental impacts could be generated using the 

functionality-driven formulation approach using least square regression with the 

composition of the ingredients as independent variables. To quantify other 

functional properties that are not linear, a framework was proposed to select a 

suitable machine learning algorithm.179 The models were subjected to the condition 

that the predictions were physically feasible, such as the absence of artefacts that 

could impede with the formulation. Since it could not be expected that one single 

algorithm always results in an acceptable quantification, a range of methods was 

explored.  

While the previous work did demonstrate the principle of functionality-driven 

formulation, it was based on just one raw material. In practice, generally, more than 

one raw material is used to create a set of ingredients with suitable properties. 
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Therefore, the proof of principle of the functionality-driven formulation should be 

extended to include multiple crops rather than one. Frequently used crops for 

ingredients are for example grains or legumes. Although most crops consist of the 

same basic building blocks protein, starch, fibre, oil, and sugars, they can yield 

different techno-functional properties. For example, fibres from different sources 

have different solubilities and water holding capacities.180 This complicates the 

optimization of ingredient blends made with different crops. Functionality-driven 

food product formulation would benefit from models that can quantitatively predict 

a functional property from multiple crops and hence have more general validity.  

This study therefore assesses the potential to quantify and predict a techno-

functional property of ingredients from multiple crops using a single model. The 

properties that will be assessed are gelation, viscosity, emulsion stability, and 

foaming capacity. This will be exemplified with conventional, high-purity 

ingredients and with mildly refined ingredients from yellow peas and from lupine 

seeds. First, the relation between the techno-functional properties and the 

composition of the ingredients will be discussed. Next, the relation between the 

composition of the ingredients and each techno-functional property will be 

quantified for each crop individually using machine learning algorithms. To assess 

whether models for multiple crops can be created for each property, new single 

models will be fitted to the data from all crops. These will be compared to the models 

based on the individual crops. We conclude with a critical discussion on the accuracy 

of the results as well as a reflection on the size of the dataset that is required to 

quantify each techno-functional property.   

6.2 Materials & methods 

6.2.1 Ingredients 

Pre-dried yellow peas (Pisum sativum L.) were purchased from Alimex (The 

Netherlands). Pre-dried lupine seeds (Lupinus angustifolius) were obtained from 

InvejaFood (The Netherlands). Both yellow pea and lupine seed ingredients were 

produced using a pin mill (LV 15M, Condux-Werk, Germany), ZPS50 impact mill 

(Germany), and an ATP50 classifier (Hosokawa-Alpine, Germany) in a room with a 

controlled relative humidity of 30% and room temperature. A thermometer inside 
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the mill indicated a temperature between 16 and 34°C. The water used in all 

experiments was deionized in a Milli-Q purification system (Merck Millipore, 

Burlington, USA). Sunflower oil for the emulsions was purchased from a local 

supermarket. 

6.2.1.1 Commercial isolates  

Commercial isolates from yellow pea were a pea protein isolate (YPI) (Nutralys 

F85G) and a pea fibre isolate (YFI) (PEA FIBRE I 50 M), purchased from Roquette 

Frères S.A (St. Louis, USA) and a starch isolate from Emsland Stärke GmbH 

(Germany). A commercial protein isolate from lupine seeds (LPI) was obtained from 

Prolupin GmbH (Germany) and a fibre isolate slurry as well. The fibre isolate slurry 

was freeze dried in a Pilot freeze dryer (Christ Epsilon 2-6D, Germany). The dried 

fibre isolate was subsequently milled in an impact mill with a mill speed set at 

8000 rpm and an airflow of 75 m3/h and a classifier wheel speed of 2200 rpm. 

The feed rate was set at 7 rpm.  

6.2.1.2 Mildly refined ingredients  

The hulls were first removed from the peas with a Satake TM05 pearling machine 

(Satake Corporation, Japan). A yellow pea flour (YPF) was then produced by pre-

milling the peas into grits using a pin mill at room temperature and then milling 

using an impact mill with an impact mill speed of 8000 rpm, airflow at 52 m3/h, and 

classifier wheel speed at 4000 pm, and a feed rate of 2 rpm (method adopted49).The 

flour was subsequently air classified into a fine, protein-enriched fraction (YFF) and 

a coarse, starch enriched (YCF) fraction with a fixed airflow at 52 m3/h, classifier 

wheel speed at 5000 rpm, and feed rate at 20 rpm. 

Lupine seeds were used to prepare lupine flour (LF) from the non-dehulled seeds. 

First, the seeds were pre-milled with the pin mill, after which they were milled with 

a feed rate of 7 rpm in the impact mill at a milling speed of 8000 rpm and classifier 

wheel speed of 2200 rpm and an airflow of 75 m3/h. A fine protein-rich fraction 

(LFF) and a coarse fibre-rich fraction (LCF) were subsequently produced with an air 

classifier at a feed rate of 20 rpm, classifier speed of 10,000 rpm, and an airflow of 

80 m3/h (method adapted48). For all in-house produced lupine ingredients, larger 
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pieces of the hull were removed using a 0.16 mm grid sieve (Retsch, Germany) and 

later with an air jet sieve (Hosokawa-Alpine, Germany) with a grid size of 0.4 mm.  

6.2.1.3 Compositional analysis 

The Kjeldahl method with a nitrogen conversion factor of 5.52137 for pea protein was 

used to determine the protein content. The starch concentration in the samples was 

determined with a Total Starch Amyloglucosidase – α-Amylase Assay Kit, AOAC 

Method 996.11 (Megazyme International Ireland Ltd, Bray, Ireland). Next, AOAC 

method 985.29 was used to determine the total dietary fibre. The solids were 

determined by drying the ingredients in a vacuum oven at 70 °C. The rest fraction 

was determined as the difference between the dry matter and the protein, starch, and 

fibre content and contains among others oil, ash, salts, and sugars Table 6.1. 

Table 6.1 Composition of ingredients based on g/100 g dry matter and nitrogen solubility index 

(NSI%) with mean and standard deviation. Please note that there is a yellow pea flour only 

used for the viscosity measurements, due to different batches. 

Protein +/- Starch +/- Fibre +/- Rest +/- Solids +/- NSI% +/- 

YPI 74.1 1.8 0.4 0.0 2.2 1.2 23.3 1.6 93.7 0.5 16.4 5.8 

YSI 0.5 0.0 91.4 2.9 0.8 0.8 7.3 0.0 88.4 0.5 0.0 
0.

0 

YFI 7.8 0.5 33.8 0.5 53.6 4.6 4.8 1.1 95.2 0.5 34.7 8.9 

YFF 44.4 1.1 6.9 0.2 18.9 2.9 29.8 2.1 93.5 0.5 48.0 0.8 

YCF 10.5 0.5 66.6 1.9 4.6 1.5 18.3 1.6 90.9 0.5 55.3 7.5 

YPF* 22.3 0.8 47.9 7.1 10.6 0.1 19.2 0.4 90.6 0.5 61.3 0.9 

YPF 25.2 0.7 48.2 0.5 9.3 2.1 17.4 0.0 90.6 0.5 61.3 0.9 

LPI 92.2 2.3 0.2 0.0 0.2 0.0 7.5 0.7 97.7 0.5 60.1 0.9 

LFI 16.3 0.6 1.2 0.0 79.6 5.7 3.2 0.5 93.5 0.5 47.5 5.4 

LF 36.8 1.0 0.2 0.0 39.3 4.1 23.7 2.2 92.8 0.5 21.7 1.5 

LFF 55.1 1.4 0.2 0.0 14.6 2.5 30.1 2.4 94.4 0.5 19.4 0.5 

LCF 30.4 0.9 0.2 0.0 49.0 4.6 20.4 2.0 92.2 0.5 33.3 3.7 

*yellow pea flour batch used for the viscosity measurements

The solubility of the protein in each ingredient was expressed with the nitrogen 

solubility index (NSI%) and was determined using an adopted protocol.179 Each 

ingredient was mixed thoroughly in a 1 wt% dispersion and rotated for 30 minutes, 

after which they were centrifuged (30 min, 10,000 g, at 20 °C). The pellet and 
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supernatant were carefully separated. The pellet was further weighted in the tube 

and subsequently dried in an oven at 105 °C for 24 hours.  From the dried pellet the 

dry matter and protein content were determined. With the latter, the soluble protein 

was expressed in the NSI% as a percentage of soluble protein of the total protein 

present in the ingredients. All protein in yellow pea is considered denatured in the 

isolates10 and native in the mildly refined fractions. As the distinction in nativity 

between isolates and mildly refined ingredients in lupine ingredients was not that 

clear, this was not considered in the study (data not shown).  

6.2.2 Selection of ingredient blends 

The models in this study should be able to predict the techno-functional properties 

of all possible ingredient blends. The ingredient blends were chosen in such a way 

that the space in which ingredients can be formulated was covered as best as possible 

(high and low starch, fibre, protein and the rest of the components) as described in 

another study.129 All yellow pea (YPI, YSI, YFI, YFF, YCF, and YPF) and lupine seed 

ingredients (LPI, LFI, LFF, LCF, LF) were therefore blended in the following 

combinations: 

• yellow pea mixtures (isolates and mildly refined individually and mixed) 

• lupine mixtures (isolates and mildly refined individually and mixed) 

• yellow pea and lupine mixtures (isolates and mildly refined individually and 

mixed) 

Figure 6.1 depicts the ratio between protein, starch, and fibre for the three categories 

described above (with rest fraction in Appendix Figure A 6.1). The rest fraction 

represents all dry components besides protein, starch, and fibre. All ingredient 

blends depicted in these Figures are measured between 1-25 wt%, which is discussed 

in section 6.2.4.1.2 in more detail. 

6.2.3 Techno-functional properties 

The emulsion separation velocity, foamability, gel stiffness, and final viscosity were 

measured for all selected ingredient blends. Dry powders were always premixed and 

dispersed in deionized water at room temperature. All ingredient blends were  
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Figure 6.1 Ternary plots of the ingredient blends selected in this study, presenting their 

composition (ratio protein, starch, and fibre) for measuring the 4 techno-functional properties 

train (●) and test (■) observations. All determined in a range of 1-25 wt%. 

measured once, with the exception of some duplicates or triplicates for protocol 

development. 

6.2.3.1 Emulsion separation velocity 

The emulsion separation velocity (µm/s) was measured for 10 wt% (sunflower) oil 

emulsions with a total weight of 150 g. The aqueous phase was a dispersion of the 

selected ingredient ratios, which were hydrated for 30 minutes under gentle 

agitation while covered with parafilm. The emulsion preparation was adapted from 

another study. 181 The coarse emulsion was made using a rotor-stator homogenizer 
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(Ultraturrax IKA T18 basic, Germany) at 11,000 rpm for 1 minute. This pre-emulsion 

was further homogenized in a colloid mill (IKA Magic Lab, Germany) with a gap 

width of 0.16 for two minutes at 15,000 rpm. The separation (or creaming) velocity 

was measured with an adapted protocol with a LUMiFuge (LUM LUMGmbH, 

Germany) at constant gravitational acceleration of 2,227 rpm at room temperature 

with a light factor of 1.0.182 Measurements were taken every 15 sec with 240 

measuring points in total, which is equivalent to a storage time of approximately 30 

days at 1g. The separation velocity (µm/s) was calculated using the LUMiFuge Front 

Tracking module at a transmission of 25% with equation 6-1 in which ∆𝐿 is the 

change of the position of the layer measured at 25% transmission for a time period 

∆𝑡, only in the linear part.  

𝑠𝑒𝑝𝑎𝑟𝑎𝑡𝑖𝑜𝑛 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 =  
|∆𝐿|

∆𝑡
                               (6-1) 

Since the LUMiFuge system measures the change of a creaming layer over time, we 

cannot exclude any effect of sedimentation on the position of the layer at 25%. 

Sedimentation can be observed by a movement downwards instead of upwards and 

measurements that clearly showed this behaviour were excluded. Dispersions that 

were too thick to measure were considered ‘stable’ in this method, i.e., having a 

separation velocity of 0 µm/s.  

6.2.3.2 Foamability 

The foamability, or overrun (%), was determined using an adapted protocol.93 The 

dry powders were dispersed using gentle agitation with a magnetic stirrer for 30 

minutes. The samples were always covered with parafilm. 10 mL of the dispersion 

was subsequently foamed in a plastic tube (diameter 33.5 mm) using an overhead 

stirrer for 2 min minutes at 2000 rpm with a froth (Aerolatte, UK). The foaming 

tubes were fixated at an angle of 45° to facilitate the incorporation of air and increase 

the reproducibility of the measurements. The foam height was directly captured by 

a camera and was recalculated to the volume. The foam overrun was determined with 

equation 6-2. 

𝐹𝑜𝑎𝑚 𝑜𝑣𝑒𝑟𝑟𝑢𝑛 (%) =  
𝐹𝑜𝑎𝑚 𝑣𝑜𝑙𝑢𝑚𝑒 (𝑚𝐿)

𝐿𝑖𝑞𝑢𝑖𝑑 𝑣𝑜𝑙𝑢𝑚𝑒 (𝑚𝐿)
∗ 100            (6-2) 
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6.2.3.3 Gel stiffness 

The gel stiffness in terms of Young’s modulus was measured according to an existing 

protocol.179 The dispersions were initially hydrated for 5-10 minutes and then 

hydrated for 1 hour while stirring gently and covered with parafilm. The dispersions 

were subsequently transferred to Teflon tubes (20 mm diameter and 100 mm length) 

and heated in a rotating water bath at 90 °C for 30 minutes at a speed of 30 rpm. 

After heating the tubes were removed from the water bath and left to rotate at room 

temperature for one hour to cool down and prevent sedimentation. The tubes were 

further cooled overnight in the fridge at 4 °C and then again removed from the fridge 

one hour before measurement. The gels were released from the tubes and cut into 3 

mm wide and 20 mm long cylinders. The Henky’s stress and strain161 were measured 

and calculated for all three cylinders and averaged.  

6.2.3.4 Final viscosity 

The heated final viscosity was measured according to the method described in 

another study,129 in which the dispersions were first hydrated for 5 – 10 minutes, 

depending on the consistency. The viscosity was determined with an Anton Paar 

Rheometer MCR301 equipped with a starch cell C-ETD160/ST (Anton Paar, 

Austria). The dispersions were stirred at 600 rpm for 10 s at 50 °C to reassure a 

thorough dispersion prior to starting the measurement. The viscosity measurements 

were performed at a constant rotational speed of 160 rpm, and a temperature–time 

profile was used to heat all samples to 95 °C and subsequently cool them to 50 °C in 

a total of 25 min. Measurement of the unheated final viscosity was performed 

according to the same protocol without the heating ramp.  

6.2.4 Data analysis 

6.2.4.1 Quantification of techno-functional properties 

6.2.4.1.1 Model training, testing, and selection  

The relations between the selected ingredient blends and the techno-functional 

properties were quantified using a range of machine learning methods according to 

the framework presented in a previous study.179 For a detailed description of each 

method we refer to this article. The following statistical and machine learning 
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algorithms were used: 1) a stepwise AIC multiple linear regression, 2) the same 

stepwise AIC linear regression but with a log transformed output, 3) polynomial 

linear regression (power 2-4), 4) a regularized form of the polynomial linear 

regression to reduce parameters, 5) a spline regression, (6) a random forest, and (7) 

a neural network. For the neural network, the dataset was centred and scaled and 

fitted with a Sigmoid function. All models were fitted using adopted stepwise linear 

regression or the Caret package162 in RStudio V4.1.0 with the code published on 

Git@WUR.183 

All models were trained and tested using independent datasets, which is explained 

in more detail below. The regularized polynomial linear regression, spline 

regression, random forest, and neural network models contain hyperparameters, 

which set the architecture of the models (e.g., number of hidden nodes in the neural 

network). These hyperparameters were chosen based on the average error obtained 

from 5 times repeated 10-fold cross validation from only the training set. Next, all 

models were tested again on the separate test dataset.  

The foam dataset was initially filtered for dispersions that had a solid structure since 

the foam overrun could not be measured precisely. These solid and liquid foams were 

distinguished using a simple decision tree 184 with the unheated viscosity as the input 

variable. The accuracy and resulting confusion matrices were provided to compare 

the performance of the classification, with the addition of the kappa value. The kappa 

value provides a correction for the random chance of values ending up as either 

liquid or solid foams.185 Only the liquid foams were extracted from the dataset and 

subsequently used in further modelling steps.  

For each functional property, a final model was selected based on three conditions: 

the selected model 1) does not return unfeasible negative values 2) shows physically 

feasible behaviour of each component without any artefacts and 3) has acceptable 

model metrics. The metrics evaluated are Root Mean Square Error (RMSE), R2 ( 

Pearson correlation coefficient), and Mean Absolute Error (MAE). Model metrics 

based on transformed data (log metrics for the log scale linear regression model and 

the neural network are based on the back-transformed data to ensure a fair 

comparison between the different models.169 The physical feasibility of each 
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component in each model was assessed by applying the model to a theoretical dataset 

in which each component varies between 1-15 wt%, while the others remain constant. 

6.2.4.1.2 Datasets and variables used for modelling 

In section 6.2.2 we discussed the selected ingredients blends that are required to 

cover the full formulation matrix. To answer the main question of this study, which 

is to assess whether a single model can quantify each techno-functional property of 

multiple crops, different datasets were modelled: 

1. yellow pea data only: ingredient blends made from yellow pea commercial

isolates and mildly refined ingredients

2. lupine seed data only: Ingredient blends made from lupine commercial

isolates and mildly refined ingredients

3. yellow pea and lupine seed data combined:  datasets number 1 and 2 with

the addition of ingredient blends from yellow pea and lupine seed

ingredients mixed together.

For each techno-functional property, 218 – 508 observations were collected (Table 

6.2). Sizes may vary as the datasets were developed individually and some sets were 

used for protocol development.  

Observations were divided into a training and a test set, in such a way that both sets 

had an equal representation with respect to the composition of protein, starch, fibre 

(Figure 6.1). This could not be done randomly, since the spread of training and test 

data had to be even throughout the composition space. In addition, the selected 

ingredient blends are measured at specific concentrations between 1 and 25 wt%. To 

check for interpolation, some concentrations within the range are only tested, which 

is also indicated in Table 6.2. The viscosity dataset of yellow pea ingredients was not 

obtained in the same systematic way as the other functional properties. Therefore, it 

does not include specific training and testing concentrations and is rather measured 

throughout the concentration range.  

The main macro components (MC) (protein, starch, fibre, and the rest of the 

components) represented in concentration (wt%) were always input variables. The 

output variables were always the techno-functional properties, being the final 
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viscosity (mPa.s at 160 rpm), the gel stiffness (kPa), foaming capacity (overrun %), 

and the emulsion separation velocity (µm/s). Potential effects of the processing 

history on protein functionality were considered by splitting the input variable 

‘protein’ according to its solubility or nativity where possible (e.g., denatured and 

native protein). This results in three sets of input variables: 1) the MCs, 2) MCs with 

protein split into soluble and insoluble protein, and 3) MCs with protein split into 

native and denatured protein. For the models based on all data, the input variables 

were also split according to crop for some properties (e.g., protein from yellow pea 

and protein from lupine).  

Table 6.2 Sizes of total datasets (n) for each functional property and the percentage of the 

dataset that was used as a test set. The measured concentrations at which the ingredient 

blends are trained and tested, as well as only tested are indicated. 

 All data  Yellow pea  Lupine Mix Concentrations (wt%) 

Functional 

property  

Total 

dataset n 

(%test) 

Total 

dataset n 

(%test) 

Total 

dataset n 

(%test) 

Total 

dataset n 

(%test) 

Training + 

test  

Extra 

test  

Emulsions 508 (38) 364 (35) 88 (44) 56 (48) 
1, 1.5, 2, 2.5, 

4, 9, 15, 21 

6, 7, 12, 

18 

Foams 423 (29) 267 (22) 99 (37) 57 (47) 
1, 2, 4, 5, 9, 

15, 21 
7, 12, 18  

Gelation 242 (47) 163 (45) 52 (48) 27 (44) 13, 18, 25 15, 21 

Heated viscosity  225 (24) 110 (14) 85 (34) 30 (37) 
2, 6, 10, 14, 

18, 22 
12, 16 

Unheated 

viscosity  
218 (25) 101 (14) 78 (36) 39 (33) 

2-22* 

2, 6, 10, 14, 

18, 22** 

12, 16** 

*Measured for yellow pea ingredients blends 

**Measured for lupine ingredient blends.  

Significant differences in model metric performance between the different sets of 

independent variables were assessed for models that used a cross validation 

(regularized polynomial regression, neural network, random forest, and spline 

regression). The models were run five times and significant differences were 

assessed using a Two-Way ANOVA and Tukey’s post-hoc test (p ≤ 0.05) to aid in the 

selection. When a large variation between the repetitions was detected, the model 

with the smallest test errors and acceptable behaviour was used for variable set 

selection and further analyses.  
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6.2.4.2 Dataset size reduction 

To reduce the experimental effort, it is of interest to estimate the minimum sample 

size required to model the selected techno-functional properties and reach the 

optimal prediction accuracy. The relevance of the size of the datasets is assessed by 

running models on a subset of observations from the complete dataset. This is only 

performed on the final model selected based on all data. The number (n) of selected 

observations ranges from n = 10 (the minimum needed to create a model) to the 

length of the complete dataset. The selection of observations is done using the 

Kennard-Stone algorithm, which selects observations with a uniform distribution 

over the whole compositional space, starting with the indicated n number of 

observations spread out as possible based on the Euclidian distance.186 

For all datasets (from n = 10 to the maximum possible number of observations), the 

prediction accuracy is determined by a (nested) leave-one-out-cross validation 

(LOOCV).187 This entails that for each dataset with length n, in an outer loop 

observation i is taken out of the dataset and the models are trained on n-i 

observations in an inner loop, using the regular model training and cross validation 

as described earlier, which is called the inner cross validation. The model cross 

validation was reduced to two times repeated 5-fold cross validation to reduce 

computing time. After the models in the inner loop were trained, the left-out 

observation i in the outer loop was predicted by the model. This is repeated for all n 

observations in the dataset until all have been left out and predicted. The prediction 

error (𝑄2) is determined by equation 6-3 with 𝑦𝑖  being the observed value, 𝑦̂ the

predicted value from the outer loop, and 𝑦̅ the mean of all observed values.  

𝑄2 = 1 −
∑(𝑦𝑖−𝑦̂)2

∑(𝑦𝑖−𝑦̅)2  (6-3) 

6.3 Results  

6.3.1 Experimental data techno-functional properties 

Figure 6.2 shows scatterplots for data obtained for all techno-functional properties 

selected in this study: emulsion stability, foaming capacity, gel stiffness, and 

viscosity (heated and unheated) as a function of the composition of the measured 

ingredient blends.  
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The gel stiffness ranges from around 0 to 800 kPa and is mainly dominated by the 

presence of starch, which was also found in another study.66 The gel stiffness of gels 

made with ingredients from lupine seeds is lower than with yellow pea and mixtures 

of both crops due to the low starch concentration in lupine seeds. The heated 

viscosity ranges from 1 to approximately 45,000 mPa.s and is also mainly dependent 

on starch gelatinisation.188 The unheated viscosity of all pastes is more dependent on 

the capacity of the insoluble material to absorb water, which was found relatively 

high of fibre and protein in yellow pea in another study for yellow pea, as opposed to 

starch.66 The dominating effect of fibre in lupine was also hypothesized to be largely 

responsible for the viscosity in suspensions.48 The unheated viscosity is significantly 

lower than in the heated variant, ranging from 1 to 6,000 mPa.s.  

The stability of emulsions is influenced by a combination of interfacial stabilisation 

as well as viscosity189. The emulsion separation velocity of the measured emulsions 

ranges from 0 to approximately 160 µm/s, with 0 µm/s being completely stable in 

the theoretical period of one month at 1g. The separation velocity of the measured 

emulsions is highly dependent on the concentration of the ingredients, mostly the 

protein in the ingredient blends and regardless of the crop. Subtler differences in the 

ability of the components to stability interfaces are difficult to observe in these plots 

and are also not in the scope of this study.   

The foaming capacity of the measured foams can be divided into two regimes: 0-2.5 

wt% protein and >2.5 wt% protein. In the first regime, the foaming capacity increases 

with protein concentration. This can be attributed to interfacial stabilisation by 

proteins and increasing viscosity due to the generally higher concentration of the 

ingredients.190 In the second regime, the foaming capacity reaches a plateau or 

decreases again with increasing concentration of ingredients in the foams. We 

hypothesized that the latter occurs due to the increase in viscosity, which complicates 

the incorporation of air in the foams. In some cases, the viscosity becomes so high 

that the dispersion had no liquid layer (free water) in the measuring tube anymore. 

As a result, for these solid-like foams there is no or little incorporation of air and 

therefore the height of the foam cannot be determined anymore. Hence, the foaming 

capacity is registered as 0%. However, the foam overrun can also be 0% due to a lack 
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of components that can form a foam in a more liquid foam. To prevent any confusion 

in the interpretation of a 0% foam overrun in a liquid or solid-like foam, the latter is 

filtered out of the dataset using a decision tree using their unheated viscosity, which 

will be explained further in a later section. 

6.3.2 Quantification of the techno-functional properties 

Due to the large number of results that are generated during the selection of the 

appropriate model to quantify the relationships, the tables and figures of all models 

are supplied in the Appendix with a short explanation of why certain models were 

selected. Table 6.3 summarizes the models that are selected to quantify the techno-

functional properties. Figure 6.3 depicts the RMSE of the models based on the three 

analysed datasets based on 1) yellow pea and lupine seed ingredients separately, 2) 

both ingredients as well as mixtures of those, and 3) both ingredients and mixtures 

but with the input variables protein and fibre according to origin. The raw data of 

the RMSE and also the R2 and MAE of these models are provided in the Appendix. 

Figure 6.4 shows the parity for all selected models. 

6.3.2.1 Pre-processing foaming dataset 

The model for the foaming capacity was generated using only the liquid foams. 

Liquid and semi-solid foams were classified using a decision tree with the unheated 

viscosity (quantified in this study) as the predictive variable for the separate crop and 

combined datasets (Table 6.4). The foams of the individual crops were classified as 

liquid or semi-solid foams with high test accuracy (>93%) and with a moderate to a 

strong level of agreement (𝜅 of 0.63 and 0.84 for yellow pea and lupine respectively) 

with the test set.185 The 𝜅 value indicates the probability of a sample ending up in one 

category by chance. The combined dataset, which includes yellow pea, lupine and 

mixtures of those, has a similar test accuracy (94%) and also a strong level of 

agreement (𝜅 = 0.82). The difference between the datasets can be attributed to the 

classification threshold, which is dependent on the model of the unheated viscosity 

and can therefore vary among crops.  
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Figure 6.2  Scatter plots showing the relation between the techno-functional properties and 

the composition (protein, starch, fibre, and rest concentration) of the ingredient blends (the 

colour and shape indicate the crop: yellow pea▲, lupine ●, and mixtures of both ■).
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Table 6.3. Summary of models selected to quantify the relation between the ingredients and 

techno-functional properties with the main macro components (MC) or with the main macro 

components with the protein split according to solubility (SL) as input variables. The split 

column indicates whether models containing data from all crops included a split in independent 

variables according to crop. 

Functional 

property 
Crop Best model 

Variable 

set 
Split 

Emulsion stability 
Yellow 

pea 
Random forest SL - 

Lupine Neural network MC - 

All Random forest MC Yes 

Foaming capacity 
Yellow 

pea 
Random forest MC - 

Lupine Random Forest MC - 

All Random Forest MC Yes 

Gelation 
Yellow 

pea 
Neural network MC - 

Lupine Neural network MC - 

All Neural network MC No 

Heated viscosity 
Yellow 

pea 
Spline regression MC - 

Lupine Neural network SL - 

All Spline regression MC No 

Unheated viscosity 
Yellow 

pea 

Regularised polynomial linear 

regression 
MC - 

Lupine Neural network MC - 

All Neural network MC Yes 

Table 6.4 Performance of classification of liquid and semi-solid foams 

Crop  𝜅 - Train 
Accuracy Train 
(%) 

𝜅 - Test 
Accuracy Test 
(%) 

Classification 
threshold 
(mPa.s) 

Yellow pea 0.85 97 0.63 93 226 

Lupine 0.94 98 0.84 95 412 

All data  0.82 96 0.82 94 158 
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6.3.2.2 Models fitted on datasets from individual crops  

The relations for each techno-functional property based on datasets from individual 

crops were quantified using a regularized polynomial linear regression, spline 

regression, random forest, and neural network. The models fitted from yellow pea 

ingredients for the emulsion stability as well as the lupine ingredients for heated 

viscosity benefited from splitting the independent variable protein according to their 

solubility. A considerable number of models have a stable prediction, which means 

that the train and test errors are close to each other, for example with the heated 

viscosity and emulsion stability. In some cases, the test error is considerably higher 

than the training error, for example in the case of foaming capacity. The parity plots 

in Figure 6.4 indicate that the foaming capacity is overestimated at lower 

concentrations and underestimated at higher concentrations for yellow pea and 

(especially) lupine ingredients. The plotted behaviour of the random forest for 

foaming capacity also show discontinuous behaviour, which is undesired. Yet, there 

is at this point no better alternative (Appendix). Besides the foaming capacity, the 

parity plots depict that all other techno-functional properties are still quantified 

within an acceptable range using the selected models for the individual crops.  

6.3.2.3 Models fitted on combined dataset 

Next, the observations of yellow pea and lupine, as well as mixtures of those were 

combined and modelled together. As the same component from different crops can 

have different contributions to the final functional properties, we considered 

whether we would need to split protein and fibre according to their origin as input 

variables (e.g., protein from yellow pea and lupine).  

The error of the prediction from some models fitted on all data combined is in the 

same range as the error from the models fitted on data from single crops only (Figure 

6.3). For example, in the case of emulsion stability of yellow pea ingredients or 

foaming capacity of both datasets of yellow pea and lupine ingredients. For some 

models, the errors are considerably worse when fitting models based on combined 

datasets from yellow pea and lupine ingredients. Splitting protein and fibre 

according to origin improved the prediction error in some cases, for example for the 

emulsion stability of lupine ingredients as well as the unheated viscosity of yellow 
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pea ingredients. The errors of the models based on the combined datasets are now 

in almost all cases in the same range as the models based on the individual datasets, 

with or without split of protein and fibre according to their origin. This is not the case 

for the heated viscosity, for which the error is substantially higher when modelling a 

combined dataset compared to an individual. This is attributed to the poor 

prediction of observations that were based on mixtures of yellow pea and lupine 

ingredients.  

Based on the model metrics, it is a logical next step to model the combined dataset 

with a split according to the components’ origin for the emulsion stability. For the 

remaining techno-functional properties, this is not straightforward since the model 

metrics do not consistently improve when predicting all three datasets using 

combined models with a split. To facilitate the decision on a final model, the 

behaviour of each component in each model is evaluated. The trends of the fitted 

individual models were revealed using a theoretical dataset, in which one component 

increases, while the other components remain constant (Figure 6.5). We focus only 

on protein and fibre since starch is only present in considerable concentrations in 

yellow pea ingredients. From this Figure, it can be derived that protein and fibre in 

lupine have a very different contribution to the foaming capacity, and to a lesser 

extent for unheated viscosity and emulsions stability. Protein and fibre from yellow 

pea and lupine have a similar contribution to the gel stiffness and heated viscosity. 

Therefore, the selected combined models for quantifying the emulsion stability, 

foaming capacity, and unheated viscosity will be based on independent variables that 

are split according to crop origin. The behaviour of the models based on all data (split 

or without split) is also plotted in Figure 6.5. The parity plots of the final models 

fitted to the combined dataset, also show that the residuals lay in the same range as 

from the models based on individual datasets. 

In summary, models can be fitted such that they predict the selected techno-

functional properties of both yellow pea and lupine samples and mixtures of those 

although with sometimes a reduction in model accuracy. The decision on the best 

final model is also not always straightforward as there can be multiple models or sets 

of variables that are in the same range regarding the metrics. Therefore, selection of 
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Figure 6.3 RMSE of the models based on data from individual crops (yellow pea and lupine) 

and on all data (yellow pea, lupine, and mixtures of those) and on all data with a split in protein 

and fibre according to origin, calculated for the samples of yellow pea, lupine, mixtures, and 

all data together.  
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Figure 6.4. Normalized parity plots for three models based on yellow pea, lupine, or all 

ingredients, visualized for each functional property. the colour and shape indicates the origin 

of the sample: yellow pea▲, lupine ●, and mixtures of both ■. 
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Figure 6.5 Behaviour of each component in the fitted models based on yellow pea, lupine, or 

all (with or without split in protein and fibre). The models were used to predict theoretical 

datasets in which each component increases from 1-15 wt% while the remaining component 

are set constant to 2 wt%. In case a model required the soluble and insoluble protein is as 

input variables, the solution space is given as shaded area. 

.
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the final model is a trade-off between having low model errors as well as feasible 

behaviour of the components. The selected models are also highly dependent on the 

training dataset and can therefore change with new data. 

6.4 Discussion 

6.4.1 Reflection on the predictive variables 

Most of the selected techno-functional properties could be described using the main 

macro components (protein, starch, fibre, and the rest) as input variables, for both 

the models based on yellow pea and lupine ingredients individually plus the 

combined datasets. This implies that the effect of the processing history as such on 

the state of the protein and functional property is negligible compared to other 

components or effects (i.e., interactions). For gelation and heated viscosity this was 

expected due to the dominance of starch gelatinisation.188 We did expect differences 

between the effect of the degree of processing (i.e., conventionally or mildly 

fractionated) on protein in the foaming capacity, emulsion stability, and unheated 

viscosity. We hypothesize that due to the large range of measured components and 

hence, the large range of for example foaming capacities, these differences become 

negligible. Another effect may be that to measure some properties, the product is 

heated. This eliminates any differences in the degree of denaturation of the proteins, 

in case of yellow peas above about 83°C.66,99 In addition, the protein from the mildly 

refined protein-rich fraction is only present at lower purity (<55 wt%), and therefore 

at these low concentrations other components and/or their interactions could be 

dominant.  

The models that were fitted on the combined datasets of yellow pea and lupine 

ingredients as well as mixtures of those had in most cases a similar prediction error 

to the models based on individual crops. Based on the model metrics and the 

behaviour plots, we concluded that the foaming capacity, emulsion stability, and 

unheated viscosity required a separation of protein and fibre according to the source. 

Since these three properties were all based on unheated powders, it is no surprise 

that these three require the same split. In contrast to the heated viscosity, the 

unheated viscosity is mainly dependent on the size of the protein aggregates11 and 

the water holding capacity of the protein191. With an increase in fibre the amount of 
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free water is also reduced, which increases the viscosity.66 Since these properties can 

differ among different legumes, a split may be required. Both heated viscosity and 

gelation result from heated dispersions, starch gelatinisation is dominant. As starch 

is present only in very low concentrations in lupine, it is hypothesized that there is 

no need for a split in components according to the source.  

6.4.2 Quality of the model predictions  

Although the training errors from the fitted models are within a reasonable range, 

the test errors are considerably higher for some functional properties. While it is 

common that the test error is larger than the training error28, a large difference could 

point to an overfitted model. For example, the RMSE of the test set of emulsion 

stability is more than twice as large as the RMSE of the training set. This means that 

the trained models may not be suitable to generalize to other unseen data. This can 

be the result of having too many predictive independent variables or having too 

complex models (e.g., too many neural nodes or high degree polynomial)28,173. 

Another reason could be that there is not enough data to train the model properly.192 

Having too complex models is most likely not relevant since we carefully reduced the 

model complexity by using cross validation during model training. The latter reason 

could be more relevant in this case. Although the total sizes of the datasets are fairly 

large, the test sets contain in some cases up to 40% of all observations. This leaves 

us with a relatively sparse training. Therefore, we evaluated whether the size of the 

dataset is sufficient.  

We assessed the model performance of data subsets with sizes ranging from 10 to the 

total number of observations that were measured in this study. Due to the small size 

of the datasets, we applied a nested leave-one-out cross-validation (LOOCV). In this 

way, every sample becomes a test sample one time while the other observations are 

used to train a model. The model performance was expressed with Q2, which is 

similar to the R2 of the test value but calculated with the equation that expresses the 

explained variance of the residuals (Equation 6-3). The LOOCV can be known for 

overfitting due to the large training set as opposed to the test set.193 As a control, we 

have plotted the Q2 of the original division in the training and test set (up to 40% test 

set) from this study.  



170 

Figure 6.6 shows that with the addition of more observations the prediction quality 

of emulsion stability and foams keeps on increasing. This means that indeed the 

dataset size for these was not sufficient. At around 227 observations, there is a 

sudden decline in Q2. A closer look into the additional observation added here 

(observation nr. 227) shows that this point is related to a relatively high emulsion 

separation velocity of 168 µm/s, while the observations before this point had a 

maximum separation velocity of 112 µm/s. We expect that this magnitude of 

separation velocity is undertrained and therefore reduces the overall accuracy of the 

model. After the addition of the 227th point, the accuracy starts to improve again. 

Therefore, besides having a homogenous distribution of the compositional space, the 

distribution of the output variables should also be homogenous.  

The Q2 of the prediction for gel stiffness as well as heated and unheated viscosity 

reaches a plateau after around 100 observations. As the Q2 for the prediction of gel 

stiffness and heated viscosity is quite high already (> 0.8), we conclude that we do 

Figure 6.6 Accuracy (Q2) of models generated for each functional property with a dataset size 

ranging from 10 to the maximum number of observations measured. The red line indicates 

the Q2 of the original test dataset used in this study.  
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not always need the complete dataset to achieve this model performance. If the train 

error is still a lot lower than the test error, this could be the result of unsuitable or 

too many predictive variables. The Q2 of the unheated viscosity reaches a plateau, yet 

the variation of the Q2 is large. This could indicate that the data of the viscosity is not 

spread homogenously either among the compositional space or in terms of the 

output, in this case, final viscosity. Since the plateau from the LOOCV is slightly 

higher than the one of the original dataset, there is a chance that the LOOCV slightly 

overestimates the Q2. This means that the Q2 of the plateau in fact could be slightly 

lower.  

In summary, some overfitting takes place in the fitted models in this study which can 

be attributed to a lack of samples in the case of emulsion stability and foaming 

capacity. The analysis for emulsion stability also showed that besides having well 

distributed data over the composition space, it is also important to have a proper 

distribution in the model output, in this case, separation velocity. For the other 

properties overfitting can be attributed to for example the selection of predictive 

variables. We suggest that when measuring the functional properties of a new crop, 

analyses like these should be executed in parallel to the experimental measurements, 

such that the experimental work can be stopped as soon as the plateau is reached. 

This could ultimately be paired with an automated sampling method.  

6.5 Conclusions 

 Techno-functional properties that are important in food product formulations were 

quantitatively modelled using machine learning algorithms. These properties were 

the thickening behaviour (viscosity and gelling), emulsions stability, and foaming 

capacity. We evaluated whether a single model could predict these properties from 

multiple crops. The models were therefore fitted on individual datasets from yellow 

pea and lupine ingredients as well as on a combined dataset that contained both 

ingredients from yellow pea and lupine as well as mixtures of those two.  

The relations between ingredients from single crops and their functional properties 

were described using a regularized polynomial linear regression, spline regression, 

random forest and neural network. The latter three models were selected to predict 
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the functional properties from all data of yellow pea, lupine, and mixtures of those. 

For some properties, it was necessary to split the protein and fibre according to their 

sources to obtain better model performance and physically plausible behaviour of 

each component. The test errors of the models based on the combined datasets were 

in the same range as those of the models based on individual datasets. Only the 

heated viscosity was predicted worse using a model based on combined data. Some 

overfitting was detected in the fitted models, which was later attributed to a lack of 

samples or the selected predictive variables. This analysis indicated as well that not 

all data were necessary predict all properties.  

This study demonstrates the possibility to extend the functionality-driven selection 

of food products to multiple crops and functional properties and presents a method 

to evaluate the relevance of increasing the size of the dataset. The presented method 

aids in designing food formulations that may help in significantly reducing the 

overall chain environmental impact of the production of the foods, by reducing the 

amount of refining necessary to acquire the right product properties.  
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6.7 Appendix 

6.7.1 Ternary plots with rest fraction 

Figure A 6.1 Ternary plots for samples (ratio protein, starch, and rest) of all techno-functional 

properties with train (●) and test (■) observations All determined in a range of 1-25 wt%.  
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6.7.2 Example of model selection unheated viscosity of lupine ingredients 

From the model metrics it is derived that the neural network is the best candidate 

for quantifying unheated viscosity of lupine ingredients. The behaviour scatterplots 

shows physically plausible behaviour in terms of trends and negative values for the 

neural network. There are no significant differences between the test metrics 

between the base components and the split according to solubility. Therefore, the 

best model is the neural network with main macro components. As there is quite a 

large variation in the five times repeated neural networks, the one with the lowest 

test error is chosen for further analyses.  

Table A 6.1 Model metrics (MAE, RMSE, R2) models for quantifying unheated viscosity with 

main macro components as independent variables for yellow pea ingredients. 

Model 
RMSE 

Train 
R2 Train 

MAE 

Train 
RMSE Test R2 Test MAE Test 

Linear Model 494.73 0.80 297.56 482.37 0.59 333.00 

Log Linear Model 721.84 0.59 179.01 295.52 0.65 94.52 

Poly Model 212.58 0.96 158.54 349.74 0.78 215.63 

Regularisation Model 445.65 0.84 214.43 467.02 0.64 278.70 

Spline Model 220.66 0.96 124.12 352.40 0.68 201.38 

Random Forest 308.43 0.95 92.37 344.78 0.80 130.84 

Neural network 143.59 0.98 77.99 248.52 0.92 115.63 
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Figure A 6.2 Scatterplot of the behaviour of each component in the evaluated models for 

quantifying the unheated viscosity of lupine seed ingredients with the main macro components 

as independent variables. The composition of each component increases from 1-15 wt% while 

the other stay constant at 2%. 

Figure A 6.3 Boxplot of negative values predicted by the evaluated models to for quantifying 

the unheated viscosity of lupine seed ingredients with the main macro components as 

independent variables. 
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Figure A 6.4 Bar chart containing the model metrics (MAE, RMSE, R2) to predict the unheated 

viscosity (mean absolute error (MAE), root mean square error (RMSE), and R2) generated 

five times for the neural network, random forest, and spline regression for yellow pea 

ingredients with the main macro components (MC) and main macro components with a split 

according to  soluble protein (SL) as independent variables. Letters indicate a significant 

different (P<0.05). 

The supplementary information is stored temporarily at the following link 

https://figshare.com/s/b26eceed43dec72cd717 or use QR until published. 
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6.7.4  MAE and R2 of all data versus individual 

Figure A 6.5 MAE of the models based on data from individual crops (yellow pea and lupine) 

and on all data (yellow pea, lupine, and mixtures of those), calculated for the samples of yellow 

pea, lupine, mixtures, and all data together. 
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Figure A 6.6 R2 of the models based on data from individual crops (yellow pea and lupine) 

and on all data (yellow pea, lupine, and mixtures of those), calculated for the samples of yellow 

pea, lupine, mixtures, and all data together.
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Food ingredients that texturize products like vegan or ready-to-eat foods are 

conventionally produced by fractionating a crop (e.g., wheat or peas) into pure 

isolates such as a protein or starch isolate. In the case of protein, flour is often 

dispersed and subsequently subjected to alkaline extraction, iso-electric 

precipitation, and drying with for example spray drying. This process route is 

resource use intensive. In addition, the separation of crops into pure components 

and later assembling these components again in food products is not efficient, as it 

recovers only part of the nutrients in the raw material.   

The development of fractionation techniques for food ingredients that omit the use 

of water and/or chemicals has resulted in the development of so-called milder 

refined ingredients. These processes require much less energy and water and can be 

more efficient in raw material usage. The ingredients are produced from the same 

crops but are not as refined, or pure, as conventionally produced ingredients. The 

impurity complicates the formulation processes of combining several ingredients 

into a consumer product. Nevertheless, less refined ingredients have high 

functionality: they can just as well give high viscosity, gel strength or other properties 

as refined ingredients can.  

Previous work indicated that the use of mildly refined ingredients is facilitated by 

matching the compositions of foods to blends of these ingredients.18 This resulted in 

a significant reduction in water and energy usage in the production chain but would 

not reduce the number of raw materials. The underlying hypothesis of this thesis was 

that by matching products to ingredients based on the techno-functionalities instead 

of composition, one can reduce the use of raw materials as well as the use of energy 

and water. The aim of this thesis was therefore to assess to what extent the use of a 

functionality-driven selection of ingredients may lead to more sustainable food 

production. 

A case study was used in which yellow pea and lupine seeds are both conventionally 

and mildly fractionated, after which the ingredients were matched to a product 

portfolio. As there are many functional properties of ingredients, four main 

texturizing properties were selected in this study to demonstrate the principle. 

Models were constructed that relate the composition of the ingredients and the 
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(techno)functional properties that they provide in consumer foods. These models 

were then used to minimise the environmental impact of food production while 

retaining the required textural properties.  

This chapter summarizes the main findings of this thesis. The findings are 

subsequently compiled into an assessment of the effects of the functionality-driven 

ingredient selection on the sustainability of a final portfolio of 14 products. Lastly, 

we discuss areas for improvement of the proposed approach. 

7.1 Milder fractionation processes and their environmental impact  

An overview of milder fractionation methods was provided in chapter 2 – state of 

the art. Although a widely accepted and clear definition of mildness in fractionation 

methods is not available, in this chapter we discussed all methods that use milder 

refining steps. These are milder as opposed to conventional processes to extract 

carbohydrates, oils, and proteins from crops. These are some of the most important 

macronutrients and their production is resource use intensive. The conventional way 

to extract oils is by disrupting the seed matrix through milling, mechanical 

expression, and solvent extraction to isolate the oil. Both elevated temperatures and 

the use of solvents like hexane degrade the oil and the remaining matrix, for example 

by denaturation, oxidation. and crosslinking. In a milder alternative, the oil-bearing 

intracellular vesicles, oleosomes, are extracted whole. Therefore, they maintain their 

functional properties, protecting the oil against degradation. These oleosomes form 

natural emulsions and can be directly used in products such as creams. In the 

conventional method to extract protein, the starch and fibres are first removed with 

(multiple) centrifugation or hydrocylone steps. The proteins are subsequently 

solubilized at high pH, isolated by iso-electric precipitation, and then dried into a 

powder. The other fractions are concentrated and dried as well.  

Subsequently in chapter 2 – state of the art, both wet and dry milder alternatives 

to the conventional methods are discussed. Wet alternatives avoid drying and apply 

for example ultrafiltration. The alkaline extraction and/or iso-electric precipitation 

step can also be omitted to reduce resource use and maintain the native 

functionalities of the protein. Dry fractionation completely omits the use of 

chemicals by separating flour based on particle size and density with air classification 



 

184 

 

or with electrostatic separation based on triboelectric charging properties. The 

benefit of dry fractionation is that it is purely a mechanical separation and therefore 

the product does not need to be dried. Therefore, fractions maintain their native 

functionality, although at the cost of lower purity.  

To assess the difference in sustainability of ingredient portfolios based on extensively 

or mildly refined ingredients, the environmental impact of the ingredient production 

from yellow pea and lupine was quantified in chapter 3 – sustainability. 

Ingredients with a lower degree of refining indeed have a lower environmental 

impact, even when expressed per kg of protein. The latter is important since for 

example air classified yellow pea concentrate has a lower protein concentration than 

the conventional isolate. The impact of processing was in some cases similar to the 

impact of the cultivation of the crops. This makes it important to consider both while 

assessing the sustainability of these food ingredients. The impact of the cultivation 

is also dependent on the type of processing, as more efficient routes need fewer 

materials to obtain a similar amount of ingredient. 

7.2 Quantification of techno-functional properties 

A compositionally-driven ingredient selection was compared to a functionality-

driven selection. For this, the case study was narrowed down to the use of 

conventionally isolated and air classified ingredients from yellow peas and lupine 

seeds. A preliminary study was done to conceptualize the approach using the 

thickening capacity of yellow pea ingredients in chapter 4 – concept. The 

concentration of the main macro components (i.e., protein, starch, and fibre) from 

yellow pea ingredients could be used to quantify and predict the final viscosity using 

multiple linear regression. The effect of the processing history on the functionality 

of protein was found to be negligible to predict the final viscosity. This was attributed 

to the low protein content of the protein-rich concentrate obtained through air 

classification as compared to the isolate and the dominating effect of starch in the 

development of viscosity. With the use of a linear regression model, a window of 

formulations that resulted in the same viscosity could be identified. Subsequent 

optimization then led to an ingredient formulation within this window that has a 

minimal environmental impact. With this approach, food assemblers can select 
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ingredient formulations with preferred composition and functionality while 

minimizing the environmental impact.  

This approach was extrapolated to other techno-functional properties that are 

required to texturize the products selected in the product portfolio: gelling, foaming 

capacity, and emulsion stability. Multiple linear regression was not adequate to 

model these non-linear functional properties and resulted in poor and physically 

unfeasible predictions. Therefore, in chapter 5 – framework, a framework is 

proposed to select an appropriate machine learning method for quantifying these 

types of relationships, while applying expert knowledge of known physical 

phenomena regarding these properties. The conditions for an appropriate method 

were physically feasible predictions and acceptable model metrics, such as the 

correlation coefficient (R2) and the test errors. Since one machine learning method 

could not always comply with all conditions, linear regression, random forest, spline 

regression, and neural network were explored. The framework was illustrated using 

the gel stiffness of yellow pea ingredients, which was best described by a neural 

network. A main finding was that there is no general method that can quantify all 

relationships since machine learning models can easily generate physically 

unfeasible solutions or show artefacts. Instead, the systematic framework as 

proposed in this chapter may lead to the optimal model choice for the respective 

dataset.  

So far, we have focused on only ingredients from yellow peas. Nonetheless, 

ingredient formulations normally contain ingredients from multiple crops. The case 

study presented in this thesis also includes ingredients from lupine seeds. It was 

desired to create models that can predict the techno-functionalities of both yellow 

pea and lupine seed ingredients. Therefore, in chapter 6 – mixed crops we 

assessed the potential of quantifying each selected techno-functional property for 

both crops using a single model. The heated viscosity and gelation were modelled 

based on a merged composition of lupine and yellow ingredients. This means that 

the protein, starch, and fibre from both crops could be combined into single 

predictive variables. This resulted in the case of heated viscosity in slightly higher 

test errors compared to the models based on individual crops. For foams, emulsions, 
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and unheated viscosity, the behaviour of protein and fibre from both crops was 

significantly different. Therefore, the input variables had to be split according to 

their source (e.g., protein and fibre from yellow pea and lupine) to achieve acceptable 

predictions and model behaviour. It was also found that the prediction accuracy of 

foams and emulsions would benefit from more observations. However, for the 

remaining properties, the complete measured dataset was not necessary: there is an 

upper limit to the accuracy of the model at sometimes half of the measured size of 

the dataset. This also shows that with the current predictive variables, it is not 

possible to achieve better accuracy with the addition of more observations. 

Therefore, we are at the upper limit of what can be achieved. Additional or different 

independent variables would have to be added to further improve the accuracy. 

Overall, the functional properties of yellow pea and lupine ingredients could be well 

modelled for both extensively and mildly refined ingredients using machine learning 

algorithms. These models predict physically feasible solutions based on the datasets 

in this study. 

7.3 Functionality-oriented selection of ingredients  

The models created to describe the functional properties were subsequently used to 

formulate ingredients for a product portfolio (Figure 7.1). For the current study, this 

means that both extensively and mildly refined yellow pea and lupine ingredients 

were considered and could be formulated into a product portfolio. More specifically, 

a yellow pea protein (YPI), fibre (YFI), and starch (YSI) isolate, as well as a lupine 

protein (LPI) and fibre (LFI) isolate were used. The milder refined ingredients were 

a dry fractionated (using air classification) yellow pea flour (YPF), protein-rich fine 

(YFF) and starch-rich coarse (YCF) fraction, lupine flour (LF), and protein-rich fine 

(LFF) and a fibre-rich coarse (LCF) fraction. The formulations were minimized based 

on global warming potential (GWP), water usage, and raw materials.  

The selection of the ingredients within this space was based on three scenarios: 

1. Base scenario: only isolates are allowed to be used in the portfolio and are 

matched on composition 
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Figure 7.1 Schematic representation of the case description. The composition from the 

potential ingredients and the food products is first translated into their techno-functional 

properties using the mathematical descriptions from Chapter 6. The functional properties from 

the ingredients and products are matched into a formulation space. These are minimised for 

their environmental impact. 

2. Compositional Match scenario (CM): isolates and mildly refined ingredients are

allowed in ingredients formulations and are selected based on composition

3. Techno-functional Match scenario (TM): isolates and mildly refined ingredients

are allowed in ingredients formulations and are selected based on the techno-

functional properties

This means that formulations were either selected based on composition (scenarios 

1 and 2) or on techno-functional properties (scenario 3). The composition and 

techno-functional properties were derived for both the ingredients and the products 

using the mathematical relations that describe these functional properties based on 

composition as described in chapter 6 – mixed crops. The composition is 

represented by the concentration (wt%) of protein,  starch, fibre, and the combined 

rest of the components. The formulation space is the space in which the properties 

of the ingredients can be matched to the (predicted) product properties. The 

resulting formulation space revealed the window in which ingredients could be 
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optimised for their environmental impact, for example in terms of the lowest global 

warming potential, water use, or raw material use.  

A portfolio of 14 food products was created (Figure 7.2). The composition of each of 

these products (e.g., a sandwich spread or coffee creamer) was derived from existing 

products on the market. Only the main macro components were considered. For 

that, two to five products from different brands were evaluated for each product and 

the composition was either an average of their compositions or at least well within 

the range of these products. The exact compositions can be found in the Appendix 

(Table A 7.1) 

 

Figure 7.2. Dry base ratio between the protein, starch, and fibre content of selected food 

products. The size of the bubbles represents the relative dry base concentration of the 

ingredients replaced in each product. The function of the colours is to indicate the different 

products that are discussed in the text.  

The part of the composition (e.g., protein or starch) of the products that was eligible 

to be replaced by the ingredients in this study was based on their ingredient lists. 

Mostly starch and protein isolates were identified. For example, if a starch isolate is 

added, the starch present in the product would be replaced. In some cases, only a 

part of one component had to be replaced: in the case of the instant soup, which 

consists of a lot of starch coming from a starch isolate but also from added potato 
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pieces, an estimated amount of starch isolate was replaced. As the rest fraction of 

these products consists of other ingredients (e.g., oils, creams, syrups, purees or 

acids) that are not considered in this study, the rest fraction was always set at 0 wt%. 

If a product does not require all components (e.g., no protein needs to be added), it 

was by default set to 0.5%. The reason for this is that otherwise no ingredient can be 

assigned to the products, as ingredients always contain multiple components. For 

each product, relevant key techno-functional properties were identified and 

modelled using the relationships developed in chapter 6 – mixed crops (Table 

7.1). It was assumed that the ingredients in the products behave like the ingredients 

that were used in this study. For the viscosity of a protein drink, vegan milk (e.g., 

oat-based milk), tzatziki, and a vegan whipped cream the relationship that describes 

the unheated viscosity was used for these products. The reason for this is that these 

products are commonly not consumed at elevated temperatures. The impact of 

heating during processing for these examples was also considered minimal as the 

optimal solubility of all components should be maintained. The relation for the 

heated viscosity is used for heated products like coffee creamer, instant soup, and 

vanilla custard which are heated more extensively during the process. For the coffee 

creamer, vegan milk (to use as a barista version), and vegan whipped cream the 

foaming capacity is also considered. The products that were considered to include 

gel stiffness are the (soft) solid foods, such as a muesli bar, a plant-based meat patty 

(not a fibrous meat analogue), and a sandwich spread. Lastly, emulsion stability was 

considered important for products based on emulsions, which are the vegan 

mayonnaise and sour cream. It should be borne in mind that the above mentioned 

aspects are all assumptions for a model system to show the proof of concept yet are 

of course a lot more complex in reality. The formulation space to obtain the right 

techno-functional properties for each product was created in three steps based on 

the method described in chapter 4 – the concept. 1) We created a grid of 

compositions of protein, starch, fibre, and a rest fraction all varying from 0-25 wt% 

in Python 3.6 using the Constraint package 1.4.0 (Figure 7.3A). The emulsion 

stability, foam capacity, and unheated viscosity were based on models with a split in 

protein and fibre according to the origin. Therefore, another grid with split variables 

was created for these functional properties. As the formulation space is continuous, 



 

190 

 

Table 7.1 Summary of the techno-functional properties considered for each product. The 

number of possible formulations indicates the number of formulations from the original grid 

that results in the desired functional properties, as determined by the models in chapter 6 – 

mixed crops. 

Product Functional properties Value # possible formulations 

Coffee creamer 
Heated viscosity 

Foam overrun 

133mPa.s 

121% 
999 

Custard Heated viscosity 508 mPa.s 1,781 

Dressing Emulsion stability 11 µm/s 13,273* 

Instant soup Heated viscosity 285 mPa.s 590 

Muesli bar Gel stiffness 127 kPa 8,152 

Plant-based meat 

patty 
Gel stiffness 88 kPa 8,630 

Protein drink Unheated viscosity 33 mPa.s 8,480* 

Sandwich spread Gel stiffness 26 kPa 5,474 

Tzatziki Heated viscosity 937 mPa.s 2,803 

Vegan mayonnaise Emulsion stability 48 µm/s 15,666 

Vegan milk 
Unheated viscosity 

Foam overrun 

32 mPa.s 

149 % 
4,008* 

Vegan sour cream Emulsion stability 23 µm/s 95,813 

Vegan whipped 

cream 

Unheated viscosity 

Foam overrun 

31 mPa.s 

91 % 
629* 

Vegan yoghurt Gel stiffness 5 kPa 1,220 

*Formulations created with a grid size step of 1.3 
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the number of points to consider in principle is infinitely large. We used a grid step 

size of 0.6 or 1.3 wt% to limit the computing times to reasonable values but maximize 

the number of compositions. The first grid (protein, starch, fibre, rest) resulted in 

about 150,000 compositions with a step size of 0.6 wt%.  With the split in protein 

and fibre, the grid resulted in about 10 million compositions. The latter was reduced 

for some products with a step size of 1.3 wt% to 170,000 compositions to reduce 

computing time. 2) The grids are subsequently translated to the techno-functional 

properties using the previously selected machine learning algorithms from chapter 

6 – mixed crops, which is illustrated in Figure 7.3B for the foam overrun and 

unheated viscosity. Every point describes one composition of protein, starch, fibre, 

and rest fraction that results in the desired overrun and viscosity (illustrated in the 

squares for two products). Notably, compositions with multi-functional properties 

can now easily be identified. 

There is a wide range of possible functional properties that can be obtained. Yet not 

all techno-functional properties calculated from the compositional grid are of 

interest at the same time; only the ones required by the products. The required 

functional properties of the products were calculated and presented in Table 7.1. In 

the last step 3), the formulation space; hence, compositions that result in the desired 

product properties can now be extracted. Every product now has a formulation space 

of possible formulations that result in the desired functional properties, as is shown 

for the vegan milk and whipped cream in Figure 7.3C. In our discretized space, this 

resulted in approximately 600 to 95,000 formulations per product (Table 7.1 and 

Appendix Figure A 7.1).  

The formulation spaces were reduced to feasible formulation windows in which the 

formulations (combinations of ingredients) meet the techno-functional 

requirements for each product. Not all formulations (hence, compositions) in the 

formulation space could be created with the available ingredients, due to the 

constraints in the ingredients’ composition. Therefore, a Linear Optimisation 

module (PuLP 2.6.0) was used to calculate the possible blends of ingredients that 

could match the desired compositions. These possible ingredient blends were then 
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Figure 7.3 Creation of the formulation spaces with (A) the grid of compositions (Protein, 

Starch, Fibre, Rest) that is used to calculate the techno-functional properties for the complete 

grid here illustrate for foaming capacity and unheated viscosity (B). The compositions that 

results in the desired properties (in the squares) are now extracted here illustrated for the 

vegan milk and whipped cream (C). Similar illustrations for the other products can be found in 

Appendix Figure A 7.1. The colour intensity in B and C indicates the concentration of the 

formulations, with lighter colours higher concentrations. 
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minimised for one of three objective functions: global warming potential (GWP), 

water use, and the total amount of raw materials. For every formulation, the fraction 

(X) of ingredient (i) was fitted while minimizing these three objectives using

𝑚𝑖𝑛 ∑ 𝑤𝑖 ∙  𝑋𝑖
𝑛
𝑖=1 . The values of the weights (𝑤𝑖) differ per objective function and

represent the specific ‘embedded’ global warming potential, the specific embedded

water use, or the inverse of the yield of each ingredient (Appendix Table A 7.2).

To ensure that the ingredients that were blended together matched the composition 

from the formulation space, the blend was constrained by the composition that the 

scenario allows per formulation. For the base and CM scenario, only one 

formulation, or composition, is allowed, which is the composition of the product 

(Figure 7.2). In contrast, for the TM scenario, this is done for all possible 

formulations. In general, for all formulations, the requirements for each component 

(protein, starch, fibre, rest) were constrained by ∑ 𝑞
𝑖,𝑐

∙ 𝑋𝑖
𝑛
𝑖=1 = 𝑞

𝑓,𝑐
 , in which 𝑞

𝑖,𝑐
 is

the dry mass fraction (q) of each component (c) in each ingredient i (YPI, YFI, etc) 

multiplied with the fraction (𝑋𝑖) of ingredient i in each formulation f. This has to be

equal to the dry mass fraction q of composition c allowed in possible formulation f. 

These compositions were again based on the compositional match or generated from 

the formulation space.  

The relative compositions of the formulations for the complete portfolio are 

presented in Figure 7.4 and separately per product in the Appendix (Figure A 7.2). 

In the TM scenario, there was a total of approximately 7,000 formulations per 

objective that could be matched to the products. As the aim of this study is to find 

the most sustainable ingredient formulations in the window of the possible 

formulations, only the solutions that score best in each objective function (i.e., lowest 

GWP, water usage, and raw materials) were extracted for each product and 

presented in this Figure. In scenarios 1 and 2, a feasible solution (formulation) was 

found for all products except for the vegan whipped cream. In the TM scenario, two 

products could not be matched, which were the coffee creamer and vegan 

mayonnaise. These products are excluded in all scenarios from the Figure and 

further analysed to ensure a fair comparison. The presence of unmatched products 

indicates that these compositions could not be matched by the available ingredients 
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Figure 7.4 The fraction of each ingredient for the best solution for each objective (14 per 

objective) for the total product portfolio for the three objective functions (GWP, total 

ingredients, and water). The blue colours represent conventional ingredients, and the orange 

colours the mildly refined ones. 

in this study. This is either a limitation of the composition of the ingredients or 

because some compositions are missed due to the finite grid step size of limitations 

of the functional properties.  

The formulation in the base scenario only includes the conventionally fractionated 

ingredients for all objectives, as only these were allowed. The GWP and water as 

objective deliver ingredient formulations with the same composition, which means 

that the ingredients selected in these formulations have both the lowest GWP and 

water use. With the raw materials as the objective function, the ingredients with the 

highest yield are selected. The same applies to the CM scenario, but now mildly 

refined ingredients are also selected, since all of these have a relatively low GWP and 

water use, and the unrefined flours from yellow pea and lupine of course have a 

higher yield (100%). The study by Jonkman et al.18 also found that mildly refined 

ingredients could be matched based on composition, and with that reduce the 

resource use. In the TM scenario, the share of mildly refined ingredients is even 
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larger for each objective. Yellow pea ingredients are favoured with the GWP 

objective, whereas lupine ingredients are favoured for the objective function using 

water usage and raw materials. Both can be explained by their relative impacts.  

The cumulative impacts for each product in the portfolio for the three different 

scenarios and objective functions are shown in Figure 7.5. The impact (obtained in 

chapter 3 - sustainability) of each formulation was calculated per ton (1000 kg) 

of ingredient formulation, which consists of the selected dry ingredients using: 

𝑖𝑚𝑝𝑎𝑐𝑡 =   
∑ 𝑋𝑖𝑖𝑚𝑝𝑎𝑐𝑡𝑖

𝑛
𝑖=1

∑ 𝑋𝑖
𝑛
𝑖=1

∙ 1000 𝑘𝑔. The total raw material usage for each formulation

needed to produce 1 ton was also calculated using the ingredient yield with: 

𝑟𝑎𝑤 𝑚𝑎𝑡𝑒𝑟𝑖𝑎𝑙 =
∑

𝑋𝑖

𝑦𝑖𝑒𝑙𝑑𝑖

𝑛
𝑖=1

∑ 𝑋𝑖
𝑛
𝑖=1

∙ 1000 𝑘𝑔.

The impact of the total product portfolio in the TM scenario is lower compared to the 

base and the CM scenarios. The GWP of the total portfolio is reduced by almost 50% 

from the impact generated by a selection based on composition with mildly refined 

ingredients, and by more than 70% compared to the base scenario (using only 

isolates). The water use is reduced even more, which is attributed to the use of mainly 

dry fractionated ingredients in these formulations. This means that the water usage 

is almost completely from the cultivation of the crop, which is relatively low. Notably, 

even when one objective of the TM scenario was optimized (e.g., GWP), the other 

objectives (water use, raw material use) were either similar or even lower than for 

the base and CM scenarios. For example, while minimizing the GWP of the product 

in the TM scenario, the water and raw material use was still lower than in the base 

and CM scenarios. 

Interestingly, the number of raw materials required was lower in the CM scenario 

compared to the base scenario. This is surprising as the underlying hypothesis of this 

thesis was that with a selection based on composition, more raw materials are 

needed when incorporating milder refined ingredients due to their high fibre and 

other carbohydrate-rich ingredients, as was found by Jonkman et al.18 One main 

difference is that in that study, the impact allocated to the ingredients did not include 

the impact of cultivating the raw materials. Apparently, if this is included, as is done 
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Figure 7.5 Impact of the product portfolio for three different objectives GWP (kg CO2-eq /ton 

ingredient per product), water usage (kg water/ton ingredient per product) and total raw 

materials (kg/ton ingredient per product).  
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in this study, the ingredients assigned to the formulations will be used more 

efficiently to both minimize the impact of processing the crops into ingredients, but 

also minimize the impact of the cultivation. This evidently results in the use of fewer 

raw materials. In this study, the reuse of the co-production of other ingredients (e.g. 

starch isolate during the production of a protein isolate) for other products in the 

portfolio is not even considered yet, which could result in even lower raw material 

usage.  

Jonkman et al. 18 also provided estimated costs to process a ton of raw materials 

through either the conventional or dry pathways. These estimations were used to 

calculate the costs of the portfolio presented in this study in two ways: 1) based on 

the amount of ingredients that was assigned to the products or 2) based on the total 

raw materials that were required (Figure 7.5). Both methods show that to produce a 

ton of ingredients for the complete portfolio, the costs decrease substantially with 

the use of milder refined ingredients in the CM scenario and even further in the TM 

scenario (Figure 7.6). The decrease in costs is attributed to the larger share of 

cheaper milder refined ingredients used and the lower number of raw materials 

needed to produce the ingredients for the portfolio.  

Notably, the number of raw materials required for the dressing and vegan sour cream 

with the TM is larger than with the CM (Appendix Figure A 7.3). This means that 

there is a composition with a lower impact that is not present in the revealed 

formulations space. This suggests that the techno-functionality is probably not 

reached with the composition obtained from the CM scenario. This was indeed the 

case for the dressing, as the emulsion stability from the composition in the CM 

scenario is twice as large as the desired stability in the TM scenario. For the vegan 

sour cream, the desired emulsion stability is actually achieved with the formulation 

form the CM scenario. This indicates that the composition of the CM scenario was 

not included in the compositional grid. This could be solved by decreasing the step 

size.  

The results indicate that the TM is for most products valuable in terms of 

environmental impact, costs, and techno-functional properties. However, as some 

products cannot be matched yet, the optimization of these products can still be 
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Figure 7.6 Estimated costs of the total product portfolio, with 95.82 and 85.02 €/ton ingredients 

for conventional lupine and yellow pea ingredients respectively and 48.48 €/ton ingredients 

for both dry fractionated yellow pea and lupine. The costs are shown for each objective and 

scenario calculated with two methods: based on ingredients used and total raw materials.  

Data of costs are obtained from another study.18 

improved. In such a situation one may use an experimental optimization procedure 

in which the models are used to direct and select formulation areas of interest. 

Repeating this should result in finding the best possible formulation for that product. 

7.4 Why is a techno-functional selection more resource use efficient? 

Figure 7.4 depicts the ingredients that the portfolio is composed of for each scenario. 

Even for the CM scenario, mildly refined ingredients were selected instead of 

conventional ingredients since the used objective was to minimize the global 

warming potential, water use, and total ingredients usage in the formulations. In the 

TM scenario, the fraction of milder refined ingredients was larger, resulting in a 

lower impact for most products (Figure 7.5). The total global warming potential of 

the portfolio could be reduced by 50% and for water even more, relative to the CM 

scenario, and more than 70% relative to the base scenario. The latter means that 

compared to the current way products are formulated using conventional 

ingredients, a 70% reduction of GWP can be achieved with the use of milder refined 
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ingredients and a selection based on techno-functional properties in a complete 

product portfolio. 

One reason for this lower environmental impact is that the match based on the 

functional properties enlarges the formulation window. More specifically, in the CM 

scenario, there is only one composition (with one of the products) that can match the 

ingredients. In the discretized techno-functional formulation space created in this 

study, this was increased to 500-95,000 discretized formulations per product, which 

of course will be much more when using smaller grid steps. It is also hypothesized 

that products that are still unmatched in the TM scenario will yield a similar or better 

formulation than the CM scenario with smaller grid steps. This can only mean that 

the total impact of the TM scenario will be lower. These formulations represent a 

larger window in the composition matrix as is depicted in Figure 7.3C for a few 

products, and in Appendix Figure A 7.1 for all products. Here one can see that 

differences in composition can be matched with differences in overall concentrations 

(dry weight), to end up with the right properties. The larger window implies more 

possibilities for the application of milder refined ingredients and hence a larger 

probability of finding a solution with a lower environmental impact.  

In addition, mildly refined ingredients deliver also more functionality per unit of 

environmental impact compared to conventionally produced ingredients, as 

illustrated for GWP in Figure 7.7. In this figure, each functionality of each ingredient 

(ranging from 1-22 wt%) is expressed per kg CO2-eq emissions. Isolates supply less 

functionality per kg CO2-eq (GWP) compared to milder refined ingredients. The 

exception is the emulsion separation velocity, in which milder refined ingredients 

with a similar GWP are less stable (higher separation velocity) compared to isolates. 

Geerts et al.8 showed in a similar analysis that mildly refined ingredients also 

contribute more viscosity per unit of exergy efficiency.  

The conclusion is that a selection based on techno-functional ingredients is more 

resource use efficient since the formulation space is increased. As a result, the 

incorporation of milder refined ingredients is facilitated, which are generally – but 

not always – intrinsically more sustainable when considering their techno-functional 

role in foods.  
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Figure 7.7 Functionality expressed per unit global warming potential (kg CO2-eq) as a function 

of each functional property. The ■ indicate mildly refined ingredients and the ● indicate 

conventional highly refined ingredients. 

7.5 Data collection 

The modelling of techno-functional properties in chapters 4, 5, and 6 required the 

collection of a large dataset, which is time and resource intensive. The datasets in 

this thesis were developed incrementally over four years by manual data collection. 

This may be undesired. Ultimately, the data collection could be incorporated into 

product development, where results from trial and error experiments are stored in 

structured databases that are easily accessible. When properly managed with 

experimental designs that take the existing data into account, the accumulation of 

observations will over time lead to sufficient data to model properties. This can be 

done for new, still unmeasured functionalities, but also for the expansion of existing 

datasets, to incorporate for example new processing conditions or to improve the 

accuracies of properties that require more observations. The latter is relevant for the 
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models for foams and emulsions as more observations can lead to higher accuracy, 

as was shown in chapter 6 – mixed crops. In addition, many studies do similar 

analyses on for example viscosity or foaming with similar ingredients of the same 

origin. Standardization of protocols to measure functional properties would allow 

sharing of data on functional properties. This was for example possible in the study 

presented in the introduction, in which many recipes from chocolate cookies were 

extracted from the internet and then modelled using hybrid mechanistic and 

machine learning models.21 Automatic sampling and experimentally searching for an 

optimal formulation could further speed up the data collection, as was performed for 

the viscosity and turbidity of whey protein, using Gaussian processes to move to the 

Pareto front.194 The work in this thesis indicates that an overall model (chapter 6 – 

mixed crops) is important to find the areas of interest prior to experimental 

optimization using automatic sampling. This will avoid long experimental series 

migrating towards the right formulation area, and ending up in local minima, which 

in fact are probable, given the inherent nonlinearity in the system. 

7.6 Formulation validation 

One relevant next step is the validation of the formulations presented in this study. 

Although this was out of scope for the current study, it is important to experimentally 

validate the formulations that were identified as optimal, and thus test whether the 

predictions of the models are reliable. The product formulations must be prepared 

and tested on the techno-functional properties. The models for the individual 

technical properties in this study were created with mixtures of the different 

ingredients and were always tested based on an independent dataset. It is therefore 

expected that the accuracy of the presented formulations does not deviate much from 

the current accuracy.  

7.7 How to improve and extend current models? 

The current approach can be used to pinpoint relevant formulation areas for milder 

refined ingredients, which can replace time-intensive trial and error experiments. 

However, as we have seen in chapter 6 – mixed crops, the test error is in some cases 

substantially higher than the training error. In addition, the behaviour on foaming 

and emulsion is modelled with a random forest algorithm, which results in some 
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cases in artefacts in their behaviour. Therefore, it can be concluded that the 

prediction accuracy of some relationships can still be improved.  

In this work the training and test samples were chosen manually. The accuracy could 

benefit from a standardized approach, using for example a Kennard-Stone algorithm 

to always ensure an equal spread within the composition matrix. This can also be 

applied to an existing dataset to identify new samples to be measured. Besides the 

selection of training and test samples, the used methods can also be improved in 

terms of reproducibility. For example, the measurement of the foam capacity is to 

some degree subjective, as the foam is not completely flat, and thus the foam height 

does not have one definite value. Lastly, in this study the composition was assumed 

sufficient to describe the functional properties. Splitting the proteins according to 

their processing history did not make any significant difference. Besides 

composition, the structure of the ingredients themselves and of other ingredients 

present in the formulation will also influence the final properties. For example, an 

emulsion consists of 10wt% oil, and this oil will definitely influence the viscosity. 

Another example is that the particle size of the flours influences bubble formation 

during foaming.  

A possible lead to further improve the approach would be to create an intermediate 

layer of physical properties that would have a better, more generic relation with the 

ultimate technical functionalities. If functional properties can be described by their 

physical properties such as the water holding capacity or particle size, the 

formulation of products can become more generic as opposed to the conversion to 

composition and back. For example, the water competition between different phases 

that relates to the pasting properties of yellow peas could be quantified using a 

polymer blending law.174 This model provides information that can be implemented 

and combined with the current models to create so-called hybrid models.  

As was mentioned before, the techno-functional properties selected in this study 

work were chosen for a demonstration of the concept. Interactions with other 

ingredients and conditions (e.g., salt or pH, temperature) will have to be included. 

The presented approach will still be appropriate, as machine learning algorithms are 

suitable to model systems with many input variables. Refinement of the models 
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could and should be done by incorporating the effects of other components, such as 

electrolytes. Since these effects are relatively well understood, one could imagine 

here that the models could be combined with mechanistic models to describe these 

effects. With an optimized data collection and/or automated method (e.g., 

incorporation of Kennard Stone sampling), the amount of data collected can be 

minimized. In addition, other functional properties can be added. Of course, there 

are many more techno-functional properties (e.g., colour, degree of shear thinning, 

transparency, etc), but one should also consider including aspects of the sensory 

perception by consumers (e.g., taste and colour), and the bioavailability and 

nutritional functionalities of the foods.  

7.8 A final word  

The effect of a functionality-driven selection of ingredients as opposed to a 

compositional selection on the environmental impact of food formulations was 

assessed. The selection was shown for matching a portfolio of 14 products based on 

the compositions or the techno-functional properties (gelation, viscosity, emulsion 

stability, foaming capacity). These techno-functional properties could be quantified 

using machine learning. The obtained relationships were used to identify the 

formulations space that results in the desired techno-functional properties.   

The impact of the total product portfolio was already reduced by 50% with the use of 

mildly refined ingredients next to conventional isolates when matching ingredients 

to products based on compositions. Matching based on techno-functional properties 

substantially enlarged the formulation space for all products. The global warming 

potential of the total product portfolio with a techno-functional match could be 

reduced by 70% compared to the composition-based selection with only isolates. The 

total water usage was reduced even more. In addition, the milder refined ingredients 

contribute more functionality (e.g., viscosity) per kg CO2-eq in most cases. The 

reduced impact with a selection based on techno-functional properties is attributed 

to the higher intrinsic functionality of mildly refined ingredients intrinsically per 

unit of global warming potential and that with a functionality-driven formulation, 

the space in which these ingredients can be matched to the final products is enlarged. 
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This thesis aimed to assess to what extent the use of a functionality-driven selection 

of ingredients using machine learning may lead to more sustainable food production. 

Indeed, it was found that machine learning is key to translating the composition to 

techno-functional properties. Food product formulations can be created that are 

optimized for resource use and composition. By revealing the whole formulation 

space, local minima are prevented. Yet, the current assessment is only meant as a 

first step and a demonstration of the concept. The formulations at this moment only 

give (so far) limited accuracy. In a next step, the exact formulations can be further 

narrowed down using targeted experiments. 
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Table A 7.2 Environmental impact of each ingredient. The global warming potential in kg CO2-

eq and blue water use are expressed per kg of ingredient. Data is obtained from chapter 3 – 

sustainability.  

 kg CO2-eq/kg Water/kg Yield 

YPI 4.20 0.08 0.22 

YSI 1.01 0.03 0.44 

YFI 0.86 0.03 0.14 

YFF 0.68 0.02 0.23 

YCF 0.68 0.02 0.77 

YPF 0.67 0.02 1.00 

LPI 5.02 0.05 0.27 

LFI 1.46 0.03 0.37 

LF 0.74 0.002 1.00 

LFF 0.75 0.002 0.33 

LCF 0.75 0.002 0.67 
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Food products like vegan yoghurts or ready-to-eat soups require texturizing 

ingredients, such that the yoghurt becomes stiff and the soup becomes thick. These 

texturizing ingredients are commonly produced from crops such as soybeans or peas. 

Certain components like protein or starch that are known to provide this texture to 

the products are separated from these crops. Conventionally, crops are fractionated 

into ingredients of high purity, also called isolates. In this way, they always have the 

same composition and therefore the same functionality in each batch. However, this 

process requires many resources such as water to solubilize the crops but also energy 

to subsequently dry the ingredients again. In addition, harsh processing conditions 

like the addition of chemicals or the application of heat may change the properties of 

the components in the ingredients.  

Alternatively, milder fractionation methods do not refine the crops into pure 

ingredients. For example, peas can be milled into flour and then separated using 

airflow in an air classifier, which separates the particles based on size and density. 

This does result in highly functional ingredients, but with lower purity. An overview 

of milder fractionation methods to produce ingredients rich in among others protein 

and oil is provided in chapter 2 – state of the art. The production of milder 

refined ingredients requires substantially fewer resources, which was quantified for 

a selection of these methods in chapter 3 – sustainability. Even though some 

milder refined ingredients are less pure, it was found that these have a lower 

environmental impact when expressed per kg of protein.  

However, as these milder refined ingredients are less pure, the functionality is 

understood less well compared to pure ingredients. The complex composition 

therefore limits their application in food products. To facilitate their use in food 

products, an approach inspired by the method of process system engineering can be 

applied. This is for example used to blend chemicals into a final product: ingredients 

are blended together to match the composition of food products. Although with this 

approach milder refined ingredients could be matched to final food products, it 

resulted in a substantial amount of ingredients that could not be matched due to the 

normally unwanted components like fibre. Therefore, more raw materials were 

needed and the overall sustainability was suboptimal.  
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This thesis assesses whether milder refined ingredients can be selected based on 

their techno-functional properties instead of their compositions, which would result 

in more sustainable food products. An example is to select an ingredient on its 

capacity to increase the gel stiffness or to increase the thickness of the soup instead 

of the amount of protein and starch present. This was done using a case study in 

which conventional highly refined and milder refined air-classified yellow pea and 

lupine seed ingredients were matched to a product portfolio. As a proof of concept, 

four main techno-functional properties were quantified using machine learning, 

namely the thickening behaviour (pasting and gelling), foaming capacity, and 

emulsion stabilization. 

The concept of a functionality-driven ingredient selection was first illustrated in 

chapter 4 – concept. Here, the thickening capacity of yellow pea ingredients was 

quantified using multiple linear regression with the composition (protein, starch, 

fibre, and the rest) as input variables. With this relationship, the formulation space 

to reach a certain viscosity could be revealed. In this space, ingredients could now be 

selected and optimised for their composition and environmental impact. To extend 

this concept to non-linear techno-functional properties, other machine learning 

models would have to be employed that can model this behaviour. Therefore, in 

chapter 5 – framework, we presented a framework in which machine learning 

models can be selected to quantify gel stiffness while applying expert knowledge. 

This means that the selected model had to give plausible physical predictions without 

artefacts that could complicate the formulation of ingredients.  

Most ingredient formulations consist of ingredients originating from multiple crops. 

Therefore, single machine learning models were created that could predict 

ingredients from both yellow pea and lupine, for all selected techno-functional 

properties in chapter 6 – mixed crops. The models based on individual crops 

were compared to the models based on all data, which yielded in most cases a similar 

prediction accuracy, with sometimes a trade-off of higher errors.  

Finally, in chapter 7 – General Discussion, we discuss the main findings of this 

thesis and compile them into the final application: the selection of yellow pea and 

lupine ingredients based on techno-functional properties for a product portfolio of 
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14 products. The global warming potential of the portfolio with only conventional 

ingredients could be reduced by 50% by also matching milder refined ingredients 

based on composition. However, these formulations should be taken with caution as 

they do not always result in the desired functional properties. A 70% reduction in 

global warming can be achieved by matching these ingredients based on techno-

functional properties. The further reduction is attributed to the larger formulation 

space that is revealed by the functional properties and to the fact that milder refined 

ingredients deliver in most cases more functionality per kg CO2 – equivalents (i.e., 

global warming potential).  

This thesis demonstrates that machine learning has a high potential to describe 

techno-functional properties, to incorporate more complex but more sustainable 

ingredients into food product formulations. Future research should now focus on 

improving and extending the created models to other functional properties and 

processing conditions while the data collection could be made more efficient. 
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