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Abstract

Functional foods are recognised to confer additional health benefits other than 

basic nutrition. These desirable characteristics can be attributed to specific 

bioactive compounds, such as vitamins or polyphenols. While the topic of health 

claims motivates extensive research, there is a notable gap in addressing how 

the carrier functional food will impact the gastrointestinal journey of a substance 

of interest. This consideration is crucial, as suboptimal food designs can lead to 

a compound being degraded or excreted instead of absorbed in a usable form, in 

which case the post-consumption effects are negligible.  

The underlying physicochemical mechanisms occurring during digestion are 

complex. Previous studies provide conceptual knowledge regarding what factors 

impact a compound’s absorption, but there is a need for methodologies that 

translate this understanding into practical decision-support systems.  

In this thesis, a systematic approach for the study of a compound’s absorption as 

a function of its carrier food’s properties is presented, based on systematic and 

empirical screening experiments. The subjects of study were fat-soluble 

compounds, for which it is established that the main limiting step in absorption is 

the release from the food and solubilisation in the digesta (bioaccessibility). In the 

case of vitamin E, high and invariable bioaccessibilities were observed across all 

formulations (~85%), but curcuminoids presented a wide variability of low and 

moderate bioaccessibilities (~12%-~55%) which were investigated further. The 

results indicated that variations in macronutrient concentration, as well as other 

factors, presented strong associations to this variability (p-value < 0.01).  

These insights were used to develop a proof-of-concept mathematical model 

capable of generalization. Its preliminary estimations closely resembled the 

observations (<10% relative error), setting high expectations for future studies.    
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1 Executive summary

This thesis is structured into 4 chapters.  

Chapter 1 - Introduction and literature review introduces the subject and its 

background according to the existing literature and knowledge of the state of the 

art. The chapter delves into the importance of nutrition and the state of functional 

foods in today’s society, the known mechanisms playing a role in food digestion 

and bioactive compound absorption, and statistical methods commonly used to 

find and model explanatory causes of a phenomenon, in this case uniquely 

applied to bioactive compound absorption as a function of food matrix properties. 

A special attention is paid to explaining concepts that will be needed to 

comprehend the following chapters. 

Chapter 2 – Methodology describes all methods and needed materials required 

to carry out the core work presented in this thesis. This includes the protocols for 

food preparation and digestion simulation, assays for characterising food 

properties, and data analysis and mathematical modelling procedures. 

Chapter 3 – Results presents the main results of the thesis. Data presented 

includes the degree of absorption of vitamin E and curcuminoids in different 

custard, biscuit and liquid matrices; properties of said foods before and after 

digestion such as physicochemical properties or macronutrient content and 

digestibility; and exploration and modelling of the numerical differences using 

both classical and probabilistic approaches. 

Chapter 4 – Discussion and conclusions interprets the novelty of this work in 

comparison to our current understanding and provides ideas for future avenues 

of research. The main focus is on the systematic approach to studying bioactive 

compound bioaccessibility that was conceived with curcuminoids, although 

vitamin E’s results have also been discussed.  
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2 Introduction and literature review

Nutrition is pivotal for human health and overall well-being. A balanced diet, 

definition that continuously shifts as our understanding of food continues to 

develop, must fulfil all essential daily intake requirements thus negating the 

appearance of malnutrition issues (Cena & Calder, 2020). To this effect, food 

production plays a crucial role in facilitating the adherence to dietary 

recommendations. 

The last 50 years have seen a shift in the habits of production and consumption 

of nutritious foods worldwide. Food systems that were predominantly rural have 

transitioned into economically-focused industrial engines, led by changes such 

as rising incomes, market liberalization, investment into foreign trade and local 

infrastructure, technological advances, population growth and urbanization, and 

changes in consumer demands (Ambikapathi et al., 2022). As a result, the most 

commercially available foods are usually those that follow the most profitable 

market trends instead of consumers’ need for a healthy diet (White et al., 2020).  

Developed countries have failed to adapt to the lower caloric requirements of 

sedentary lifestyles and lack of exercise resulting in the spread of obesity (Popkin 

et al., 2012), as energy-dense foods products, containing carbohydrates of high 

glycaemic index, sugar, salt and unhealthy fats, are easier to obtain than natural 

and healthy foods, contributing to this “globesity” plight. Poor diet is a major risk 

factor of non-communicable diseases, which account for approximately 63% of 

deaths worldwide, bringing about catastrophic societal and economic 

consequences (Bloom et al., 2011). And yet, this pandemic coexists, regardless 

of the income level of the country, with malnutrition amongst the poorest sectors 

of the population (Wells et al., 2021). 

In the same manner, in spite of the increased abundance of food sources, poor 

dietary choices can lead to a lack of essential nutrients in the diet. Food does not 

only serve the purpose of basic nutrition. A healthy diet that contains an 

appropriate balance in nutritional components is required to avoid non-

communicable diseases and conditions of poor health, such as anaemia (lack of 

iron), scurvy (prevented with vitamin C), to name a few examples (Kiani et al., 

2022). The phenomenon called “hidden hunger”, in which the body lacks 
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micronutrients but does not manifest any clinical symptoms, has received special 

attention in young and the less fortunate groups, as deficiencies in iron, vitamin 

A, vitamin D and zinc are rather common among low- and middle-income 

countries which are reliant on low-cost foods (Bailey et al., 2015; Lowe, 2021; 

Weffort & Lamounier, 2023). There is an abundance of concealed effects that 

occur due to poor or unbalanced diets, which can have detrimental effects in the 

short as well as the long term, such as the increase in probability of suffering a 

variety of diseases such as diabetes, cardiovascular and kidney disorders, and 

neurodegenerative diseases due to the progressive accumulation of advanced 

glycation products (AGEs) (V. P. Reddy et al., 2022). AGEs are the product of 

non-enzymatic reactions between reducing sugars and proteins, lipids or nucleic 

acids (C. Prasad et al., 2019) and are being increasingly considered as an 

informative biomarker of biological health (Carrión-Barberà et al., 2024; de Vos 

et al., 2016). It has been proposed that lifestyle interventions, such as caloric 

restriction, could help minimise AGEs formation and accumulation (Zgutka et al., 

2023). The maintenance of a prolonged homeostasis is a complex endeavour 

that requires temporary as well as long-term adjustments, and nutrition is one of 

the most impactful and adjustable environmental factors individuals can control.    

The public as a whole has yet to act upon the growing body of knowledge which 

indicates optimal dietary choices. A survey carried out among Wuhan residents 

evidenced a total awareness rate of only 20.4% when being asked 32 questions 

about nutritional guidelines and skills (Y. Wu et al., 2022). In Poland, it was 

demonstrated that the majority of the population (over 73%) were unaware that 

dietary risk factors could be partly responsible for diseases such as stroke and 

osteoporosis (Żarnowski et al., 2022). With increasing lifespans, the assurance 

that quality of life will also be extended is questionable. Current evidence shows 

that increasing life expectancy does not correlate with increasing healthy life 

expectancy (years lived without disability) (Brayne, 2007; Brown, 2015; Xie et al., 

2008) which will result in an expanding number of healthcare-dependent persons. 

The advances in healthcare, usually focused more on disease treatment and 

management and less on all-around health promotion, are an indirect cause of 

this phenomenon, but not the only one. It is therefore conceivable that it is the 
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responsibility of the individual to manage their own nutrition throughout their 

lifetime.  

In light of these findings however, it is congruent that due to the global burden of 

diseases associated to poor diets, food policies are being introduced by 

governmental and charitable bodies to minimise their incidence. These are 

usually highly supported by the public if based on providing incentives (i.e. lower 

prices) or information (i.e. package labels), in contrast to setting restrictions 

(Kwon et al., 2019). Therefore, as healthcare systems are unlikely to begin 

prescribing dietary choices due to poor public acceptance, the feasible option is 

that the food producer presents pertinent information on its products’ label and 

healthier foods receive economic governmental benefits. The public health issue 

becomes a strategic opportunity for development and innovation in the food 

industry; a favourable light is shed on foods with added value other than those 

that are simply consumed for macronutrient intake. The most productive efforts 

in this domain are usually consistent of partnerships between the public and 

private sectors (Olson et al., 2021); the endorsement of novel food products by 

public agencies enhances their consumer appeal, and in turn popular products 

can ensure the enforcement of the food policies is more widespread (Figure 1). 

Figure 1. Factors influencing the popularity of functional food products, 

dependent on scientific evidence-based support. 

Setting aside economic motivations to continue addressing hidden hunger 

issues, one of the main strategies that tackle malnutrition is supplementation with 

capsules or secondary foodstuffs (such as biscuits) (Mannar, 2006). This method 
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is a quick and effective way to combat a deficiency in a specific micronutrient in 

a defined population, provided that the access to food supplements is ensured 

and that compliance by the population is controlled (Faber et al., 2014; Young et 

al., 2010). An alternative strategy is to enrich staple foods (food fortification). The 

latter strategy has the benefit of being able to provide nutrients to large segments 

of the population without requiring radical changes in food consumption habits. 

The effects can be visible quickly since the consumer is passive in this approach, 

provided that the products enriched are consumed by the target population in 

adequate quantities without detrimental overconsumption (Dwyer et al., 2015). 

Together with biofortification, which is the process of improving nutrient density 

in harvested crops (Bouis et al., 2011), and changes in dietary habits via 

education, these four enrichment strategies have been crucial for the United 

Nations’ (UN) goals of sustainable development for the poorest people 

worldwide; more specifically the development goal 2 of the Decade for Action on 

Nutrition programme, spanning 2016-2025 (Atukunda et al., 2021; Lowe, 2021; 

United Nations, 2015). Hidden hunger is an issue that takes the centre stage in 

this project, as it is estimated to affect over 2 billion people worldwide and must 

be tackled in order to achieve zero hunger by 2030. To complete these objectives, 

a coordinated approach combining all the previously mentioned food enrichment 

strategies must be harnessed to achieve these goals. 

Nevertheless, in countries in which the access to quality food is less of an issue, 

the market for enriched foods is also growing. Market research (N. M. de 

Carvalho et al., 2023; Precedence Research, 2023; Straits Research, 2024) 

indicates that the functional food market size was valued at $298-$305bn, with 

prospects of reaching $336bn in 2023 and predicted to almost double in size in 

ten years’ time; to $526-597bn in 2031. 

Despite the responsibility entrusted to these fortified products, the real 

effectiveness of the added components remains to be proven. One of the main 

challenges facing the development of fortified foods relies on the fact that the 

presence of bioactive compounds within the ingredients does not guarantee their 

presence in the finished product will retain the nutritional value after processing, 

or its intended biological activity after consumption; potentially invalidating any 
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health benefit claims. There is consensus in the scientific community that the 

assimilation rates of a bioactive compound can vary significantly from one food 

product to another due to the variability of chemical interactions that can occur 

within the food and the changes during food processing, as well as during 

digestion and intestinal uptake mechanisms. However, the manner in which the 

underlying biochemical processes that occur during digestion are affected by the 

food’s characteristics, which in turn impact nutrient absorption, is not yet fully 

understood (Bjelakovic et al., 2015; Debelo et al., 2020; DeBenedictis et al., 2023; 

Hiolle et al., 2020; Kamiloglu et al., 2021; I. F. McClements & McClements, 2023; 

Mishra et al., 2024; Turgeon & Brisson, 2020). In many cases, there is a lack of 

knowledge that precludes the recommendation of effective food production 

pipelines that purposefully optimise nutrient absorption. This gap can be 

addressed by systematically studying the impact of food characteristics (among 

other factors such as the co-ingestion of other foodstuffs) on nutrient absorption 

(Figure 2).  

Figure 2. Graphical summary of the question addressed in this thesis and 

approach to resolve it. 
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Empirical testing of a large number of samples and conditions, as Figure 2 

illustrates, necessitates the use of rapid screening methods to efficiently carry out 

the process of discovery. In addition, decision-support systems which are 

capable of filling in gaps trained on acquired empirical data, such as those 

afforded by the field of artificial intelligence (AI), can assist in this process.  

This project aims to explore the impact of food characteristics on nutrient 

bioaccessibility in enriched food products, making use of techniques such as 

rapid screening methods and AI algorithms. One of the main goals of this project 

is to provide biological and chemical understanding of the factors affecting the 

bioaccessibility of nutrients of interest in food products, depending on the 

bioactive chemical structure, the biochemical composition, and the preparation 

process of the food product. Moreover, the experimental data generated will be 

used to develop a decision-support system consisting of predictive mathematical 

models that optimise the formulation process and enhance the nutrient 

bioaccessibility for a given food product. This goal will be achieved through the 

application of machine learning (ML) and artificial intelligence (AI) coupled with 

extensive series of studies of compound bioaccessibility using simulated 

digestions.  

Unlike previous studies which mainly focused on a binary relationship between a 

single phytochemical and its corresponding particular food matrix, in this project 

a systematic approach is followed which considers the emergent properties of all 

the associated components forming the food matrix, rather than their individual 

structure, in order to obtain an accurate prediction of bioaccessibility for each 

bioactive present.  

The result is a proof-of-concept study that will indicate whether absorption of a 

food component can be reasonably inferred according to the properties of the 

food that carries it. Thus, the posterior analysis and developed decision support 

system would provide knowledge about the specific case study used to prove the 

concept, which could be useful to future iterations. But more importantly, food 

matrix effects in general are not well understood, and any advance should garner 

the attention of any stakeholders (government, academia, industry) interested in 

designing, optimising, and/or validating the nutritional quality of foods.   
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2.1 The food matrix 

The complex assembly and physiochemical interactions that occur between the 

nutrients and non-nutrients present in a food constitute its food matrix. It is a term 

used to denote that compounds behave differently in isolation than when forming 

part of foodstuffs (Aguilera, 2019). The macro- and micro- nutrients that appear 

on nutrition labels form complex microstructures that are responsible, more so 

than the food’s chemical composition, of certain properties of the food such as its 

texture (Lillford, 2011). The importance of the food matrix when discussing 

nutrition, compared to that of only considering the nutrients the food contains, can 

be put into perspective thanks to Novotny, Gebauer and Baer’s study on almonds 

(Novotny, Gebauer, et al., 2012). In said study, the researchers discovered that 

the theoretical energy content of almonds, as determined by Atwater factors, was 

overestimated by 32% versus the empirically observed energy. This suggests 

that the food matrix interactions have a significant effect on every aspect of the 

digestive process. This also raises significant concerns over the reliability of 

current practices in food labelling.  

Food matrix and microstructure are therefore an intertwined and critical 

consideration in nutrition. And yet, the characteristics of these microstructures 

are within the realm of control of the food manipulator; they can be modified in 

response to macroscopic changes in the food, which can be desirable when 

seeking to improve sensory or functional qualities of the meal (Mishra et al., 

Highlights 

 Functional foods containing bioactive compounds are fundamental for 

fulfilling nutritional requirements. 

 Presence of bioactive compound in food does not equate to presence in 

body tissue. 

 Systematic approaches required to develop an understanding of the factors 

involved in absorption. 
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2024). For example, different cooking methods of potatoes affect their nutritional 

impact, as the food matrix as a whole suffers physiochemical alterations that alter 

the state of the nutrients they contain. Boiled potatoes are leached of water-

soluble nutrients but induce higher satiety than fried potatoes, whose starch is 

converted into resistant starch that is harder to digest and absorb; this results in 

a low early glycaemic response and satiation of fried versus boiled or mashed 

potatoes (Leeman et al., 2008; Robertson et al., 2018). The lycopene content of 

tomatoes is most highly retained after short microwave or oven treatments; if 

frying or longer periods of high-temperature baking, over double the lycopene 

content can be lost (Mayeaux et al., 2006). By finely grinding almonds, plant cell 

walls are broken, releasing the lipids they contain and increasing the chance that 

they are fully absorbed (Berry et al., 2008). 

The manner in which the composition of the food affects the food matrix can also 

impact nutritional quality, as the food matrix components can potentially interact 

in a manner that difficult the release of nutrients. For example, increasing 

amounts of dietary fibres, which cannot be digested by humans, can have 

interfering effects with the digestion of other compounds. They were found in 

several independent studies to negatively impact absorption of protein and fat 

resulting in a loss of metabolizable energy (Baer et al., 1997; Miles, 1992).  

All the previous examples point to the need of empirical assessments of 

nutritional quality in foods that are intended for human consumption. Just 

because a food presents a nutritional component of interest does not mean it will 

be truly available to the body after being consumed. This consideration is 

exacerbated when developing products that carry compounds with additional 

value, such as functional foods. 

Highlights 

 Food matrix is more than the sum of its components. 

 These complex interactions require addressing. 
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2.2 Functional foods 

This term is typically used to define foods that have been specifically formulated 

and proven to provide additional health benefits aside from basic nutrition (i.e., 

antioxidants, vitamins, beneficial microorganism activity) (Temple, 2022). This is 

because being able to effectively prove a food’s health claims is the main criteria 

by which food regulation agencies allow producers to label their products as 

functional foods (Ovesen, 1997). As an example of this definition put into practice 

in the European Union, Regulation [EC] 1924/2006 was adopted in 2006 on the 

use of nutrition and health claims for foods (European Parliament & Council, 

2006). Ninety-five percent of health claims of functional foods pertain to health 

claims other than those referring to the reduction of disease risk and to children's 

development and health (article 13 of 1924/2006 regulation), thereby referring to 

health claims of interest for the majority of the population. The approval rate is 

only around 10%, based on the grounds that the evidence for said claims is 

insufficient; a low success rate which is startling given the fact the requirements 

for approval are not particularly strict: there is no need to adhere to peer-reviewed 

journal publishing or minimum clinical trial sample sizes (Duttaroy, 2019).  

However, recommendations for steps to take to obtain approval exist and typically 

include the previously mentioned (Martirosyan et al., 2022). The current state of 

affairs surrounding functional foods therefore demands they can unequivocally 

demonstrate efficacy in promoting human health.  

2.2.1 Categories and examples 

Functional foods can be categorized according to different criteria based on how 

they are prepared, what type of functional or beneficial components they 

incorporate, and what degree of evidence backs any associated health claims. 

Based on the first two previous criteria (Damián et al., 2022; N. M. de Carvalho 

et al., 2023), they can be classified as follows in the next page.  
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Examples of studies on functional foods and their classification according to these 

criteria are compiled in Table 1.  

Table 1. Examples of peer-reviewed functional food studies. 

Functional food
Functional 
component Preparation Function Reference 

Fermented whey 

protein 

Lactobacillus and 

whey protein 
Processed 

Prebiotic, 

probiotic 

(P. Sharma et 

al., 2017) 

Pumpkin and by-

products 

Carotenoids, lutein, 

zeaxanthin, vit. E, 

ascorbic acid, etc. 

Conventional, 

ingredient 

Nutraceutical, 

prebiotic 

(Aziz et al., 

2023) 

Curcuminoid-

enriched oat fibre-

corn based snack 

Curcuminoids and 

oat fibre 
Processed 

Nutraceutical, 

prebiotic 

(Sayanjali et al., 

2019) 

Porridge enriched 

with rice bran and 

nutraceutical 

compounds 

Vit. E, γ-oryzanol, 

ferulic acid and rice 

bran 

Processed 
Nutraceutical, 

prebiotic 

(Calvo-Castro et 

al., 2019) 

Conventional food products 

Processed foodstuffs 

Ingredients 

Inherent health benefits (other than basic nutrition). 

Enriched with functional components 

that display health benefits. 

The functional components themselves.  

Nutraceuticals 

Probiotics 

Prebiotics 

Umbrella term for supplements and 

additives. 

Live microorganisms. 

Promote probiotic activity.  

Figure 3. Classification of functional foods and their components 
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Medical drink 

including 

phosphatide 

precursors and 

cofactors 

Uridine, omega-3 

poly-unsaturated 

fatty acids and 

choline 

Processed Nutraceutical 
(Scheltens et al., 

2010) 

Iron supplementation Iron Ingredient Nutraceutical 
(R. Li et al., 

1994) 

Ground beef 

enriched with 

soybean phytosterols 

Phytosterols Processed Nutraceutical 
(Matvienko et 

al., 2002) 

Bread and biscuits 

supplemented with 

leaf powder extract 

Phenolic-rich extract Processed Nutraceutical 
(Ferreira et al., 

2023) 

Immature wheat 

grain biscuits 

Fructo-

oligosaccharides 
Processed Prebiotic 

(Casiraghi et al., 

2011) 

Custard pudding gels 

with high antioxidant 

activity 

D-psicose and 

antioxidant 

compounds 

Processed Nutraceutical 
(Sun et al., 

2006) 

Activia® yoghurt

Bifidobacterium 

animalis and 

fructoligosaccharides

Processed 
Probiotic, 

prebiotic 

(De Paula et al., 

2008) 

Inulin 

supplementation 
Inulin  Ingredient Prebiotic 

(Amadieu et al., 

2022) 

Recently, the Functional Food Center (FFC), a world-leading institution in 

functional food development that provides guidelines for their development and 

market-launch, proposed a new categorization according to the quality of the 

evidence backing their health claims. In this classification (Martirosyan et al., 

2022), functional food products are evaluated not only on whether the product 

was certified as functional, but also if epidemiological studies and aftermarket 

research support the claims, which would provide an additional layer of evidence-

based proof for products that reach the marketing stage. 
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2.2.2 Ingredients: phytochemicals and dietary fibres 

Phytochemicals are bioactive molecules generally perceived as healthy and 

natural by the public, as they are produced organically by plants for their own 

protection. They are usually classified as nutraceuticals, although from a 

biochemical point of view many different classes of phytochemicals exist. These 

include carotenoids, phenolic compounds (flavonoids, isoflavonoids, lignin), 

phenolic acid, phytosterols and phytostanols, tocotrienols, organosulfur 

compounds, and nondigestible carbohydrates (dietary fibres) (Steinmetz & 

Potter, 1991). Their consumption has been linked to a potential reduced risk of 

chronic diseases such as cancer and heart disease, offering various health 

benefits including anti-inflammatory, antioxidants, antibacterial, antifungal, 

chemopreventive, antiaging, and osteoporosis effects (Agrawal et al., 2023; 

Liskova et al., 2020). It has been also shown that phytochemicals interact with 

each other; for example the polyphenol curcumin (elaborated upon in section 

2.6.4) has an affinity for certain types of fibres, such as sugar beet pectin, a 

soluble prebiotic fibre, which can improve the shelf life of curcumin within the food 

matrix (Zagury et al., 2021). Animal and human studies show that curcumin’s 

impregnation into a soluble fibre isolated from the fenugreek spice, or its 

complexation with cellulosic derivates, enhanced its bioavailability (Hegde et al., 

2023; Krishnakumar et al., 2012).  

Dietary fibres such as those previously mentioned usually fall into the prebiotic 

category, as they promote the growth of gut microflora. There is currently great 

public interest in consuming dietary fibre due to several health benefits it is 

associated with, such as increased overall metabolic health, lower risks of 

cardiovascular disease, colonic health and gut motility issues, colorectal 

carcinomas; an overall negative correlation to mortality; and the capacity to 

decrease the overall glycaemic index of digested food, therefore decreasing 

insulin resistance of subjects (Anderson et al., 2009; Barber et al., 2020).  

Recently, the increase in accessibility of metagenomic and metabolomic 

platforms has significantly improved the study of probiotics and the understanding 

of their effects on human health (Kwoji et al., 2023). Nonetheless, the study of the 

impact that a set of microorganisms and the compounds they produce has on 

human health is more complex than studying the impact of the compounds 
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independently (i.e., host-microbe interactions, microbial community dynamics). 

Nutraceuticals and prebiotics are therefore the main focus of this research 

project.  

To summarise, the combination of phytochemicals and fibre supplements 

enables the production of a wide range of fibre-fortified foods, which fulfil 

consumer demands whilst delivering high quality nutrition. 

2.2.3 Marketing 

As already mentioned in the introduction to the chapter, market research 

indicates that in 2022 the functional food market size was valued at $298-$305bn, 

with prospects of reaching $336bn in 2023 and predicted to almost double in size 

in ten years’ time; to $597bn in 2032. Dairy products hold the largest market share 

of all functional foods (39% revenue share in 2022), with a significant proportion 

of them falling under the probiotics category (N. M. de Carvalho et al., 2023; 

Precedence Research, 2023). European and Chinese consumers were shown to 

be willing to pay 30-50% extra for functional foods (Menrad, 2003; Mirosa & 

Mangan-Walker, 2018) (China’s traditional nutritional medicine culture is very 

prevalent) compared to foods without said health claims. However, others have 

proposed that, after the COVID-19 pandemic in which supplement sales spiked 

by around 50% worldwide in March 2020, because said supplements were 

thought to be prophylactic against the disease, that the demand will slowly return 

to pre-pandemic levels (Hamulka et al., 2020; Lordan, 2021). In any case, 

nutraceuticals are at the centre of the current and foreseeable demand, with food 

additives such as dietary fibres, carotenoids, minerals, fatty acids, and vitamins 

attracting the most attention (Grand View Research, 2023).  

This increase in demand is motivated by the popularisation of nutrition as a 

means for achieving wellbeing, which is further promoted by healthcare 

professionals’ usual inclusion of functional foods as part of numerous support 

therapies (Puri et al., 2022). Seeking the optimisation of food and beverage 

products to fulfil these demands is viewed as a crucial requirement for the 

industry, and there is significant investment in research and development to make 

this happen. However, having a patent on a potential food product is not 

sufficient, as evidenced by the worldwide state of technological development of 
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functional food chocolates, which is mostly still at the level of patents (Balcázar-

Zumaeta et al., 2023). Industry has a recognised need for academic-level 

research into the true potential (impact on health) of the functional foods. 

In the design and production of foods fortified with nutraceuticals or prebiotics, 

gauging consumer acceptance is critical for their widespread acceptance. In 

2022, Baker et al. addressed this subject in detail by reviewing 75 studies 

conducted around the globe that empirically investigated the matter and found 

that the determinants for consumer acceptance encompassed product 

characteristics, socio-demographic factors, and consumers’ psychological, 

behavioural, and physical characteristics (Baker et al., 2022). It must be noted 

that most of these studies are survey-based, which can suffer from inherent 

subjective biases (Andrade, 2020), and they were conducted in different 

geographical zones, making it challenging to draw conclusive insights across the 

board. One observation was that foods that were designed with carriers perceived 

as healthier (or inherently wholesome) were preferred (fibre-enriched cereals 

preferred over calcium-fortified juice) (Verbeke et al., 2009), and that the manner 

in which the functional components were manufactured or inserted also bore 

weight in the consumer’s choice, with preference for carriers in which natural 

enrichment was perceived to occur, such as milk over sausage or pate as a 

carrier of vitamin D (Jahn et al., 2019).  

In spite of the health benefits being the identifying characteristic of a functional 

food, many consumers chose them simply because they preferred their taste and 

were unwilling to compromise, therefore it cannot be assumed that consumers 

will accept functional foods that are not tasty (Verbeke, 2006). Nutrition and 

health claims increased purchase intention compared to those with reduction of 

disease risk claims, and physiological-based claims were preferred over 

psychological-based claims, according to surveys (Siegrist et al., 2008; van Kleef 

et al., 2005). Social pressure from peers to consume functional foods to care for 

one’s health and wellbeing should not be understated, as it was found to be a 

strong predictor of consumers’ purchase intent in a Norwegian study (Nystrand & 

Olsen, 2020). The subjective perception of the consumer towards the ease of 

purchasing and consuming these foods plays an important part in the tendency 

to accept them as well (Xin & Seo, 2020).  
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Other factors that increased the likelihood of acceptance included (Baker et al., 

2022; Topolska et al., 2021): 

 Familiarity with the food type and/or brand. 

 General education and/or knowledge of functional foods, although 

providing information portraying scientific uncertainty could reduce this 

willingness, and using common names elicited better perceptions than 

scientific names. 

 Old age or poor subjective health. 

 Being female, possibly due to the role they conventionally play within the 

family unit. 

 Higher income households. 

 Households with young children or teenagers.  

Increasing consumer trust in functional foods depends on the perception that the 

benefits outweigh their risks, which requires trust in food science, food industry, 

food safety control systems and the advertising strategy. Food neophobia, or 

scepticism to novel foods, has been demonstrated to exist and should not be 

ignored; product design and development must include the perception of the food 

as an important factor in the process (Tuorila & Hartmann, 2020).  

Therefore, increasing the consumption of functional foods depends not only on 

satisfying regulation demands, but also on nurturing the trust of the consumers 

and proving the rewards that functional food promises are relevant and backed 

by strong scientific evidence, worth the price, and with minimal/non-existent 

negative effects. One of the main challenges facing the development of functional 

foods relies on the fact that the presence of functional components in the 

ingredients does not guarantee their presence in the finished product will retain 

the nutritional value after processing, or its intended biological activity after 

consumption; potentially invalidating any health benefit claims; a compound must 

be available to the body so that it can exert any beneficial effect (Debelo et al., 

2020; Kamiloglu et al., 2021; Mishra et al., 2024; Parada & Aguilera, 2007). 

Assimilation rates of the same bioactive compound can vary significantly from 

one food product to another due to the variability of chemical interactions that can 

occur within a food matrix and the changes during food processing, as well as 
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during digestion and intestinal uptake mechanisms. Therefore, to verify a 

functional food’s practical usefulness and not betray consumer trust, nutritional 

quality must be exhaustively investigated through rigorous scientific studies that 

encompass a diverse range of food formulations and processing techniques. 

Only by meticulously examining how these factors influence the efficiency of 

absorption and potential health benefits of the bioactive compounds can we 

ensure accurate labelling and provide consumers with reliable information about 

the functional foods they are consuming. The following section will provide an 

overview of the human digestive system and how the knowledge we currently 

have can shape the study of compound absorption. 

2.3 Human digestion 
In this section the complex process that produces the catabolism of nutrients will 

be described. The food’s macro- as well as micro- nutrients must be released 

from the food matrix in order to be absorbed by the body and used as either 

building blocks or metabolizable energy for the cells to grow, replicate, and 

maintain homeostasis. This process is known as digestion. 

Highlights 

 Functional foods can be classified into; 1— preparation type: processed, 

natural or ingredients; and 2— functional nature: nutraceutical, prebiotic or 

probiotic. 

 There is great consumer interest in functional foods incorporating 

phytochemicals and dietary fibres. 

 Consumer trust is essential for acceptance of functional foods. 

 Empirical research into the validity of their health claims is a recognised 

necessity by all parties involved. 
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Figure 4. Organs of the gastrointestinal tract. [Obtained from Verhoeckx et al., 

2015] 

2.3.1 Oral cavity 

This is the first stage of the digestion process, where food is masticated and 

broken down into smaller pieces, mixed with saliva, and later sent to the 

oesophagus. Many factors influence the formation of the oral bolus in this phase, 

ranging from the individual’s intrinsic properties such their eating ability and their 

age or gender (Ketel et al., 2019), to the physical state of the ingested food 

(Hwang et al., 2012).  

Food enters the mouth, where mastication grinds it down into smaller pieces and 

mixes it with saliva, lubricating, softening, and aggregating the food particles so 

they are exposed to enzymatic breakdown (Palmer et al., 1992). This is 

necessary so that the oral bolus is safe and easier to swallow. This mechanical 

process involves the teeth, masticatory muscles, temporomandibular joint and 

tongue compression against the palate, with saliva serving as solvent. The higher 
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the number of masticatory cycles, the higher the effective surface area of the 

swallowed bolus (increased accessibility of enzymes) (Cassady et al., 2009; 

Hollis, 2018). Whole mouth saliva consists of saliva secreted predominantly 

(90%) by three paired major glands; the parotid, submandibular and sublingual 

glands, assisted by 600 to 1000 other minor glands (Pedersen et al., 2018). Daily 

production and usage of saliva is around 0.6 L (Watanabe & Dawes, 1988), 

although this secretion can vary according to many factors such as the hardness, 

moisture and size of the food and the time it takes to chew and swallow it.  

Saliva consists of approximately 99% water; however, it contains critical amounts 

of chemical substances such as sodium, potassium, calcium and bicarbonate 

which help maintaining a 6-7.5 pH in the mouth and to remineralize the teeth, 

mucin for lubrication and microbial protection (other example defensive proteins 

are lysozyme and lactoferrin), epidermal growth factor helps with soft tissue 

healing and protection, and most importantly, enzymes such as amylase and 

lingual lipase (Iorgulescu, 2009). However, it is still unclear whether lingual lipase 

exists in humans, as it was only demonstrated to be present and active in rodent 

tongues), whose gene is ortholog to the gene of gastric lipase in humans and 

other species (Bodmer et al., 1987; Docherty et al., 1985; Salhi et al., 2021). A 

possible explanation for detectable lipolytic activity in the mouth (as was detected 

in 45% of a 42-person study carried out and proposed by Lai et al.) could be 

microbial sources or gastric reflux rather than lingual human lipase, albeit the 

detected activity levels were only meaningful for sensory taste purposes rather 

than fat digestion (Lai et al., 2019).  

On the other hand, human salivary α-amylase is accountable for around 30% of 

total starch hydrolysis, present in a proportion of 40-50% of total protein content 

in human saliva (Grand et al., 2004; Mandel et al., 2010; Noble, 2000). Salivary 

amylase cleaves starch molecules down into maltose, which is cleaved into 

glucose by maltase enzymes predominantly in the small intestine (Nichols et al., 

2018). Salivary amylase is encoded by the gene AMY1 (Rukh et al., 2017), and 

genetic variation (copy number variations, or CNVs) in this gene can predict an 

individual’s amount and activity of salivary amylase which results in altered 

carbohydrate taste perceptions (Mandel et al., 2010). People with low genetic 
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capacity for starch digestion can present low BMIs due to lesser calorie 

extraction, regardless of high carbohydrate intake (Rukh et al., 2017).  

To summarise, amylase activity and mechanical breakdown are the predominant 

mechanisms occurring in the short oral phase, which can last from a few seconds 

to several minutes, in which food sensory properties can change rapidly as the 

mastication and mixing with the saliva takes effect and ends when the pharynx 

sends the bolus further down the digestive tract. 

2.3.2 Stomach 

After oral processing, the oral bolus travels through the 25 cm in length of the 

oesophagus down to the stomach, taking approximately 8 to 10 seconds. The 

main process occurring in this region of the tract is mechanical in nature and is 

the most prevalent of its kind throughout the digestive process although it is 

especially relevant in this organ: peristalsis. This term refers to the wave-like 

involuntary muscle movement that moves the food through the tract, except in 

the mouth in which mastication occurs instead (Buettner et al., 2001; Sensoy, 

2021). In the oesophagus, a primary peristaltic wave is triggered by swallowing, 

followed by a secondary wave should the first one be insufficient as an adaptive 

reflex response to oesophageal distention (Gupta et al., 2009). The bolus enters 

the stomach in synchronization with the relaxation of the upper and lower 

oesophageal sphincters, composed of both skeletal muscles (upper) and smooth 

(lower) muscles (Mittal, 2011). 

The stomach can be considered as a vessel for storing, mixing and sieving the 

partially processed food in preparation for its controlled release to the intestine, 

as peristalsis and stomach contractions slowly move the newly formed chyme 

(fluidized mixture containing particles smaller than 2 mm in size) across and 

towards the pylorus sphincter in small amounts and at regular intervals of 2-3 

cycles per minute (Mackie et al., 2020).  

The previously mentioned mechanical processes play an important role in this 

organ, which can be split into fundus, body (corpus), and antrum (Figure 5).  



39 

Figure 5. Structure of human stomach (left) and gastric wall (right) [courtesy of 

Encyclopaedia Britannica, Inc., copyright 2010] 

The fundus receives the food and swallowed air and stores them until space is 

made available for digestion in the lower sections, especially around the pyloric 

sphincter where mixing is vigorous and allows the passing of soluble fractions to 

the duodenum. Indigestible fractions must wait 120 min for migrating peristaltic 

waves to transport them to the intestine (Brandstaeter et al., 2019). The stomach 

walls are composed of several layers of muscle which allow it to expand to up to 

4 L in volume, from an original volume of 25-50 mL (Sensoy, 2021). The gastric 

mucosa contains the glands which will secrete digestive enzymes and dissolution 

substances whilst controlling pH change through mechanisms such as gastrin 

release (Brandstaeter et al., 2019; Walsh et al., 1975). The mucosa can secrete 

around 1.5 L of gastric juice per day, containing water, hydrochloric acid, 

electrolytes (such as bicarbonate), mucus, enzymes (lipase and pepsin), 

hormones (such as gastrin) and the intrinsic factor (necessary for absorption of 

vitamin B12 in the ileum) (Al-Awami et al., 2023; Camilleri & Vazquez Roque, 

2014). 

The stomach is notably acid in comparison to other regions of the digestive 

system, and bicarbonate is needed to keep a protective pH gradient in the mucus 

layer adjacent to the stomach and duodenum walls (Allen & Flemström, 2005). 

Most of the existing literature on the subject agree that pH of the fasted state is 

typically around 2 and that of the fed state around 4.5, prior to returning to the 
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fasted state (Brodkorb et al., 2019; Mudie et al., 2010); there is significant 

variability depending on the subject of study and experiment (F. Schneider et al., 

2016). Although this pH appears unfavourable for microbial activity, certain 

populations, such as Campylobacter pyloridis and Helicobacter pylori, are 

capable of surviving. However, their primary significance lies in their role in 

causing diseases rather than contributing to digestion. More research is 

necessary to comprehend the role of gastric microbiome on digestion (Nardone 

et al., 2017; Steinbach et al., 2024). 

Clarifying what is the stomach pH under a particular set of conditions is important 

to understand how digestive enzymes activity is affected and to consider potential 

chemical transformations of the food due to the acidic environment. As was 

mentioned earlier, pepsin and gastric lipase are the main digestive enzymes 

secreted in the stomach. Gastric lipase’s catalytic activity has a pH optimum in 

the range of 4-6 (Armand et al., 1996) whilst pepsin has it at pH 1.5-2 and can 

adopt a catalytically inactive conformation between pH 4 to 6.5 (Campos & 

Sancho, 2003). Pepsin is an endopeptidase secreted by the stomach as 

pepsinogen, an inactive precursor to protect the secretory glands from its 

digesting action, which suffers an autocatalytic conversion by cleaving itself by a 

conformation change due to the acidic pH (1.5 to 2, same as its pH optimum). It 

is responsible for approximately 15% of protein digestion only (Heda et al., 2023; 

Smith & Morton, 2010). Gastric lipase is responsible for between 10 to 30% of 

triglyceride digestion, with the remainder occurring in in the lower gastrointestinal 

tract (Martin & Freedman, 2019).

Gastric emptying is a key parameter in digestion studies because it directly 

influences the kinetics of nutrient absorption. The normal range for gastric 

emptying transit time is 2 to 5 hours, however it can vary from as little as 15 

minutes (fasted state) to 16 hours depending on the properties and amount of 

food ingested (Y. Y. Lee et al., 2014; F. Schneider et al., 2016). For characterising 

gastric emptying rate, two parameters are frequently used; latency time or time 

of fastest gastric emptying (Tlag) and half gastric emptying time (T1/2) (Hellmig et 

al., 2006), although by scintigraphy the whole curve can also be computed (Abell 

et al., 2008; Banks et al., 2023; Navas et al., 2021). These measurements are 

particularly important in gastroparesis, a heterogeneous disorder in which gastric 
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emptying is delayed. Gastric emptying studies are standardised across patients 

and experiments by requiring the consumption of a standardised liquid egg-

whites meal, after which a normal gastric emptying rate corresponds to less than 

60% of the meal being retained after 2 hours since consumption; less than 30% 

after 3 hours, and less than 10% after 4 hours. Greater retentions than those 

described indicate delayed gastric emptying, although rapid gastric emptying can 

also be inferred from individuals in which after 30 min less than 70% of the meal 

is retained, or less than 30% after just one hour (Abell et al., 2008). 

When the acidic chyme leaves the stomach into the intestine it first enters the 

duodenum, and to avoid gastric secretions from entering the intestine the 

hormone secretin provides a negative feedback to gastrin action by inducing the 

pancreas to secrete bicarbonate-rich fluid into the intestine (Llanos et al., 1977; 

Walton, 2009).

2.3.3 Small intestine 

Most of the food digestion takes place in the small intestine, which is divided into 

duodenum, ileum, and jejunum (Figure 6). After leaving the stomach, the chyme 

enters the duodenum where it is mixed with bile and pancreatic enzymes 

(amylase, protease and lipase capacities) at a neutral pH. It continues through 

the jejunum and ileum where the partially digested food is further hydrolysed and 

absorbed (95% of absorption takes place in the small bowel) (Fish et al., 2024; 

Mackie et al., 2020). 

In the duodenum pancreatic enzymes, bile produced by the liver and stored in 

the gallbladder, and other secretions increase the chyme volume and will 

effectively breakdown nutrients into absorbable forms. Secretions in the ileum 

and jejunum are minimum. Bile acts as an emulsifier to facilitate lipid digestion, 

and is composed of bile salts, phospholipids, cholesterol, electrolytes, bilirubin 

and water. After its use, 95% of it is reabsorbed in the distal ileum (Mackie et al., 

2020; Sensoy, 2021).  

Peristalsis again occurs in the small intestine to keep propelling the chyme, at a 

rate of 2–25 cm s−1, throughout the 6-7 m long tube, and segmentation 

contractions aid mixing and squeeze the chyme with the intestinal walls so 

nutrient absorption is maximised (Bornhorst & Paul Singh, 2014). The transit time 
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of food in the intestine does not depend as much on the fasted state as it did in 

the stomach (4.5 h on average) (F. Schneider et al., 2016).  

Figure 6. Detailed representation of the small intestine, from lower gastrointestinal 

tract to villus structure. [courtesy of Encyclopaedia Britannica, Inc., copyright 

2014] 

Even though the small intestine is only 3-4 cm in diameter, its internal folds result 

in an absorptive surface area of around 4500 square meters (Hightower et al., 

2023). The brush border’s microvilli (Figure 6) secrete the enzymes that break 

down the food into the final components capable of being absorbed by the 

intestine (such as disaccharides into monosaccharides and peptides into amino 

acids), which are later transported into the bloodstream (Patricia & Dhamoon, 

2023). 

Pancreatic amylase, similar to salivary amylase, breaks down starch into 

disaccharides, but cannot break down lactose. The brush border’s microvilli 

secrete  sucrase, maltase and lactase to facilitate the final breakdown into 

monosaccharides, of which the SGLT1 transporter carries glucose and galactose 

into the intestine. Fructose is carried by the GLUT family of transporters (Burant 

et al., 1992; Sensoy, 2021).  

Pancreatic proteases and peptidases (trypsin, chymotrypsin, carboxypeptidase, 

and elastase instead of pepsin) are assisted by brush border peptidases (also 

secreted in their non-active forms as in the stomach) to break down the proteins 

and peptides, the latter of which are very efficiently absorbed by the peptide 
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transporter 1 (PEPT1), although 90% of absorbed dietary proteins are 

represented in circulation by amino acids, which are absorbed by a myriad of 

transporter-based systems. It has been observed that PEPT1 is also expressed 

in the colon in order to compensate for conditions such as inflammatory bowel 

disease and short bowel syndrome (Kiela & Ghishan, 2016; Patricia & Dhamoon, 

2023). Similarly, recent evidence indicates that phenotypes such obesity and type 

2 diabetes can be linked to the upper gastrointestinal tract microbiome, especially 

that of the jejunum.  However, this area of research requires further study 

(Steinbach et al., 2024).  

The action of gastric and pancreatic lipases results in the generation of a variety 

of lipid compounds from the predominant triglycerides. Medium fatty acids can be 

directly absorbed by the enterocytes without hydrolysis, cholesterol is mainly 

absorbed by the NPC1L1 transporter, and longer chains and monoglycerides are 

absorbed as micelles formed with bile salts which can include fat-soluble 

compounds as well as other phospholipids and cholesterol too (Kiela & Ghishan, 

2016; Patricia & Dhamoon, 2023). 

2.3.4 Large intestine 

This section is called as such because of a larger diameter (6 cm) compared to 

the small intestine, but it is shorter (1.5 m). It is connected to the ileum via the 

ileocecal valve to the cecum, which leads to the colon, and absorbs 90% of the 

remaining water in the chyme and ejects the rest as waste, by movements similar 

to those in the small intestine (Kahai et al., 2023; Sensoy, 2021). 

A remarkable characteristic of the large intestine is that it is an anaerobic 

environment that fosters a large community of microorganisms (~1011𝑐𝑒𝑙𝑙𝑠/𝑔). 

These can metabolize dietary fibres, bile salts and pancreatic enzymes, as well 

synthesizing secondary metabolites and fermenting undigested material, all of 

which can provide benefits to the host such as strengthening gut integrity, 

harvesting energy, pathogen protection, and regulating host immunity. The study 

of dysbiosis, the term for altered microbial composition, is attracting a lot of 

scientific attention due to disruption of these health benefits (Rudi & Zhao, 2021; 

Sensoy, 2021; Thursby & Juge, 2017). 
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The unabsorbed and undigested food material, including small amounts of 

nutrients, water, inorganic matter, bacteria and cellular constituents of the 

digestive tract, form faeces and progress to the rectum where they are eliminated 

(Ogobuiro et al., 2023).  

2.4 Absorption: the concepts of bioaccessibility and 

bioavailability 

Nutritional efficiency is related to two concepts: bioaccessibility, and 

bioavailability (Figure 7). In this section, the definition and implications of these 

two aspects of absorption will be explained.  

The efficiency of absorption of a bioactive compound depends on many factors 

and occurs in several stages that are interconnected as is the nature of the 

digestive process. The production and consumption choice of what combination 

of bioactive compound(s) and food carrier(s) will deliver a desirable outcome falls 

under producer/consumer control, but only by understanding what occurs during 

the gastrointestinal digestion and absorption process (covered in the previous 

section) can they be efficiently designed for maximal benefit.  

Absorption of a compound or drug has traditionally been an important concern in 

the branch of pharmacology (Shargel & Yu, 2015), and it is from this scientific 

domain that most initiatives tackling absorption of functional components stem 

from, although its conceptualizations can still be applicable from a nutritional 

perspective.  

In pharmacology, bioavailability is a subcategory of absorption that is expressed 

as the percentage of the total drug (or compound) dose administered that reaches 

Highlights 

 The gastrointestinal journey comprises oral, gastric, and intestinal phases. 

 Most aspects of digestion are very well understood, but there are some 

disagreements (i.e., the case of lingual lipase, or fed vs fasted state). 

 This knowledge enables developing simulations ex vivo.  
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the (systemic) circulation untransformed (Paul, 2019). This includes both free and 

bound forms of the compound or drug.  

Figure 7. Bioaccessible and bioavailable fraction of ingested components. 

[Obtained from Guerra et al., 2012, reused with permission from Elsevier] 
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Theoretically, bioavailability indicates the degree of potential profitability from an 

initial dose of a functional component of interest, prior to observing its potential 

health benefit in effect. Intravenous bioavailability is considered as absolute, but 

oral bioavailability can be limited as a consequence of the complex digestion 

process, and what is known as first-pass metabolism (loss due to metabolically 

active tissues such as the liver) (Price & Patel, 2024). Ideally, bioavailability would 

be based on tissue levels at the site of intended action (instead of systemic 

circulation), however this is typically not possible to quantify for most applications 

(non-invasively and non-destructively) (Wolverton, 2020).  

To complement the holistic nature of estimating the degree of post-absorption 

effect of a functional component, another concept frequently characterised is its 

bioaccessibility (Figure 9). Bioaccessibility has been defined as the fraction of a 

compound which is released from the food matrix in the gastrointestinal lumen 

and thereby made available for intestinal absorption (Saura-Calixto et al., 2007). 

It can be viewed as the first step of bioavailability, which accounts for the 

enzymatic and mechanical breakdown of the food in the gastrointestinal lumen, 

up to, but not including, intestinal absorption. Bioavailability is usually the 

research target of  studies addressing bioefficacy of functional components as it 

is a more complete approximation to compound absorption than bioaccessibility, 

however bioaccessibility enables the assessment of crucial aspects of the 

absorption process such as compound liberation from the food matrix (Rein et 

al., 2013). It is generally safe to assume that compounds with low bioaccessibility 

will present low bioavailability as well, as the non-bioaccessible fraction is mostly 

excreted.  

In vitro bioaccessibility has been used as a proxy to in vivo bioavailability in the 

past, and this approach has been demonstrated as valid in certain applications, 

but also limited in others (T Bohn et al., 2018). In some cases, all the 

bioaccessible fraction is bioavailable, but there are other cases in which only a 

small amount is absorbed after digestion. Combining bioaccessibility and 

bioavailability studies enables the identification of the limiting factor for a 

compound’s absorption and therefore to focus the efforts on adjusting the food 

matrix as required. Troubleshooting a highly bioaccessible compound that 

presents poor bioavailability is out of the scope of this project, although to 
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illustrate this problem it should be noted that strategies do exist; for example 

previous authors suggest that reducing the antinutrient content (absorption-

interfering compounds) can help resolve this issue (Huey et al., 2022). This 

project focuses on bioaccessibility which greatly depends on the compound’s 

molecular properties, so this warrants a case-by-case discussion. The following 

section will describe methods for simulating digestion in order to carry out 

bioaccessibility assessments.  

2.5 Simulation of human digestion: in vitro models 

Gastrointestinal fate of ingested compounds of interest can be studied either with 

in vitro or in vivo techniques. Animal models enable a more realistic and accurate 

study of human absorption compared to non-animal models, but are not so 

practical to study bioaccessibility and raise ethical questions and potentially 

financial issues. The nutrients released from the food are immediately absorbed 

by the organism, so unless this mechanism is disabled, which compromises the 

homeostasis of the animal, bioaccessibility can be misrepresented. For 

bioaccessibility, simulating the digestion with in vitro models that are as realistic 

as possible is the best option and one of the most frequently used methods, but 

require a careful consideration of the results (Nicolescu et al., 2023). On a 

positive note, in vitro alternatives provide their own set of advantages compared 

to in vivo methods, such as ethical considerations, higher reproducibility, and 

increased convenience (T Bohn et al., 2018). 

Highlights 

 Absorption of a compound can be attributed to two sequential stages: 

release from the matrix, and uptake and redistribution. 

 Bioaccessibility refers to the fraction of a compound that is released and 

solubilised in the digesta, ready for final stages of absorption. 

 Bioavailability refers to the fraction of a bioaccessible compound that 

reaches its intended site of action (or alternatively, the systemic 

circulation). 
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There are three main types of in vitro digestion models, which will now be 

described. 

2.5.1 In silico models 

Before considering in vitro models, it must be stated that in silico models are a 

very desirable approach to simulate digestion. By using mathematical 

approaches and a set of user-controlled parameters, these provide the 

convenience of not requiring experimental lab work; they accelerate and simplify 

the screening process of different formulations. Unfortunately, the currently 

available in silico models are very limited. 

During the second decade of the 21st century, several holistic 3D computational 

models of the gastrointestinal system employing fluid mechanics to simulate 

mastication and mechanical processing were developed. However, these mostly 

focused on liquids without including secretions and enzymatic reactions (Le 

Feunteun et al., 2020). Alternative models focusing on a specific aspect of 

digestion are more prolific but have less applicability, such as the model 

developed by Moxon et al. for studying the impact of viscosity and gastric 

emptying rate on glucose absorption (Moxon et al., 2016), or the comprehensive 

protein digestion model recently developed by Rivera Del Rio et al. which 

includes the features that were missing from the 3D computational models 

(Rivera Del Rio et al., 2022). Regarding the simulation of micronutrients, Marze’s 

model for vitamin A digestion successfully reached similar conclusions to that of 

empirical experiments (Marze, 2015).  

Overall, in silico models are promising and there are examples proving that they 

can replace empirical experiments, but their development usually requires a case 

by case study supported by extensive empirical experiments in order to properly 

simulate in vivo conditions (Le Feunteun et al., 2020). 

2.5.2 Dynamic in vitro models 

Dynamic models are the most elaborate in vitro digestion set-ups, but also the 

ones that most closely resemble the in vivo conditions. The first family of dynamic 

models can be attributed to Minekus et al., the TNO Gastro-Intestinal models 
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(Mans Minekus et al., 1995), although more have since been developed (Kong & 

Singh, 2010; Ménard et al., 2014; Wickham et al., 2012).  

Dynamic models are either multi-compartmental, or mono-compartmental, such 

as the Dynamic Gastric Model (Wickham et al., 2012). In this single compartment 

(which only simulates the stomach), a computer model automatically adjusts 

secretions according to estimated emptying rates and physical processing, being 

able to simulate both fed and fasted states and allowing researchers to take 

samples at any stage of the process. It has been validated as an accurate 

simulator of in vivo mechanical processes in the stomach (Vardakou et al., 2011), 

and has seen increasing use by the pharmaceutical industry to study 

disintegration and dissolution of drug formulations and their delivery to the 

duodenum (Thuenemann et al., 2015).  

Multi-compartmental processes, such as the TIM-1 system (from the TNO family) 

(Mans Minekus et al., 1995) have separate compartments for each organ of the 

digestive system (Figure 8), connected by valves and semi-permeable 

membranes in which the successive conditions can be simulated. A computer 

program is also responsible for the control of the digestion parameters which 

enables exhaustive customization of the gastrointestinal conditions such as for 

simulating age, health status, or adjusting to different types of food (Dupont et al., 

2019). It is a popular simulation system as a result, and has been validated for 

many different applications including the computation of human glycaemic 

response curves after carbohydrate intake (Bellmann et al., 2018), digestibility 

and bioaccessibility of amino acids (Schaafsma, 2005) and accurate estimation 

of stability and bioaccessibility of different micronutrients (including fat-soluble 

compounds) (Déat et al., 2009; Ribnicky et al., 2014; Verwei et al., 2006), all of 

which showed similar results to what was observed in vivo. 

A limitation of the TIM-1 system is that, in order to assess bioavailability, the 

intestinal absorption must be simulated separately; either with cell lines or in silico 

modelling. Another very important limitation is that each experiment can only 

simulate the digestion of one formulation, which significantly extends the duration 

of the screening process unless several experimental apparatuses are available 

(for simultaneous processing), which usually is not the case as they are 
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composed of complex laboratory equipment. Miniaturization is a promising 

technology in this regard, potentially easing the acquisition and usage of these 

sort of devices in the future (Colombo et al., 2023). But until then, complexity and 

low scalability are some of the main reasons why, in certain situations, other types 

of in vitro methods are preferrable.  

Figure 8. Schematic diagram of the gastrointestinal 1 digestion model (TIM-1) 

[Obtained from Lafond et al., 2015]. 

2.5.3 Static models 

The most widespread, economically viable and time efficient in vitro digestion 

models currently available are static in nature, meaning at each step of digestion 

the ratio of meal to digestive agents is constant.  



51 

This is the opposite of dynamic systems in which at each step of digestion there 

is a constant monitoring and adjustment of simulated fluids and reagents (M. 

Minekus et al., 2014). Prior to the publishing of the COST Infogest consensus 

protocol of 2014 (M. Minekus et al., 2014), static in vitro digestion protocols were 

very inconsistent: the fact that they were so accessible compared to dynamic 

systems meant they were also much more flexible to researcher’s specific 

requirements. Static protocols prior to the standardised 2014 protocol varied 

greatly depending on the analyte, sample, and research question. For example, 

for the study of carotenoids in vegetables, Alminger et al. dispensed with the oral 

phase and microfiltered the supernatants of the gastric phase to proceed with the 

intestinal phase (Alminger et al., 2012). Similarly, in a study of carotenoids, 

vitamin C and phenolic compounds in a blend of fruit juices, Rodríguez-Roque et 

al., which did not include the oral phase, subjected 200 mL of fruit juice to gastric 

digestion by the addition of solid pepsin, and proceeded to the intestinal phase 

using a dialysis membrane (Rodríguez-Roque et al., 2013). For the study of 

metallic elements absorption in chocolate drink powder, Peixoto et al. did include 

the oral phase, but also employed bovine serum albumin in both the gastric 

phases and intestinal phases (Peixoto et al., 2013). Instead of using pancreatin 

in the intestinal phase, Granado-Lorencio et al. employed individual enzymes and 

cofactors (pancreatic lipase, colipase, cholesterol esterase, and others) 

(Granado-Lorencio et al., 2011). These are but a few examples of how almost 

every static digestion protocol diverged in one aspect or another. 

The introduction of the 2014 consensus method, and especially the 2019 revision 

(Brodkorb et al., 2019), has brought about a greater consistency between studies. 

Therefore, the comparison of results is much easier, albeit these results are not 

as representative of the in vivo conditions as the more costly dynamic systems, 

however the protocols were developed rigorously according to validation with in 

vivo methods. The INFOGEST research network that formulated the 

standardised protocols is formed by some of the most respected authorities in the 

field. Several of the authors already mentioned during this section (Minekus, 

Alminger, Marze, Wickham, Le Feunteun, and others) were part of the elaboration 

of this consensus protocol. It simulates all the steps of the digestion except 

intestinal absorption (Brodkorb et al., 2019), however this is not a disadvantage 
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compared to most other dynamic systems as they do not include this step either. 

The specific steps of the INFOGEST protocol will be elaborated upon in the 

Methodology section as it was the selected in vitro model for this project, although 

the outline can be visualised in Figure 9 (Brodkorb et al., 2019). 

Figure 9. Outline of the INFOGEST consensus protocol of 2019 [Obtained from 

Brodkorb et al., 2019, reprinted and minimally adapted with permission from 

Springer Nature]. SSF, SGF and SIF refer to simulated gastrointestinal fluids 

(salivary, gastric and intestinal, respectively). 

Recently, additional changes have been made to this protocol in subsequent 

studies, such as the introduction of a colon phase with or without bacterial strains, 

alterations to the protocol to allow the study of infant and pathological conditions, 

or simulation of intestinal absorption using cellular models (i.e. ex vivo with Caco-

2 cells) or dialysis membranes, however there is yet no consensus on these 

implementations (Colombo et al., 2021). In addition, Gomes et al. highlighted that, 
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in the case of hydrophobic compounds, the higher the hydrophobicity, the higher 

the tendency to hide within the oil droplets and thus not be bioaccessible (Gomes 

et al., 2019). This hydrophobicity-bioaccessibility correlation was observed by Sy 

et al. in vitro (𝑟 = −0.99) and it was also discovered that the bioaccessibility was 

perfectly correlated with in vivo bioavailability (𝑟 = 0.99). This suggested that 

bioaccessibility was the main step governing absorption. Further investigation 

using in vitro bioavailability studies with Caco-2 cells confirmed that once the 

compounds were bioaccessible, their physicochemical properties did not 

influence their uptake (Sy et al., 2012). This lessens the concerns over not 

including the intestinal uptake step in in vitro models for the case of lipophilic 

compounds. 

2.5.4 Semi-dynamic models 

These models represent an intermediary approach between the highly complex 

and accurate dynamic systems, and the convenience of static models. Semi-

dynamic in vitro digestion systems can account for the different rates of 

gastrointestinal flow as a function of food matrix rheological/texture properties 

better than static in vitro methods, as well as to facilitate sampling (Markussen et 

al., 2021). There are fewer instances of these models in the literature than their 

more clearly defined counterparts, however there are some that require 

mentioning.  

The most relevant semi-dynamic model was also conceived by researchers 

involved in the INFOGEST network (Mulet-Cabero et al., 2020). The main 

difference concerning the semi-dynamic model and the static model published a 

year earlier (Brodkorb et al., 2019) is the gastric phase, which is more resemblant 

of the dynamic models by progressive adjustments of the gastric conditions (pH, 

electrolytes, enzymes). By including the main dynamics of gastric physiology 

including gradual pH decrease, gastric fluid secretion and gastric emptying, the 

semi-dynamic model provides more detailed data about the kinetics of nutrient 

digestion. 

To conclude, although INFOGEST protocols have been a significant 

development in the realm of in vitro digestion, they are general protocols that are 

still usually altered or expanded upon depending on the compound of interest, as 
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they were mostly developed and validated focusing on protein digestion, and for 

adults (Xavier & Mariutti, 2021) . 

In general, almost all in vitro digestion models present limitations compared to in 

vivo experiments. By not assembling intestinal epithelial cells into the models that 

can absorb the released compounds, oversaturation can occur. This can lead to 

underestimating bioaccessibility in cases where nutrients are present in the 

digesta in concentrations over their solubilisation limit. In addition, not including 

the gastric emptying phenomenon has been shown to significantly affect the 

accuracy of static in vitro models (R. Wang et al., 2021). Gut microbiota can 

severely impact bioavailability as well depending on the compound in question; 

the standardised models are not particularly suitable for compounds that undergo 

significant microbial transformation unless accounted for in the experimental 

design, and there is yet no consensus on how to simulate this aspect in vitro 

(Veintimilla-Gozalbo et al., 2021).

To summarise, static in vitro digestion models offer a quick, reproducible and 

cost-effective option to rapidly screen bioaccessibility in different formulations, 

offering insights that can a posteriori be confirmed with more accurate models 

such as dynamic systems or in vivo.  

The following section will cover current advancements in absorption-enhancing 

strategies for two different families of fat-soluble compounds, as this type of 

compounds typically present low bioaccessibilities with a large optimisation 

potential. 

Highlights 

 Several methods for simulating digestion ex vivo exist.  

 Dynamic models are the most accurate, but least convenient. 

 Static models are the most popular due to efficiency and scalability. 

 All methods present limitations that are currently not addressed (intestinal 

cell uptake and gut microflora). 
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2.6 Bioaccessibility of fat-soluble compounds 

Functional components of a hydrophobic nature present difficult absorption, as 

they must be dissolved in hydrophobic domains such as bulk oils, fat droplets, 

liposomes or micelles to remain bioaccessible, with the interfacial layers playing 

an important part in facilitating digestion as well. These oil-based processes are 

also susceptible to interferences from other compounds such as proteins, 

polysaccharides, minerals and other additives. The complexity of these matrix 

interactions results in the bioaccessibility of lipophilic components being very 

variable, with values ranging from 10 to 80%, indicating that thoughtful food 

matrix design could confer a significant improvement in absorption (P. Reddy & 

Jialal, 2023; Y. Tan & McClements, 2021).  

The use of enhancing agents, encapsulation and emulsion techniques has been 

proven by numerous studies (Wijekoon et al., 2023; Zabot et al., 2022) to 

increase the uptake of hydrophobic compounds of interest and has since 

garnered a lot of attention in the scientific community. However, many of these 

evaluate absorption based on the efficiency of their transporter systems 

exclusively, taken in isolation, and do not factor in the impact that other co-

ingested foods or supplements could have on the hydrophobic domains. Using 

well-characterised complex food matrices offers more relevant insights as this 

dietary pattern of consumption is more common in real-life situations. However, 

most foods are not consumed in isolation either but factoring in all possible multi-

food meal combinations is not feasible, so it is pertinent to choose a model food 

matrix containing a rich variety of nutrients.  

2.6.1 Gastrointestinal journey of fat-soluble compounds  

To comprehend how a meal carrying a fat-soluble compound of interest affects 

its absorption, the involvement of the physicochemical mechanisms occurring 

during digestion must be reinspected in this new context. The end-goal of lipid 

digestion, in the context of ensuring efficient fat-soluble compound solubilisation 

and absorption, is to incorporate them into mixed micelles that can be taken up 

by the intestinal epithelium cells, and studies have shown that reduced lipid 

digestion is correlated to reduced bioavailability (Mutsokoti et al., 2017). 
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The oral phase is short but can have a major impact on fat-soluble compound 

bioavailability; mastication breaks down and homogenises the food and saliva 

changes its physicochemical properties, with mucin promoting flocculation of 

natural oil bodies and starch-hydrolysing amylases capable of releasing any 

compounds trapped within, both of which generally favour absorption (Q. Wang 

et al., 2021).  

As mentioned earlier, the pH and transit time in the gastric region of the digestive 

tract can vary greatly depending on the fasting state, however it has also been 

shown that lipolysis mainly occurs within the first hour in the stomach, with the 

maximal rate being reached in just 4 min (Bauer et al., 2005; Hamosh et al., 

1975), therefore it can be inferred that lipid digestion in the stomach is efficient 

even after small portions of food are ingested. However, the presence of fat in 

the small intestine slows gastric emptying (Little et al., 2007), so this effect can 

be expected to increase gastric time even in an empty stomach if there was 

previously a recent feeding. The low pH of the fasted state can also affect the 

structure of oil droplets coated by acid-unstable emulsifiers, promoting 

aggregation and leading to a faster gastric emptying (X. Wang et al., 2019) that 

reduces the extent of the activity of gastric lipases and a lesser release of 

bioactive compounds from protein-containing foods by pepsin intervention. Even 

at a higher fed-state pH, gastric lipolysis greatly depends on the accessibility of 

the oil-water interface by gastric lipase; smaller droplet sizes are hydrolysed 

faster than larger ones (TAG hydrolysis can range between 5% and 37% as a 

result), and flocculation and coalescence effects such as those happening at low 

pH can minimise this accessibility further (Acevedo-Fani & Singh, 2022; Armand 

et al., 1999). Furthermore, the use of emulsifiers that minimise these aggregation 

effects (such as pectin or Tween 80, Espinal-Ruiz et al., 2016) could still result in 

a reduced lipolysis if they prohibit adsorption of lipase onto the emulsion. 

(Infantes-Garcia et al., 2021). 

Stomach churning slowly leads the gastric chyme into the intestine, where the 

remainder of macronutrients are digested and prompting bioactive release. The 

gastrointestinal movements break up larger oil droplets which increases their 

surface area and exposes them to increased enzymatic processing but can also 

promote aggregation (droplet coalescence or flocculation) which reduces it (Y. 
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Tan & McClements, 2021). Bile salts can displace emulsifiers and remove free 

fatty acids (FFAs) from droplet surfaces by solubilising them in the mixed 

micelles, facilitating digestion (Pilosof, 2017). Calcium irons can remove FFAs by 

precipitation, and they are also required for optimal pancreatic lipase activity. 

(Alvarez & Stella, 1989; Corte-Real & Bohn, 2018; Eich et al., 2018).  

The combined action of the lipase/colipase complex, bile salts and calcium ions 

removes or breaks down larger lipids from droplet surfaces, resulting in the 

original fat-soluble compound carriers being replaced by mixed micelles formed 

of FFAs, monoacylglycerols (MAG), bile salts and phospholipids that migrate to 

the epithelium cells where the compounds are taken up. Should the original food 

not contain lipid molecules that can ensemble hydrophobic domains large enough 

for solubilising the fat-soluble components, their bioaccessibility will be severely 

compromised (Mulrooney et al., 2021; C. Park et al., 2020). 

The nature of these lipids also influences the shape and behaviour of the mixed 

micelles, which in turn affects their permeation through the mucus layer to reach 

the intestinal epithelium (Corte-Real & Bohn, 2018; Dima et al., 2020). The 

majority of the uptake mechanisms of fat-soluble are trans-cellular and vary 

according to the compound in question. Absorbed compounds generally avoid 

the first-pass metabolism as they are usually released into the lymphatic system 

transported in triacylglycerol- (TAG) and cholesterol-based chylomicrons and 

then travel to the systemic circulation or are sent there directly as part of high-

density lipoproteins (HDL) (Reboul, 2013, 2017). Residual absorption in the colon 

requires further investigation, although some studies show that fat-soluble 

compounds can be absorbed there (there is a small amount of lipase) and also 

altered due to colonic microflora metabolism (Y. Tan & McClements, 2021). In 

any case, in vitro digestion models generally do not include the colonic phase.  

To summarise, current knowledge indicates that fat-soluble compounds can be 

subjected to many different chemical, physical or flora-derived alterations which 

affect their final bioavailability. Some of these processes can even transform them 

into different compounds than the initially considered form. However, it is overall 

recognized that for fat-soluble compounds, bioaccessibility is the factor governing 

their absorption due to the number of factors that can detrimentally impact their 
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journey of release from the food matrix and incorporation into water-soluble and 

absorbable mixed micelles (Dima et al., 2020; D. J. McClements & Peng, 2020; 

P. Wu & Chen, 2021). 

2.6.2 Food matrix effects to consider for improving bioaccessibility 

of fat-soluble compounds 

This section will present a few factors being investigated as strategies to  increase 

the bioaccessibility of fat-soluble compounds in general, prior to presenting works 

specifically addressing the compounds and formulations selected for this project 

(Figure 10). 

Different fat-soluble compounds can share the same intestinal absorption path, 

which results in a lower bioavailability when supplemented in addition to other 

competitors (Goncalves et al., 2015). This should be considered in the 

formulation of multi-compound foods and meals. Excessive intake of fat-soluble 

compounds (such as vitamins A, E, D and K) has been known to be toxic to 

humans after numerous studies in the 1980s addressed the issue. This led to the 

establishment of Recommended Daily Allowances that can provide guidance on 

dosages in food formulations and meals (National Research Council (US) 

Committee on Diet and Health, 1990). 

To address the issue of how to improve the bioaccessibility of fat-soluble 

compounds, it can be speculated that increasing the amount of lipids in which 

they can solubilise will increase the proportion of intact and soluble bioactives 

that will reach the intestinal mucus layer ready for absorption. However, the 

amount of lipid content in foods is not so correlated with bioaccessibility as is the 

type of lipid, and the type of its corresponding digestion products, as they can in 

turn affect digestion rate (Y. Tan & McClements, 2021). Oil content is mostly 

relevant in the cases in which there is not enough to solubilise the present 

compounds, additional content will not provide a benefit (Y. Tan et al., 2020). This 

has been exhaustively investigated during efforts to increase fat-soluble 

compounds absorption using encapsulation techniques (Wijekoon et al., 2023). 
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Figure 10. Properties of oil droplets known to affect lipid digestion and bioactive 

bioaccessibility.` 

In general, lipids with high melting points (longer and more saturated fatty acid 

chains) are known to reduce the rate of lipid digestion in vitro, which usually leads 

to reduction in bioaccessibility (Guo et al., 2017). On the other hand, long chains 

generally increase bioaccessibility due to increased solubilisation capacity of 

mixed micelles, and are often a requirement for carrying larger fat-soluble 

compounds effectively without them suffering transformation, such as the case of 

β-carotenes with monounsaturated long chain fatty acid and monoacylglycerols 

or vitamin E oil-in-water emulsions using either medium- or long-chain 

triglycerides (Guo et al., 2017; Helena de Abreu-Martins et al., 2020; Y. Yang et 

al., 2017). In addition, some types of oil present properties that can promote or 

enable transformation of the carried compounds, such as oxidation (Martin-Rubio 

et al., 2019). 

As mentioned earlier, the oil droplet size in the small intestine heavily weighs in 

on the rate of its digestion, and this size can be different to the original food’s size 

due to a variety of events such as fragmentation, flocculation or coalescence 

(Nguyen et al., 2019). This must be considered when designing the food 



60 

formulations as partial digestion should be insufficient to release 100% of the fat-

soluble compounds. 

Another factor to account for is the presence of compounds other than the lipids 

that form the oil carriers that influence the physicochemical properties of the 

interfacial layer of the matrix’s droplets. In general, emulsifiers can cause 

coalescence or flocculation (i.e., protein coating) leading to reduced digestion 

and bioaccessibility as opposed to more stable carriers (such as pectin), and 

highly surface-active emulsifiers that block the adsorption of lipase have a similar 

effect (Y. Tan et al., 2020; Yao et al., 2018; R. Zhang et al., 2015).  

Nevertheless, the aqueous phase must also be considered. Charged compounds 

such as polysaccharides can bind to oppositely charged droplets and inhibit 

lipase activity, bioaccessibility and so forth (Y. Li & McClements, 2014). 

Gastrointestinal fluids with high viscosity (presence of jellification agents for 

example) generally reduce digestion and bioaccessibility as well due to impaired 

mixing and diffusion (Palafox-Carlos et al., 2011). Oil droplets can receive 

protection from digestion due to the screening effect of other compounds (such 

as dietary fibres) present in the aqueous phase or that interact with the 

component involved in their digestion such as bile salts and enzymes (M. M.-L. 

Grundy et al., 2016). For instance, proteins, fibres, and minerals have been found 

to diminish the bioavailability of flavonoids in both in vitro and in vivo studies 

(Langston et al., 2023; Mishra et al., 2024; Núñez-Gómez et al., 2023). However, 

other studies present conflicting findings, and it is not possible to establish a 

consistent pattern regarding the impact of proteins or fibres on the availability of 

phytochemicals at this time (J. Zhang et al., 2023).  

The aqueous phase components can also modulate the events of droplet 

aggregation, flocculation and coalescence (M. M. L. Grundy et al., 2018). In 

addition, even if the compounds are bioaccessible after the gastrointestinal 

journey, the aforementioned substances could generate absorption difficulties as 

a side effect  (Samtiya et al., 2020).  

Understanding the absorption of fat-soluble compounds necessitates 

comprehensive consideration of various factors forming complex interactions. 

The specific characteristics of the lipids, proteins, fibres, and phytochemicals 
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involved heavily influence this interplay and make it challenging to predict the 

final bioavailability of an ingested compound of interest. 

The focal point of the overall study was to assess whether the input attributes of 

a food matrix could reliably predict the bioaccessibility of a specific compound, 

accounting for the diverse impacts of digestion. Given the potential for substantial 

optimisation due to the inherently low bioaccessibility of fat-soluble compounds, 

the subjects chosen for experimentation were vitamin E and curcuminoids. 

2.6.3 Vitamin E  

Vitamin E comprises a family of 8 different compounds (4 tocopherol isoforms 

and 4 tocotrienol isoforms). However, α-tocopherol (Figure 11) is the predominant 

isoform found in food matrices and body tissues (Ungurianu et al., 2021). In fact, 

consumption of alpha-tocopherol alone can reverse vitamin E deficiency 

symptoms; the recommended daily intake of vitamin E is 15 mg for people over 

the age of 14  (Institute of Medicine (US) Panel on Dietary Antioxidants and 

Related Compounds, 2000; Rizvi et al., 2014). Vitamin E is most abundant in nuts 

and seeds, and can be concentrated in vegetable oils, however it is also found in 

leafy vegetables and fortified cereals (Rizvi et al., 2014). 

With an estimated 𝑙𝑜𝑔𝑃~12, which compared to that of ascorbic acid ~ − 2 , 

manifests the extremely high hydrophobicity of vitamin E (Niki & Abe, 2019; 

Saldanha & Vale, 2023). Due to its long hydrocarbon tail and lack of polar 

functional groups (Figure 11 . Chemical structure of vitamin E isoforms. α-

tocopherol presents no insaturations on the non-cyclic tail and three methyl 

groups on the benzene chain in comparison to the other compounds of the 

family.Figure 11), providing vitamin E with lipid particles for solubilisation is a 

crucial requirement to ensure its bioaccessibility. Vitamin E is the most abundant 

liposoluble antioxidant compound found in human bodily tissues (Ungurianu et 

al., 2021). Other properties include a pKa around 11 and a  practical insolubility in 

water. These could explain why nanoemulsions with increasing vitamin E load 

were reported to experience higher surface tension and pH, although it could also 

be attributed to vitamin E’s antioxidant activity limiting the formation of free fatty 

acids and lipid peroxidation (Teixeira et al., 2017). 
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Figure 11 . Chemical structure of vitamin E isoforms. α-tocopherol presents no 

insaturations on the non-cyclic tail and three methyl groups on the benzene chain 

in comparison to the other compounds of the family. 

Studies have also indicated vitamin E possesses antiproliferative, pro-apoptotic, 

anti-angiogenic, and anti-inflammatory properties. It may also be able to 

modulate signal transduction and gene expression in inflammation and immune 

system disorders (Q. Jiang, 2017). 

Due to its antioxidant activities, vitamin E is believed to help prevent or delay 

chronic diseases associated to free radicals. It is capable of inhibiting cell 

proliferation and differentiation in smooth muscle cells, platelets, and monocytes, 

and reduces adherence of components to the interior of blood vessels whilst also 

dilating them, which minimises atherosclerosis (Institute of Medicine (US) Panel 

on Dietary Antioxidants and Related Compounds, 2000). These claimed health 

benefits are of interest for food producers and consumers (Szewczyk et al., 

2021). However there are systematic reviews that conclude that the evidence 

behind health benefits of antioxidant supplements, including vitamin E, is 

inconclusive (Bjelakovic et al., 2015). 
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Although several studies of vitamin E bioaccessibility and bioavailability exist, 

they are not exhaustive with regard to probing the large variety of foods carrying 

it. The conclusions of previous studies indicate that vitamin E presents a wide 

range of bioaccessibilities depending on the food matrix in which it is found (10-

80%, although it is more frequently in the 50-80% range), but no study has 

systematically screened for how changing the macronutrient composition affects 

the final bioaccessibility (Patrick Borel et al., 2013; Flory et al., 2019; Reboul, 

2017; Y. Tan & McClements, 2021).  

2.6.4 Curcuminoids 

Turmeric (Curcuma longa) has a long tradition of being used for medicinal, 

culinary and cosmetic purposes, with first accounts of its use dating to almost 

4000 years ago in Southeast Asia, where it was used to treat common eye 

infections, dental diseases, and digestive disorders such as acidity, indigestion, 

flatulence, ulcers, among other applications (Hatcher et al., 2008; S. Prasad & 

Aggarwal, 2011). Turmeric’s properties have been mainly attributed to 

curcuminoids, which make for 1-6% of turmeric’s weight. While over 50 

curcuminoids have been identified in turmeric, the major ones found in 

commercial products are curcumin (60–90%), demethoxycurcumin (9–27%) and 

bis-demethoxycurcumin (0.3–15%) (Cas & Ghidoni, 2019; El-Saadony et al., 

2022; Fu et al., 2015). As curcumin (Figure 12) is the major and predominant 

form, curcuminoids are usually simply referred to as curcumin.  

Curcumin is commonly used in foodstuffs under the designation of food additive 

E100. The curcuminoids mix serves multiple purposes in the food industry, 

functioning as a flavouring substance, a preservative, and a natural colouring 

agent in a wide range of food and beverage products (Lan et al., 2023; Samanta 

et al., 2024; Seidi Damyeh et al., 2020). But current public interest in curcumin 

extends beyond its culinary purposes.  
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Figure 12. Chemical structure of curcuminoids. The loss of one (demethoxy-) or 

both (bisdemethoxy-) of the methoxy groups form the two other main 

curcuminoids. 

Curcumin has been extensively studied (Micucci et al., 2022) for its biological 

activities in a large number of cell culture-based and animal studies. The potential 

of incorporating dietary curcumin as a feed additive was highlighted recently in a 

study where supplementing quails' diet with curcumin (at a concentration of 200 

mg/kg) resulted in enhanced egg quality. This improvement was attributed to the 

promotion of lipid metabolism and the augmentation of antioxidant activity in the 

quails (Yong Liu et al., 2024). Curcuminoid’s claimed health benefits include a 

plethora of antioxidant and anti-inflammatory related effects; antitumoral 

properties confirmed by several clinical I and II phase trials, inhibition of arthritis, 

hyperlipidaemia and cardiovascular issues; and decrease of muscle soreness 

and insulin resistance. Neuroprotective effects against depression, Alzheimer’s 

and Parkinson’s were also observed after its supplementation in animal trials, 
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although this effect could not be observed in humans, and was associated with 

their low bioavailability (Aggarwal & Harikumar, 2009; Goozee et al., 2016; 

Hewlings & Kalman, 2017; H.-T. Liu & Ho, 2018; Memarzia et al., 2021; Sayyar 

& Jafarizadeh-Malmiri, 2024; Tabanelli et al., 2021; Tomeh et al., 2019).  

However, curcuminoids are also known to cause negative effects, especially 

when taken at large doses. The Acceptable Daily Intake (ADI) established by the 

European Food Safety Authority (EFSA) for curcumin is 0-3 mg/kg of body weight 

per day (EFSA Panel on Food Additives and Nutrient Sources added to Food 

(ANS), 2010). This might have helped prevent the over 40 reported cases of 

hepatitis allegedly linked to curcumin overconsumption between 2002 and 2021, 

in individuals with no prior history of liver disease (ANSES, 2022). 

The inherently poor bioavailability of curcuminoids severely limits the exploitation 

of curcuminoids’ benefits. Curcuminoids have low solubility in water of 0.6 μg/mL 

at room temperature (Kurien et al., 2007), with a 𝑙𝑜𝑔𝑃~3, and are highly unstable 

before being absorbed, due to pH-related transformations, microbial metabolism 

and, most predominantly, autoxidation (Nelson et al., 2017; Tsuda, 2018). 

However, as curcumin has a lower hydrophobicity compared to vitamin E, it can 

still act as a surface-active compound and reduce interfacial tension in pure oil-

water interfaces (Vardar et al., 2024). Three pKa values are reported, one for each 

of the two phenolic hydroxy groups (between 8 and 10) and a third for the enolic 

proton (around 10) (Zhao et al., 2008). After being absorbed, almost no intact 

curcuminoids are detected in systemic circulation, and yet there is evidence that 

some of their associated positive health benefits may be in fact, due to the 

degradation products (Salem et al., 2014; C. Schneider et al., 2015; Tsuda, 

2018). Many strategies towards improving their bioavailability have been 

developed in recent years, most of which focus on transport systems around the 

use of nanoparticles, optimised curcumin formulations (using synthetic 

polysorbates, fibres, oil emulsions and others), complexing/encapsulating or 

even through the use of adjuvants such as piperine, strategies that are shown to 

increase bioavailability from 2-fold to 100-fold (Hegde et al., 2023; Hewlings & 

Kalman, 2017; Yueyue Liu et al., 2023; Shamsi-Goushki et al., 2020; Tabanelli et 

al., 2021). As is the case for other fat-soluble compounds (discussed in 2.6.1, 

2.6.2), improving bioaccessibility is the main focus of these approaches. As a 
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result, curcuminoid’s bioaccessibility has been reported to vary from as low as 

0.4-0.8%, to be improved to up to 25%, 50% and as high as 91% using 

nanoemulsions (Patrick Borel et al., 2023; Lu et al., 2019; Qazi et al., 2021; 

Ubeyitogullari & Ciftci, 2019).  

Nevertheless, a strategy that has received less attention is administering the 

curcuminoids within a food formulation, essentially constituting a functional food, 

optimised for increased curcuminoid bioavailability. 

To enhance the bioaccessibilities of vitamin E and curcuminoids, aiming for 

functional foods of superior nutritional quality, it is imperative to study the impact 

of the food matrix on bioaccessibility. For example, by screening formulations 

supplemented with dietary fibres and quantifying the impact of fibre content on 

bioaccessibility. To streamline the testing process and derive meaningful insights 

from the experiments, data modelling using mathematical algorithms, such as by 

Machine Learning, can be employed. 

Highlights 

 Fat-soluble compounds greatly depend on the presence of lipids to 

solubilise and remain bioaccessible. 

 However, presence of lipids does not suffice, type of lipid also affects (size 

of micelles versus size of bioactive compound), among other factors. 

 Vitamin E and curcuminoids are antioxidant compounds with a plethora of 

potential health benefits, but present low absorptions due to their 

hydrophilic nature. 
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2.7 Machine Learning: regression models 

In the realm of food technology, the complexity and variability of raw materials, 

coupled with the intricate processes involved in food production, create a rich 

landscape of data. Traditional methods of analysis may fall short in handling this 

complexity, making it challenging to extract meaningful insights. Machine 

Learning (ML) steps in as a powerful tool, capable of learning patterns and 

relationships within datasets, thus contributing to enhanced decision-making 

processes. There has been a wealth of applications of ML in the food industry 

since the 2010s, ranging from safety practices such as toxicity prediction, 

inference of nutritional quality, estimation of the degree of food processing, and 

even assessment of the efficiency of absorption of orally-delivered drugs (Khan 

et al., 2022; Menichetti et al., 2023; Miyazawa et al., 2022; Tseng et al., 2023).  

Although to the knowledge of the author there is no registered use of ML to predict 

nutrient absorption as a function of the food matrix, the current background 

regarding AI usage in food science and nutrition was indicative of its potential. 

Oral bioavailability/bioaccessibility of drugs has been the target of ML 

approaches before, but usually based on predicting absorption using as inputs 

the physicochemical properties of the drugs (such as chemical structure). These 

models are multi-compound instead of studying a single compound relative to 

numerous conditions. The expectations for accuracy are rather low (𝑟2 < 0.5) in 

this type of experiments (Fagerholm et al., 2021). Another example, using a 

publicly available drug dataset from the FDA, was arguably even less ambitious, 

from a performance perspective, as the prediction of whether a drug would have 

a positive, negative or no effect after consumption was deemed a success after 

reporting an accuracy of ~70% (Bennett-Lenane et al., 2022). 

Therefore, these previous examples provide a reasonable assurance that the 

characteristics of the food matrix that most influence bioaccessibility can 

potentially be explored productively with ML techniques and put to use to optimise 

the production of functional foods.   

2.7.1 Introduction to Machine Learning 

Machine Learning is a branch of artificial intelligence that can be defined as 

enabling computers to make successful predictions using past experiences 
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(Baştanlar & Ozuysal, 2014). However, within this area of computer-based 

modelling, the challenges addressed are diverse, requiring the application of a 

broad range of algorithms. The responsibility of the ML practitioner lies in 

judiciously choosing the appropriate algorithm, emphasizing the avoidance of 

procedural errors over theoretical modelling performance. This underscores the 

importance of prioritising the prevention of operational mistakes to ensure the 

reliability of ML applications. 

In ML, labels refer to identifiers that explain what the data is representing. 

Unsupervised learning refers to the extraction of insights from unlabelled data in 

an agnostic manner; the purpose is to understand the patterns in the data. 

Supervised learning has the added goal of not only understanding the patterns in 

the data but also using the acquired knowledge to accurately predict the label of 

samples/datapoints. A third type of ML, that has not been applied for this project 

and hence will only be mentioned here, is reinforcement learning, which attempts 

to find a sequence of actions that contribute to achieving a specific goal (Jovel & 

Greiner, 2021). Semi-supervised learning refers to tasks in which both labelled 

and unlabelled data are involved (Gibson et al., 2013). For the scientific aim of 

this project, supervised algorithms were employed to build a predictive model of 

bioaccessibility, and unsupervised algorithms were used to explore the patterns 

and other particularities of the food formulation dataset. 

One last concept that is frequently used to categorise ML algorithms (supervised 

learning in particular), refers to the nature of the labels being modelled. 

Classification problems refer to the prediction of discrete class labels that can be 

either binary (i.e., healthy/disease or low/high) or multi-class (i.e., species 

prediction), and regression problems encompass the prediction of continuous-

type labels such as a numeric value (i.e., house cost, rate of absorption) or an 

ordinal position (i.e., rankings such as most bioaccessible formulation). In theory, 

it is possible to convert any classification problem into a regression one and vice 

versa if the transformation of the target variable is appropriate (i.e., binning a 

continuous variable into discrete groups or providing a numeric value to a class 

according to suitable criteria), however in practice this results in a different 

analysis workflow that could be detrimental to the use case. It is widely 

recognised that turning a regression problem into a classification problem is 
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hardly ever beneficial, as there is an inherent loss of information in the process 

by binning the response, the proximity in the target space which can be valuable 

for modelling purposes is lost, binning obfuscates the prediction (which group 

metric of each bin is most valuable, is it the average or a specific quantile?), the 

binning inherently introduces biases in the model, and finally, for multi-class 

cases, the number of parameters will possibly have to increase (Fedorov et al., 

2009).  

Finally, an important consideration for the regression problem is whether to use 

a frequentist algorithm, or a probabilistic one. Frequentist methods assume the 

observed data is sampled from some distribution (i.e., most methods assume the 

data follows a normal distribution). This distribution represents the entire 

population of expectable observations. Considering a model 𝜃 that captures a 

specific set of patterns in the observed data, frequentist methods assume that the 

model’s parameters are single-point fixed estimates of the most frequent pattern 

in the population, based only on the observed samples. Therefore, when 

calculating the likelihood of the data according to said model 𝐿 (𝜃; 𝐷𝑎𝑡𝑎) =

𝑃(𝐷𝑎𝑡𝑎|𝜃), the model’s parameters are treated as a fixed unknown quantity that 

must be found to maximise the likelihood. Only the sampling data is relevant for 

inference, there is no prior belief on what the model’s parameters should be; their 

computation is agnostic and depends only on the data. On the other hand, 

Bayesian (probabilistic) methods assume probabilities for both the data and the 

parameters; 𝜃 is a random variable that now has its own prior distribution 𝑃(𝜃) in 

addition to the data’s likelihood. The final model’s parameters consist of 

probability distributions instead of single-point estimates (Bartolucci & Scrucca, 

2010; Fornacon-Wood et al., 2022). The concept of likelihood will be further 

explained in the next section, which provides the general mathematical theory 

and equations behind regression. 

2.7.2 Mathematical theory of regression 

The two most common regression schemes used for parameter estimation are 

least squares (LS) and maximum likelihood estimation (MLE) (Jaqaman & 

Danuser, 2006).  
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The first clear and concise explanation of the least squares method was 

published by mathematician Adrien-Marie Legendre in 1805, although it had been 

used for several years by other mathematicians and astronomers such as Carl 

Friedrich Gauss. It is unclear who created the algorithm (Wolberg, 2010). The 

concepts of regression and correlation were later coined by Francis Galton in the 

19th century, with the least squares method being its earliest form of expression 

(Stanton, 2001). 

The least squares method (also called ordinary least squares as it is the first of a 

series of similar algorithms) is an optimisation method for solving regression 

problems. It is not only applicable to the linear regression case, but this is the 

simplest example to describe. Supposing the univariate linear regression 

equation: 

𝑦 = 𝛽0 + 𝛽1𝑥 + 𝜀 (2-1)

In which 𝑦 is the dependent variable, which can also be called target variable; 𝑥

is the independent variable that can explain the values 𝑦 presents; and 𝛽1 and 

𝛽0, respectively, are the slope and intercept that model the linear relationship 

between 𝑥 and 𝑦. In many cases, any random errors that result in datapoints not 

exactly conforming to 𝑦 = 𝛽0 + 𝛽1𝑥 are attributed to a random variable 𝜀 that 

accounts for the failure of the model to fit the data exactly (Mahaboob et al., 

2018). The least squares method solves the problem of finding 𝛽0 and 𝛽1 that 

minimise the error by minimising the sum of the squared residual errors (the hat 

symbol in 𝑦𝚤̂ refers to the prediction of 𝑦𝑖) (Heiberger & Holland, 2004): 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 ∑ 𝑒𝑖
2 =

𝑛

𝑖=1
∑ (𝑦𝑖 − 𝑦𝚤̂)

2 =
𝑛

𝑖=1
∑ (𝑦𝑖 − (𝛽0 + 𝛽1𝑥𝑖))

2𝑛

𝑖=1

(2-2)

which is done by equalling the partial derivatives of each parameter in the 

equation to 0: 

𝜕

𝜕𝛽0
∑(𝑦𝑖

𝑛

𝑖=1

− (𝛽0 + 𝛽1𝑥𝑖))2 =∑ 2(𝑦𝑖

𝑛

𝑖=1

− (𝛽0 + 𝛽1𝑥𝑖))(−1) = 0

𝜕

𝜕𝛽1
∑(𝑦𝑖

𝑛

𝑖=1

− (𝛽0 + 𝛽1𝑥𝑖))2 =∑2(𝑦𝑖

𝑛

𝑖=1

− (𝛽0 + 𝛽1𝑥𝑖))(−𝑥𝑖) = 0

(2-3)
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and solving simultaneously for the regression coefficients:  

𝛽1 =
∑(𝑦𝑖 − 𝑦̅)(𝑥𝑖 − 𝑥̅)

∑(𝑥𝑖 − 𝑥̅)2

𝛽0 = 𝑦̅ − 𝛽1 𝑥̅

(2-4)

In which 𝑦̅ and 𝑥̅ are the average values of 𝑦 and 𝑥 respectively. 𝛽1  and 𝛽0  also 

have the property that: 

∑𝑒𝑖

𝑛

𝑖=1

= 0 (2-5)

Ordinary least squares assumes the residuals are normally distributed 

𝜀~𝑁(0, 𝜎2),  with a mean of 0 and a variance of 𝜎2, it is under these specific 

assumptions that the least-square estimates become a special case of the more 

general maximum likelihood estimates network. This will be explained in more 

detail after describing MLE. Should the normality of the residuals not conform to 

normal distributions in either of these frameworks, these estimates could lead to 

erroneous inference (confidence intervals and p-values rely on the normality 

assumption), although in reality this does not have such a large impact on 

inference in large samples of at least 10 observations per predictor (Schmidt & 

Finan, 2018; Weisberg, 2014). An example of a fitted regression according to 

ordinary least squares can be found in Figure 13. 
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Figure 13. Scatterplot of the datapoints (𝒙𝒊, 𝒚𝒊) and their linear regression line, 

computed via ordinary least squares. 

In the frequentist approach, MLE can be credited to Ronald Fisher, father figure 

of modern statistical science, in the year 1912 (Aldrich, 1997). In the MLE 

scheme, as the name implies, parameters are inferred based on the values that 

maximise the probability of observing the data. In the frequentist approach a 

model’s parameters are a fixed unknown value, such as the parameters 𝛽0  and 

𝛽1  of the linear regression model. In the Bayesian approach, they are a random 

variable with its own probability distribution; for example, a normally distributed 

linear regression intercept 𝛽0 ~𝑁(𝜇̂, 𝜎̂), with a centre inferred to be located at 𝜇̂

and with a variability of a scale 𝜎̂, which represents uncertainty or variability in 

the parameter.  

The probability of observing any datapoint 𝑦𝑖 given the population parameter(s) 

𝜃 can be written as 𝑓(𝑦𝑖; 𝜃) (S. Yang & De Angelis, 2013). Similarly, the 

probability density function (PDF) of any given value of 𝑦 that is governed by a 

specified 𝜃 is written as 𝑓(𝑦; 𝜃). The 𝜃 parameter(s) are assumed to be fixed, and 

the joint probability of all values of 𝑦 is the likelihood function; 𝐿(𝜃; 𝑦) =

∏ 𝑓(𝑦𝑖; 𝜃)𝑖 . In the case of linear regression, the 𝜃 parameters of interest are those 

present in the linear equation 𝑦 = 𝛽0 + 𝛽1𝑥 +  𝜀,  so 𝑓(𝑦; 𝜃) could be written as 
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𝑓(𝑦; 𝛽0, 𝛽1, 𝜎
2 ) as those are the parameters of study. The residuals are assumed 

to be normally distributed 𝜀~𝑁(0, 𝜎2) as in least squares. 

Before continuing with the mathematical derivation of the classical MLE, the 

difference with the Bayesian approach must be mentioned. In the Bayesian 

approach the 𝑓(𝑦; 𝜃) notation is avoided and 𝑓(𝑦|𝜃) is preferred. This is used to 

indicate that 𝜃 is composed of random variables that condition the probability of 

the data; 𝑓(𝑦|𝜃) is a probability based on the assumption that the probability 

distributions of 𝜃 are true. The Bayesian likelihood and frequentist likelihood 

share some similarities, but this section will be mostly covering the frequentist 

paradigm unless specified. Bayesian integrations acknowledge the random 

nature of the 𝜃 parameters instead of fixing their values for inference. 

Supposing the observed data (𝑦) comes from a normal probability distribution 

governed by the linear equation 𝑦 = 𝛽0 + 𝛽1𝑥 +  𝜀 with the following probability 

density function (PDF): 

𝑓(𝑦;𝜃) =
1

√2𝜋𝜎2
𝑒
−

(𝑦−𝛽0+𝛽1𝑥)2

2𝜎2 (2-6)

In which 𝜎2 represents the population variance, the log likelihood 𝐿𝐿(𝜃; 𝑦) is a 

monotonic transformation that simplifies the likelihood function whilst reaching 

the maximum at the same value of 𝜃. The likelihood: 

𝐿(𝜃;𝑦) =∏
1

√2𝜋𝜎2
𝑒
−

(𝑦𝑖−𝛽0+𝛽1𝑥𝑖)
2

2𝜎2

𝑖

(2-7)

whereas the log likelihood: 

𝐿𝐿(𝜃;𝑦) =∏−
1

2
ln(2𝜋𝜎2) −

(𝑦𝑖 − 𝛽0 + 𝛽1𝑥𝑖)
2

2𝜎2
𝑖

= −
𝑛

2
ln(2𝜋𝜎2) −

1

2𝜎2
∑(𝑦 − 𝛽0 + 𝛽1𝑥𝑖)

2

𝑖

(2-8)

The objective of MLE is to maximise the likelihood function by identifying the 

parameter values of 𝜃 at which their first derivative (if possible) is 0, which is 

equivalent to minimising the sum of squared residuals in the least squares 

method. The optimisation is formulated as follows in the case of a single fixed 
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population parameter 𝜃 for which 𝑦 is assumed to be normally distributed (in said 

cases, the population’s mean 𝜇 would replace the predictions of the linear model 

𝑦𝚤̂ = 𝛽0 + 𝛽1𝑥𝑖 as the expected value): 

𝑑𝐿𝐿(𝜃;𝑦)

𝑑𝜃
= 𝐿𝐿′(𝜃;𝑦) =∑

𝑑𝑓(𝑦𝑖;𝜃)
𝑑𝜃

𝑓(𝑦𝑖;𝜃)
𝑖

= 0 (2-9)

However, the second derivatives (which will not be shown) must also be 

computed to ascertain that the identified point is in fact the maximum, as equalling 

the first derivative to 0 locates critical points at which there is an inflection in the 

curves but does not distinguish whether it is a maximum or a minimum. For 

multiparameter cases, the partial derivatives of 𝐿𝐿(𝜃; 𝑦) with respect to each 

parameter will be used. This approach presents problems when the log likelihood 

of a parameter is flat or presents several local maximums, as the initial point of 

the parameter 𝜃 will lead to different conclusions. In most cases, these equations 

can be solved analytically. For more complex cases, numerical methods that 

iteratively search for the 𝜃 values that solve the equality(s) are used, such as 

Newton’s method. 

Newton’s method (conceived by the renowned physicist Isaac Newton in 

collaboration with Joseph Ranson) starts with an initial guess of 𝜃0, and iteratively 

performs the following (Galántai, 2000): 

𝜃1 = 𝜃0 −
𝐿𝐿′(𝜃0)

𝐿𝐿′′(𝜃0)
(2-10)

Until a sufficiently precise 𝜃𝑛 is obtained.  

In the case of linear regression this computation is much more simple in spite of 

being a multiparameter 𝜃 and does not require this type of numerical methods; 

the partial derivatives 
𝜕𝐿𝐿(𝜃;𝑦)

𝜕𝛽1
 and 

𝜕𝐿(𝜃;𝑦)

𝜕𝛽0
 also lead to the same equations for 𝛽1 

and 𝛽0 , respectively, as in the least squares case (the denominator −2 from the 

right side of the equation was passed as enumerator to the left side): 

𝜕(−2𝐿𝐿(𝜃;𝑦))

𝜕𝛽0
= −2

1

𝜎2
∑(𝑦𝑖

𝑛

𝑖=1

− (𝛽0 + 𝛽1𝑥𝑖)) = 0 (2-11)
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𝜕(−2𝐿𝐿(𝜃;𝑦))

𝜕𝛽1
= −2

1

𝜎2
∑(𝑦𝑖

𝑛

𝑖=1

− (𝛽0 + 𝛽1𝑥𝑖))(𝑥𝑖) = 0

Which are the same partial derivatives as in the case of least squares estimators 

presented earlier, leading to the same derivations of the predicted parameters of 

𝛽1 and 𝛽0 .

Now that the general mathematical theory behind regression has been explained 

and exemplified with the case of simple linear regression, how to use ML 

techniques to infer these types of models without making operational mistakes 

must be considered. 

2.7.3 Bias-variance tradeoff 

This is a fundamental concept in supervised learning. It describes the need to 

strike a balance between these two sources of errors so that a model possesses 

the ability to perform well on unseen data (generalization capacity) (Dexter et al., 

2020). There are three main sources of errors regarding generalization; first, bias 

errors are those resulting from learning erroneous assumptions from the training 

data that result in erroneous predictions, second are variance errors that occur 

from over-sensitivity during training, and third is noise (Rocks & Mehta, 2022). 

Noise is error that stems from the particularities of the dataset rather than from 

the modelling pipeline, however it can increase bias and/or variance if not 

processed correctly.  

Which observations to use for quantifying these errors is crucial; models must be 

trained on a separate set of data than those used to evaluate them. Models that 

learn mostly from the noise of the dataset can potentially present a very small 

bias and variance if evaluated on the training dataset they have already seen, but 

present large errors when asked to predict previously unseen data. This is known 

in statistics and ML as a type of data leakage; the improper use of training data 

as test data (another unfortunately commonplace type of data leakage is injecting 

information of the target variable into the predictors inappropriately) (Götz-Hahn 

et al., 2022). 
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Overfitting and underfitting are descriptors commonly used for models that are 

not striking an effective balance between bias and variance (Montesinos López 

et al., 2022). Overfitted models refer to those that have a reduced bias due to 

learning the patterns in the training data too well, to the point that they are 

capturing noise and therefore exhibiting increased variance errors as they 

attribute a great importance to spurious information, which can result in the 

prediction of different outcomes for similar observations (the oversensitivity 

previously mentioned, Figure 14). An underfit model generally refers to bias 

errors; models that are too simple to capture the patterns in the data. If this 

occurs, increasing the accuracy is generally the first concern prior to addressing 

sources of variance. 

It must be noted that the bias-variance trade-off was traditionally believed to be 

solved with intermediate model complexities (Figure 14), however modern Deep 

Learning methods can nowadays fit overparameterised models that perfectly fit 

the training the data. This phenomenon is still under investigation; current 

research has still to reach a consensus on whether or not it is true (Belkin et al., 

2019; Rocks & Mehta, 2022), so that the bias-variance trade-off consideration 

can be conclusively written off for modern ML approaches.   

Figure 14. (a) Graphical illustration of bias and variance. (b) Contribution of bias 

and variance to the total error of the ML model. Increasing model complexities 

usually lead to lower bias and increased variance. [Obtained from Mandal et al., 

2022]
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2.7.4 Sampling strategies in ML projects 

The issue of using the appropriate samples at each step of the modelling process 

was introduced in 2.7.3. Samples that are used to train the model must not be 

used to evaluate it; the model already learnt how to predict them well so the 

estimation of the model’s performance (its generalization capacity) will be 

overestimated. The dataset is split into training and test sets (hold-out strategy), 

in which the training data is used to trial several data preprocessing and modelling 

pipelines, which are later evaluated over the unseen (blind) test set. However, 

within that training set, it is also usual to do an additional type of splits: iterative 

training and validation splits under a cross-validation experiment design. This 

allows to robustly estimate the predictive power of a fitted model before testing it 

with purely blind data. After all, validation splits are also seen during the process 

of model development, as data preprocessing strategies are typically trialled over 

the whole training set. The precise cross-validation strategy to use (k-fold, shuffle-

split, leave-one-out, and others) depends on the nature of the dataset, and the 

proportions of the training:validation:test split also differ accordingly (example 

splits are 50:25:25 or 80:10:10) (Vabalas et al., 2019; Xu & Goodacre, 2018). The 

strategies mentioned rely on sampling without replacement, meaning each time 

an item is selected from a dataset it is not returned to the sample pool, as 

opposed to bootstrap methods in which samples are replaced. Although 

bootstrap methods can be used to evaluate model performance, they are typically 

applied in other contexts. Nevertheless, due to the possibility of reusing samples, 

they can potentially be a better choice for small sample sizes, even though 

assessing performance on a per-unique-sample basis becomes more 

complicated and sample recycling can lead to overly optimistic evaluations. 

However, with large datasets, cross-validation is generally constricted by 

computational issues and the hold-out strategy is usually sufficient, as the 

performance estimations from several iterations of cross-validation experiments 

using large sample sizes will not be so susceptible to inter-groups sample 

variability (Tougui et al., 2021; Vabalas et al., 2019). 
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Figure 15. Example of a training:validation:test split with internal 5-fold cross-

validation. 

2.7.5 Frequentist approaches 

The frequentist approach to regression offers many opportunities to develop 

highly efficient algorithms to find the fixed parameters that maximise model 

performance, as the problem is more constrained than in the Bayesian case. 

Frequentist models are only concerned with the information coming from the 

sampling data and the likelihood function, meanwhile the Bayesian approach 

must also account for different prior-likelihood configurations (Bartolucci & 

Scrucca, 2010). Throughout the years, mathematical developments, coupled with 

the improvement of computer hardware and increasing accessibility of software 

engineering has fostered the creation of exceptional algorithms for frequentist 

inference; the ones most relevant to the project explained in the following pages. 

2.7.5.1 Support Vector Machines (SVM) 

This family of models earns its name from mapping datapoints in space and using 

feature vectors to create decision boundaries between label pairs (S. Huang et 

al., 2018). The objective of training an SVM model is to find the weight vector and 
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bias for a set of input feature vectors (Figure 16) so that the hyperplane separates 

and maximises the margin between different classes. 

Figure 16. Linear SVM model. Two classes (red versus blue) are classified. 

[Obtained from Huang et al., 2018] w: weight vector, x: input feature vector, b: bias 

Support vector machines were proposed by Cortes and Vapnik (Cortes & Vapnik, 

1995) for two-group classification problems. The original idea by Vapnik in 1963 

implemented this as a linear classifier exclusively (Vapnik, 1963), although it was 

the introduction of the kernel method (also called kernel trick), which enables the 

conversion of a non-linear problem into a linear one in a higher dimensional 

space, that greatly enhanced its applicability and made it an extremely popular 

algorithm (the 1995 paper has 33K citations on SpringerLink as of June 2024).  

Support vector regression (SVR) is an extension of SVM proposed a year later 

by Vapnik and colleagues (Drucker et al., 1996) that attempts to solve a similar 

primal optimisation problem (Smola & Schölkopf, 2004): 
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𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
1

2
‖w‖2 (2-12)

Subject to: 

|𝑦𝑖 − 〈𝑤, 𝑥𝑖〉 − 𝑏| ≤ ε (2-13)

Where 𝑥𝑖 is a training sample with target value 𝑦𝑖, and 〈𝑤, 𝑥𝑖〉+ 𝑏 is the prediction 

of that sample; all sample predictions must be in range ε of the true 

𝑦𝑖 observations. 

What kernel to use can only be figured out through rigorous validation trials, as 

some kernels might be better than others depending on the nature of the data (S. 

Huang et al., 2018). The most popular kernels are the already mentioned linear 

kernel, the polynomial kernel, and the radial basis function kernel (Rahimi & 

Recht, 2007), which can generate an almost infinite but computable random 

feature space in which sample relative distances to a fixed point (mostly 

Euclidean) are linearly manipulated to generate the decision boundaries (Nisbet 

et al., 2018). 

2.7.5.2 Decision trees and their ensembles 

The concept of decision trees in the sense that by an arbitrary number of binary 

choices it is possible to infer a conclusion from a set of previously known insights 

has a long history, although its statistical antecedents can be traced to Fisher’s 

paper in which he introduced linear discriminant analysis (Fisher, 1936). Loh 

(Loh, 2014) attributes the first regression tree algorithm to Morgan & Sonquist 

around 60 years ago (Morgan & Sonquist, 1963), which was applied to predict 

annual earnings from survey data composed of race, age, education, and 

profession information, although Belson developed a similar “decision tree” 

approach 4 years earlier (Belson, 1959). 

Automatic Interaction Detection (AID) was the name of the algorithm presented 

by Morgan & Sonquist; it recursively splits the data into nodes minimising the 

‘impurity’ (sum of squared deviations) until the reduction is less than a preset 

fraction of the impurity at the root node, and reports the node mean as the 

prediction. In the following years, several researchers manifested key limitations 

of AID, such as the possibility of severely overfitting the data, ignoring inherent 
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sampling variability and poor handling of highly correlated features (Loh, 2014), 

which prompted the development of novel algorithms to counter these issues. 

Many algorithms have been developed since then (CRUISE, C4.5, FACT, 

QUEST, GUIDE, ID3, among others) (Jiao et al., 2020), noteworthy among them 

being the Classification and Regression Trees (CART) algorithm. 

CART (Breiman et al., 1984) follows the same approach as AID but includes 

several crucial improvements. It replaces stopping rules for building a large tree 

that is pruned (weakest links according to cost-complexity analysis) to minimise 

the cross-validated error estimate, a strategy that reduces the possibility of over- 

and under-fitting. It also solves the highly correlated variables issue by 

introducing a series of alternate splits that are used to compute an importance 

score of each variable that are factored into the optimisation procedure. An 

interesting characteristic of the algorithm is that it can also employ splits from a 

linear combination of variables to perform the stochastic search (Breiman et al., 

1984; Loh, 2014), thereby accounting for possible linear relationships within the 

dataset’s features. An example regression decision tree can be observed on the 

next page. 
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Figure 17. Decision tree for the unadjusted treatment outcome of mental-health 

issues in young UK patients. Higher values represent poorer treatment outcomes. 

[Obtained from Marjolein Fokkema & Wolpert, 2021] Panels depict subgroup sizes 

(N) and estimated means (M) with standard errors (SE). SEs account for random 

variability between treatment centres, not for the searching of the tree structure. 

Breiman extended once again the decision tree concept to develop what is still 

considered a state-of-the-art algorithm in the ML domain; Random Forest, 

alongside other ensembles of decision trees (Breiman, 2001). 

This algorithm, as it name implies, uses randomization to create a large number 

of decision trees, the predictions of which are aggregated either by majority voting 

(classification) or by averaging (regression). The decision trees are created on 

different subsets of data sampled with replacement (samples may appear more 

than once in the subset); a technique called bagging (bootstrap aggregating). 

The variables are also randomised; for each node only a certain number of 

predictors p are provided (typically the result of rounding √𝑝). Different 

combinations of variables and variable thresholds are tested until the best splits 
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in the data are identified, and this tree growing process is repeated hundreds of 

times (Couronné et al., 2018; Rigatti, 2017). 

Another group of ensembles of decision trees are boosting learners, the first (and 

still used) example of which is AdaBoost (Gilks et al., 1995a), formulated prior to 

the publication of the Random Forest algorithm. Rather than aggregating learners 

by voting, this algorithm uses the insights from ‘weak learners’ such as small 

decision trees that are referred to as stumps (can be models other than decision 

trees however) as they only use one variable but are supposed to still perform 

better than random chance. Sequentially, the performance of the overall model 

is improved by assigning heavier weights to the least performing stumps so that 

the optimisation procedure prioritises them (Banfield et al., 2007). This results in 

an accuracy-oriented algorithm that prioritises reducing the bias rather than the 

variance, in opposition to bagging approaches (Kotsiantis, 2014). 

On a final note, rather than minimising the sum of squared deviations as AID did, 

decision tree algorithms typically optimise the decrease in either entropy or the 

Gini index of the training dataset in the case of classification (Kingsford & 

Salzberg, 2008), and the mean residual sum of squares for the regression 

problem (Banerjee et al., 2019). Other significant decision tree algorithms and 

their ensembles will not be covered here to avoid being exhaustive. 

2.7.5.3 K-nearest neighbours (KNN) 

This methodology in ML is similar to SVMs in the sense that it uses the feature 

space and the computation of distances (usually Euclidean) to train supervised 

models (Z. Zhang, 2016). However, the key distinction lies in the approach to 

decision boundaries: KNN relies on the local characteristics of data points and 

their proximity (neighbourhood) (Figure 18), while SVMs aim to find a hyperplane 

that maximally separates different classes in the feature space. It was first 

developed in 1951 by Fix and Hodges (Freund & Schapire, 1997), and expanded 

upon by Cover (Cover & Hart, 1967). 

A key parameter in the KNN algorithm is the k. This integer corresponds to the 

number of neighbours to include in each neighbourhood. Larger k values reduce 

variance due to random error or noise but run the risk of underfitting due to less 

distinct boundaries (Z. Zhang, 2016). Striking a balance between overfitting and 



84 

underfitting in this type of algorithm greatly depends on the choice of k, and 

several methods exist to determine the optimal value for a specific dataset, such 

as the elbow method (Shi et al., 2021). 

Figure 18. In this example, the pretrained KNN model classifies the test sample as 

belonging to the c1 cluster as its distance to that centre is smaller than the 

distance to c2 cluster centre. [Obtained from Saadatfar et al., 2020] 

2.7.5.4 Regularization in linear regression 

The goal of regularization is to prevent estimators from developing overly 

complex models. More specifically, regularization is a method to prevent 

overfitting by adding a penalty term to the objective function that the algorithm 

minimises. The most common types of regularization are L1 regularization 

(Lasso) and L2 regularization (Ridge). They are mostly applied to linear 

regression models but the regularization concept has been applied to other types 

of algorithms as well (Lemhadri et al., 2021).  

Ridge regression, also known as Tikhonov regularization or Tikhonov-Phillips 

regularization after the original proposers, although it was Hoerl who coined the 

term Ridge regression and applied it to the finite-dimensional space (Hoerl & 

Kennard, 1970). It was developed to solve the problem of multicollinearity (one 

predictor can be perfectly predicted from others) in ordinary least square 

estimators, the standard approach to inferring linear regression coefficients. 
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Ridge regression shrinks the coefficients of correlated predictors equally towards 

zero, but does not make them vanish, resulting in so-called dense models. It is 

an ideal solution for datasets in which there are many predictors each having 

small effects (Hastie, 2020; Ogutu et al., 2012). For a given linear equation (θ

model parameters notation is replaced by β for regression coefficients): 

𝐲 = μ𝟏𝐧 + 𝐗β + ε (2-14)

Where 𝐲 is the target vector, 𝟏𝐧 is a column vector of n ones and μ is a common 

intercept, 𝐗 is a n × p matrix of predictors; β is the vector of the regression 

coefficients of the predictors and ε is the vector of the residual errors, we add the 

ℓ2 -norm penalisation term: 

‖𝛃‖2
2 =∑𝛃𝑗

2

𝑝

𝑗=1

(2-15)

And the regression estimator’s task is to find the model coefficients β that 

minimise: 

∑(𝑦𝑖 − 𝑥𝑖
𝑇𝛽)2

𝑛

𝑖=1

+ 𝜆∑𝛃𝑗
2

𝑝

𝑗=1

(2-16)

Where 𝑥𝑖
𝑇𝜆 is the i-th row of X is the tuning parameter which regulates the strength 

of the penalty and must be higher or equal to 0. It is dependent on the data but 

can be optimised (selected appropriately) by cross-validation experiments by the 

user. The intercept is ignored by centering X and y upfront. 

In contrast, in Lasso regression, the ℓ1 penalty is: 

‖𝛃‖1 =∑ |𝛃𝑗|

𝑝

𝑗=1

(2-17)

Which obtains a sparse solution (it assumes many coefficients to be close to zero) 

that makes it an appealing variable selection method, in a similar vein as CART 

trees. It is an efficient and fast algorithm suitable for massive datasets, but it 

presents several downsides. In cases of multicollinearity, it will arbitrarily pick out 

one of the highly correlated variables and ignore the others, and it cannot select 



86 

more variables than samples. Overall, it lacks the oracle property that states that 

a procedure can estimate the variables with zero-coefficient value with probability 

asymptotically tending to 1 consistently (its inferring mechanism contains 

inherent biases such as the above described that can lead to erroneous 

estimations) (Ogutu et al., 2012). In other words, it is not the perfect variable 

selection algorithm from the statistical point of view (adaptive Lasso claims to 

resemble more closely an oracle procedure) (H. Zou, 2006) but rather a useful 

device in the ML practitioner’s toolbox and a valuable concept to be aware of. 

2.7.6 Bayesian approach 

To begin with, the quantification of the evidence of two different statistical models 

is a critical concept that allows to understand the fundamental differences 

between the Bayesian methodology and the frequentist methods previously 

described. Hypothesis testing is ingrained in the development of mathematical 

models. The statistical significance of regression parameters (whether they are 0 

or not) should be addressed for every trained model if possible. This assessment 

is performed differently in each paradigm.  

Classical inference is based on extrapolating population parameters (never 

observed) from a particular sample (observed data), contrary to Bayesian 

inference. In classical inference, the interpretation of the p-values of null-

hypothesis tests is usually oversimplified. P-values provide long-run probability 

statements over what would be expectedly observed if we sampled repeatedly 

from a population. If a comparison test between two conditions indicated that their 

mean difference had a two-tailed p-value of 0.01, the correct interpretation is that 

the probability of observing a difference equal or larger than the currently 

observed is 1%, assuming the null hypothesis be true. The 95% confidence 

interval for the difference between two treatments is interpreted as: 95% of 

sampling experiments will construct an interval containing the population 

difference. These methods describe the performance of the method over many 

samples rather than the probability that the parameter is within the confidence 

interval (Baldwin & Larson, 2017). This raises an important issue as scientists 

normally interpret hypothesis testing results as the evidence of a particular 
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hypothesis vs another; p-values are probabilities that assume the null hypothesis 

is true and are not meant to be interpreted in this manner (Cohen, 1994).  

Bayes factors are the Bayesian’s non-binary and more precise alternative to the 

task of comparing datasets or models. The ratio of two competing statistical 

models, based on the magnitude of the evidence that supports them, enables a 

clear interpretation of which model is more likely. Similarly, Bayesian credible 

intervals embody the common interpretation of frequentist confidence intervals: 

for the case of 95% credible intervals, there is a 95% probability that the true 

(unknown estimate) would lie within the interval, given the evidence provided by 

the observed data (Hespanhol et al., 2019). The unobserved data is not 

considered; thereby avoiding the potential for poor analysis being conducted with 

the purpose of catering to peer-reviewed journals privileging statistically 

significant results  (Rosenthal, 1994). 

To summarise, despite the potential for Bayesian hypothesis comparison to yield 

erroneous conclusions with a small and unrepresentative sample of a population, 

it refrains from drawing conclusions on unobserved data. Its findings can be 

accepted at face value, given the presented data and a justifiable belief in the 

modelled system. In contrast, classical models may lead to presumptuous 

conclusions (declaring a model is or is not statistically significant) due to 

numerous inherent assumptions if not used carefully. When dealing with limited 

data, the explicit incorporation of prior knowledge in Bayesian models enhances 

their value as a framework for quantifying uncertainty as a measurable variable. 

This approach offers an alternative to relying on statistical significance tests that 

are highly dependent on sample size. 

2.7.6.1 Bayes’ theorem 

Bayesian modelling tackles parameters for which the modeller has some 

previous knowledge about (prior probability distributions). These prior beliefs are 

updated with the observations (the likelihood of the prior beliefs being true given 

the data) to produce the final probabilities of said parameter values’ (posterior 

probability distributions).  

The mathematical equation of the Bayes’ theorem states (Westbury, 2010): 
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𝑃(𝐴|𝐵) =
𝑃(𝐵|𝐴)𝑃(𝐴)

𝑃(𝐵)
(2-18)

𝑃(𝐴|𝐵) and 𝑃(𝐵|𝐴) are the conditional probability of event A occurring should B, 

and vice versa. 𝑃(𝐴)  and 𝑃(𝐵) are the probabilities of observing events A and B, 

respectively.  

Replacing the generic A and B events to explain this equation more intuitively in 

the context of modelling parameters using beliefs and observations leads to: 

𝑃(𝜃|𝑋) =
𝑃(𝑋|𝜃)𝑃(𝜃)

𝑃(𝑋)
(2-19)

Where 𝑋 represents the observations and 𝜃 represents the models’ parameters. 

The left side of the equation is the posterior probability of observing the model’s 

parameters θ having observed the data. The prior probability 𝑃(𝜃) is predefined 

by the modeller, and 𝑃(𝑋) is the marginal likelihood, the probability of the data. 

The marginal likelihood can simply be viewed as the normalizing factor needed 

so that the sum of the posterior probabilities equal 1, making the posterior a valid 

probability distribution (T. S. Lee & Mumford, 2003), hence it is normally ignored 

when discussing said theorem. Hence the Bayes’ theorem essentially equals: 

𝑃(𝑝𝑜𝑠𝑡𝑒𝑟𝑖𝑜𝑟) = 𝑃(𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑)𝑃(𝑝𝑟𝑖𝑜𝑟) (2-20)

The choice of prior has a major impact on the final model, and many have 

manifested concerns over the subjective nature of this choice, however 

Bayesians downplay these, arguing that many of the decisions in research are 

subjective (measures, participants,  questions, design). All statistical methods 

make assumptions over the data that are not objective, the choice of likelihood 

(is the data normal, binary, count, highly skewed?) being far more important than 

the choice of prior (Baldwin & Larson, 2017).  An advantage of priors is the 

possibility to inject previous domain knowledge into the modelling process, which 

can be used to increase the model’s performance or to validate whether prior 

beliefs hold true when confronted with new observations (Wagenmakers et al., 

2018). As Wagenmakers states; any statistical paradigm that cannot incorporate 

such [prior] knowledge seems overly restrictive and incomplete. The founding 
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fathers of classical inference –including “Student” and Fisher– mentioned 

explicitly that their methods apply only in the absence of any prior knowledge. 

The choice of prior is the next item to consider. Some authors suggest that using 

anything other than non-informative priors (those that do not convey any specific 

prior beliefs, such as a uniform distribution in which all parameter values have the 

same probability)  is incompatible with the standards of research integrity (García-

Pérez, 2019). Non-informative priors result in models similar to those that 

frequentist methods would obtain as only the likelihood would play a role in 

inference. The argument is that population parameters are not random variables 

(there is a true value that can be estimated), however this true value has also 

been discussed during this review as not being appropriately handled in the 

frequentist paradigm either.   

Opposing this idea is that the capability to use completely uninformative priors 

arguably does not exist, hence any choice of prior (even non-informative ones) is 

subjective (i.e., the limits of the uniform distribution are already a subjective 

choice). Non-informative priors are important if they reflect the true state of 

current knowledge or to compare them as a baseline to more informative priors; 

the data drives the model as happens in frequentist models. Experts in the field 

generally recommend the use of weakly informative priors (i.e., wide Gaussian 

distributions) based on common sense and general domain knowledge so that 

the final model reflects the plausible parameter space (Van Dongen, 2006). In 

this manner the models do not explore configurations that have no basis in reality.   

Regarding strongly informative priors, unless the domain knowledge is very 

reliable, the main objection to their use is that they may mismatch the observed 

data and produce a prior-data conflict. Notwithstanding, the benefits of their use 

are highly significant; they can reduce the required sample size for developing 

robust models as they incorporate previous knowledge in the form of beliefs 

rather than observations (Mutsvari et al., 2016). 

Ideally, the scientific community employing Bayesian modelling should properly 

explain their choice of prior (even the non-informative priors) and provide their 

data so that other scientists with different opinions can trial their own prior beliefs 

(Van Dongen, 2006). 
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2.7.6.2 Markov Chain Monte Carlo 

Conjugate distributions are those in which the prior and posterior probabilities 

come from the same distribution family. In such cases, the prior is called a 

conjugate prior for the likelihood function (Hackenberger, 2019). Examples of 

conjugate distributions are a Bernoulli likelihood and a beta prior, or normal 

likelihoods and priors. Prior to the advent of computers, conjugate priors were 

convenient to provide an analytically tractable solution, derived as a closed-form 

expression, for the posterior  distribution (Fink, 1997). In spite of this, the 

computation of conjugate prior solutions is not always feasible (Robert, 2007). 

For cases such as these, and  those for which it is not possible to derive a closed-

form solution, numerical methods are required to search the parameter space for 

the optimal solution, such as Markov Chain Monte Carlo (MCMC) methods (K. 

Choi, 2023). 

The first iteration of the Monte Carlo method was published in 1949 by Ulam and 

Metropolis (Metropolis & Ulam, 1949). Ulam conceptualized the idea after 

attempting exhaustive combinatorial calculations of the chances that a particular 

solitaire game would be successful and realizing computers could perform this 

search (Andrieu et al., 2003). Metropolis would later create one of the most 

popular MCMC algorithms that was baptised with his name (Metropolis et al., 

1953). Hastings would later improve upon this algorithm by generalising it for non-

symmetrical proposal distributions (Hastings, 1970).  

The principle of Monte Carlo methods can be understood as Anything we want to 

know about a random variable θ, we can learn by repeated sampling from the 

probability density function of θ (Jackman, 2004). Monte Carlo methods propose 

a simulation framework in which the mathematical random processes are called 

Markov chains. These processes draw thousands of samples from the posterior 

(given a prior and likelihood distributions) until it has been characterised. Chains 

iterate over different plausible parameter values which usually get updated (if a 

chain gets stuck there may be a problem with the models’ initial configuration) 

and the range of calculated values are used to reach a consensus of the 

parameter’s probability density function; the chain converges on the posterior 

distribution (Baldwin & Larson, 2017). Several chains are computed, and the 

conclusions of each (do they agree?) serve as a measure of the robustness of 
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the model (A. Tan et al., 2015). Detailing the manner in which MCMC algorithms 

determine what samples to draw and how to update the chains is out of the scope 

of this review. 

2.7.6.3 Bayesian hierarchical linear regression and its MCMC inference 

The Bayesian methodology can be used to estimate the parameters of linear 

regression. Furthermore, these parameters can be inferred over multi-level 

datasets, in which samples belong to more than one level or group. 

In this regard, a predictor 𝑥 is considered pooled when there is a single parameter 

𝜃 across different groups of data 𝑥𝑗. If there is a unique parameter 𝜃𝑗 for each 

group of  𝑥𝑗 datapoints, then the predictor is referred to as non-pooled, as the 

datapoints of different groups were not pooled together to infer a single 𝜃

applicable to all datapoints. Bayesian hierarchical models are composed of a set 

of sub-models, one for each group, in which the datapoints of a specific 

parameter 𝜃 can be either pooled across all available datapoints to infer it 

(indicated by not including a group subindex in 𝜃), or each 𝑗 group is assumed to 

present a different parameter 𝜃𝑗, which is inferred using only the 𝑥𝑗 datapoints of 

that group.  

Figure 19. Representation of 𝒙 as a non-pooled predictor for three different data 

groups (left), or as a pooled predictor for all data groups (right). 

Presented next is a specification of the distribution for the response variable 𝑌𝑖𝑗

in the context of a Bayesian hierarchical model. Contrary to the linear regression 

MLE in the classical scenario as conceived by Fisher, in which the likelihood is 
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assumed to follow a normal distribution, a different distribution for the likelihood 

can be assumed, depending on the nature of the data.  

In this case, Student's t-distribution is better suited to overdispersed data, which 

occurs when the variability in the data exceeds what would be expected from a 

standard statistical model that assumes normality (Lambert, 2018). 

𝑌𝑖𝑗 ~ Student(𝜈𝑗 ,𝛼𝑗 + 𝛽1𝑗𝑋1𝑖𝑗 + 𝛽2𝑗𝑋2𝑖𝑗 + ⋯+ 𝛽𝐾𝑗𝑋𝐾𝑖𝑗,𝜎𝑗) (2-21)

Where 𝑌𝑖𝑗  represents an independent observation 𝑖 in group 𝑗, 𝜈𝑗 the degrees of 

freedom parameter for the Student's t-distribution (also known as normality 

parameter; as it increases the distribution converges to a normal distribution), 𝛼𝑗

the intercept for group 𝑗, 𝛽1𝑗, 𝛽2𝑗, . . . , 𝛽𝐾𝑗 the regression coefficients for the 

predictor variables 𝑋1𝑖𝑗, 𝑋2𝑖𝑗, . . . , 𝑋𝐾𝑖𝑗 and 𝜎𝑗 the scale parameter (traditionally the 

standard deviation for normal distributions) for group 𝑗. In the case of hierarchical 

linear regression, the centre of the distribution, 𝜇, is the mean of the distribution 

for group 𝑗;  𝜇𝑗 = 𝛼𝑗 + 𝛽1𝑗𝑋1𝑖𝑗 + 𝛽2𝑗𝑋2𝑖𝑗 +⋯+ 𝛽𝐾𝑗𝑋𝐾𝑖𝑗. Notice we are referring to 

the centre of the posterior predictive distribution, instead of a singular predicted 

value as in the classical regression scenario. 

Below is a plot (Figure 20) showing how 𝜈 and 𝜎 impact the shape of a localised 

at 𝜇 = 0 Student's t-distribution.  

Figure 20. Student’s t distributions at different parametrizations. 
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This is compared to the more commonly used normal distribution in Figure 21.  

Figure 21. Comparison of Student t’s and normal distributions at different 

parametrizations. 

The degrees of freedom 𝜈 controls the weight of the tails (their probability mass) 

and 𝜎 controls the width of the peak (same for the normal distribution). The 

fatness of the tails at low 𝜈 values allows to accommodate extreme values with 

higher probabilities, minimising the possible impact of outliers or in other words, 

increasing its robustness and reducing its sensitivity to their influence. 

However, there is an additional complexity in the case of a hierarchical model, as 

each group has its own sub-model as was explained earlier. The global model's 

distribution parameters are not singular values; instead, they can be assigned a 

distribution of possible values inherited by the sub-models (hyperpriors). The 

parameters of these distributions that define other parameters in the model are 

known as hyperparameters. When no priors are specified, such as when there is 

a lack of prior beliefs in the domain, a common approach to defining the set of 

prior beliefs is by computing default priors (weakly informative) based on the 

implied partial correlations of each predictor to the target variable: 

𝛼𝑗 ~𝒩(𝜇𝛼 = 0,𝜎𝛼 = HalfNormal(𝜎 = 10))

𝛽𝑘𝑗 ~𝒩(𝜇𝛽𝑘 = 0,𝜎𝛽𝑘 = HalfNormal(𝜎 = 25))

(2-22)
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This means that each group 𝑗 will have its own intercept 𝛼 with a normally 

distributed prior located at 0, with a standard deviation hyperprior to which we 

assign a half-normal distribution with 𝜎 = 10. Therefore, even though its prior is 

fixed at 0, its scale has its own distribution of plausible values (a probability 

distribution within a probability distribution). The same applies to 𝑗 group’s 𝛽𝑘

predictor coefficients, however a higher uncertainty can be attributed to them 

compared to the intercepts, depending on the data in question (𝜎 = 25 > 10 ). 

Prior to numerical computation of the posterior distribution using these priors, it 

must be noted that the Student’s likelihood parameters 𝜎𝑗 and 𝜈𝑗 are usually 

specified by these distributions (by default): 

𝜎𝑗 ~ HalfNormal(𝜎 = 1)

𝜈𝑗 ~ Gamma(𝛼 = 2,𝛽 = 0.1)

(2-23)

Hence, the posterior distribution can be estimated using Markov Chain Monte 

Carlo (MCMC): 

𝑃( 𝛼,𝛽,𝜎, 𝑣 | 𝑌,𝑋 ) ∝ 𝑃( 𝑌 | 𝛼,𝛽,𝜎, 𝑣,𝑋 ) ∙ 𝑃(𝛼) ∙ 𝑃(𝛽) ∙ 𝑃(𝜎) ∙ 𝑃(𝑣) (2-24)

In which the conditional probabilities are the posterior distribution (left of the 

equation) and the likelihood, and the individual probabilities are the priors of the 

model’s parameters. 

The posterior samplers can be constructed using a Metropolis within Gibbs 

scheme (Abril-Pla et al., 2023), which combines the simplicity of univariate 

parameter updates—as in the case of the Metropolis-Hastings algorithm but with 

improved computational efficiency—not relying on full joint density distributions, 

but rather leveraging the conditional nature of Gibbs sampling (in which every 

draw is added to the chain without checking for acceptance, but usually requires 

more draws). In the Metropolis within Gibbs framework, parameters are updated 

sequentially by proposing a new value for a parameter and evaluating its 

acceptance based on a proposal distribution. This approach is seamlessly 

integrated with the exhaustive multivariate conditional updates inherent in Gibbs 

sampling, where each parameter is updated conditioned on the current values of 

all other parameters (Gilks et al., 1995b). Many models only use continuous 
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distributions for their parameters, and in the current iteration of PYMC (PyMC5), 

which is the package used in this project for inference, the default MCMC 

algorithm for continuous distributions is the No-U-Turn-Sampler (NUTS) (Abril-

Pla et al., 2023; Hoffman et al., 2014), an Adaptive Dynamic Hamiltonian Monte 

Carlo.  

Hamiltonian Monte Carlo (HMC) treats parameters as positions and their 

gradients to the target distribution as momenta, so that steps (the proposals 

regarding plausible parameter values) do not follow a random walk behaviour, 

providing a more efficient exploration of high-dimensional parameter spaces. 

However, HMC encounters challenges in parameter spaces with piecewise 

smoothness, where some regions exhibit transitions (different geometries) that 

are not well-handled by the leapfrog nature of HMC, leading to suboptimal 

performance (Afshar & Domke, 2015). NUTS, being an extension of HMC, 

addresses these challenges by dynamically adapting the number of steps to take 

and efficiently exploring complex posterior distributions. More specifically, NUTS 

uses binary trees to explore multiple trajectories simultaneously, dynamically 

determining the optimal number of steps by doubling until a “U-turn” (trajectory 

that loops back on itself) is detected, thereby avoiding geometric pitfalls by using 

this information to determine what path to take. The step size is adapted during 

the burn-in phase (where the chain explores an appropriate initial starting point 

while discarding the samples drawn so far) to a target acceptance rate, and used 

at all other remaining steps of inference (Monnahan et al., 2017). The target 

acceptance rate is the percentage of iterations in which the proposals were 

accepted and is set by the user; generally, at 80%. Higher target acceptance 

rates result in a lower number of divergences during inference, which occur when 

a Hamiltonian trajectory fails to capture the behaviour of the target distribution, 

leading to a departure regarding the true trajectory. This occurs typically in 

regions of high curvature or steep gradients in the posterior distribution (therefore 

the simulation cannot be trusted). Divergences are minimised with appropriate 

step sizes (Stan Development Team, 2022). The downside to higher target 

acceptance rates is usually slower sampling. 
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After the description of the Bayes theorem, the differences between frequentist 

and Bayesian methods, which have already been addressed previously, are 

detailed in more depth in the next section. 

2.7.7 Bayesian vs frequentist methods 

Bayesian statistics are older than frequentist statistics, but due to the 

computational challenges they were neglected over the years, until new 

algorithms such as MCMC and improvements in their accessibility enabled a 

larger adoption by data analysts. Hackenberger enumerates in simple terms 

several of the key differences of Bayesian over frequentist statistics 

(Hackenberger, 2019): 

 As long as the prior probability model is set correctly, all relevant 

information in the Bayesian setting is contained in the observed data rather 

than the unobserved. The use of p-values, as they are partly determined 

by never observed data (extrapolating sample metrics to population 

metrics) is one of the main objections of frequentist hypothesis testing. The 

null and alternative hypothesis paradigm is replaced by the subjective 

choice of what is a suitable prior. 

 In frequentist approaches, the experimental design must be specified in 

advance as it influences hypothesis test results. In frequentist hypothesis 

testing it is not the same to challenge the hypothesis that there is the same 

chance of picking a head or a tail in a coin toss if the observations are 

generated by throwing a coin until heads is obtained (a series of Bernoulli 

trials, a geometric null distribution), than if throwing a number of coins in 

the air and randomly picking them out (a binomial null distribution). 

Hackenberger illustrates this point by attempting to infer the probability of 

a mouse being male or female under these two different experimental 

designs (Figure 22) from a population of 7 mice (picking mice one by one 

until you encounter a male or randomly pick 7 mice and count number of 

males). In the first case the null hypothesis that  𝑃(𝑀𝑎𝑙𝑒) = 𝑃(𝐹𝑒𝑚𝑎𝑙𝑒) (p-

value = 0.031) can be rejected because it took 7 trials until a male was 

found, but there is not enough evidence in the second experiment (one 



97 

male was found among seven random mice) for such a claim (p-

value=0.227). In the Bayesian set up, the experiment design would not 

have impacted this computation. Supposing the choice of prior is a beta 

distribution, it is possible to calculate the probability that the sex ratio in 

this mice population is not 1:1 as P=0.92, or 92%, in either of the design 

cases. 

Figure 22. Absolute frequency probabilities of number of male mice to be found 

in a sample of 7 random mice, inferred from two different experimental designs 

both originally observing only 1/7 mice are male. The geometric distribution 

clearly illustrates there is sufficient evidence to conclude it is probable to only 

find one or no male mice, whilst in the binomial distribution experiment this 

was not evident thus the binomial probability of 50% of a mouse being a male 

mouse still stands. [Obtained from Hackenberger, 2019] 

 Bayesian methods have an advantage over frequentist methods when 

comparing two datasets, as the latter typically depend on the assumption 

of normality of the hypothetical population the samples come from and that 

the observed samples’ parameters are representative of the population’s 
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parameters. They estimate, with a specific confidence (i.e., 95%), what a 

parameter’s value will usually be. Bayesian analysis answers the question 

“What is the probability of the hypothesis given the measured data?” via 

an estimation of the ratio of probabilities of two different hypothesis (the 

Bayesian factor previously mentioned) that quantifies the support for each 

rather than simply accepting or rejecting the null hypothesis. 

There are other considerations, but Hackenberg concludes they each have their 

own strengths and weaknesses and that they are both powerful tools to be 

considered. Bland & Altman, proposers of the difference plots that have adopted 

their name (Bland & Altman, 1986), have a different opinion which they 

enunciated in 1998 (Bland & Altman, 1998); frequentist statisticians are 

developing an interest in the Bayesian method as it can provide solutions to 

difficult problems and they expected that the presence of Bayesian analyses in 

the scientific literature would grow. 

The final consideration for  the development of predictive regression models is to 

decide what data will be used for inference, which is the subject of the next 

section. 

2.7.8 Feature selection in Machine Learning  

In the generation of a mathematical model, it is unlikely that any or every 

candidate predictors 𝑋 is relevant for the modelling of the target variable 𝑦. 

Feature selection refers to the identification of the most relevant features to 

explain the behaviour of variable 𝑦 across its known range of possible values. 

This includes removing variables, as well as creating new variables from the ones 

that already exist (Chicco et al., 2022). Feature selection is part of the feature 

engineering process, which also includes preprocessing the data in order to 

define a solvable mathematical problem and handling data such as outliers. 

There are many approaches to feature selection, which can be classified 

according to the algorithm type (Pudjihartono et al., 2022; Saeys et al., 2007): 

 Univariate filters 
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o Rank features based on a specific metric, and those below a 

threshold are removed (i.e., Spearman rho, Pearson correlation, t-

test, etc.). 

o These methods are fast and scalable, but do not consider 

interactions between features, which might lead to oversights in 

determining which is the optimal feature set. 

 Multivariate filters 

o Similar to univariate filters but can consider several features at the 

same time (i.e., mutual information feature selection). 

o The properties of these methods are the opposite of univariate 

filters; they are more accurate, but slower performing. 

 Wrapper methods 

o The filter methods were agnostic of the type of modeller being 

employed; wrapper methods use the performance of the modelling 

algorithm to aid selection of the optimal features (i.e. recursive 

feature elimination or sequential selection). 

o The slowest type of algorithm, but generally the most accurate in 

providing the optimal feature set, with a possible downside; this set 

can be overfitted unless appropriate sampling strategies are 

employed. 

 Embedded methods 

o The feature selection is built within the modelling algorithm; during 

training, the algorithm is performing feature selection internally (i.e. 

Lasso and Random Forest). 

o Provides an intermediate balance between the properties of filter 

methods and wrapper methods, however the optimal set of features 

is conditioned by the inferential approach of the modelling 

algorithm. For example, in Random Forest the optimal features will 

likely be those that by binary splits provide the best results.  

The “no free lunch” theorem (Wolpert & Macready, 1997) states that no single 

algorithm is optimal for all problem settings; each have their own strengths and 

weaknesses and require iterative testing over the data collected.  
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For brevity’s sake, only the following algorithms that played an important role in 

this project will be elaborated upon: 

Boruta 

Boruta was published in 2010 by Kursa and Rudnicki (Kursa & Rudnicki, 2010). 

It is a wrapper algorithm employing the embedded feature selection of ensembles 

of decision trees, such as Random Forest, leveraging the high versatility of this 

algorithm (suitable for many regression problems). 

Boruta aids feature selection in high-dimensional datasets, utilising the 

importance scores of Random Forest. The main innovation of its algorithm are 

shadow features, created by random permutation, that enhance the benchmark 

of each feature’s significance by assessing the impact of switching each feature 

with random noise on modelling performance. As of June 2024, the original 

Boruta paper has been cited over 3.9k times according to the Journal of Statistical 

Software, indicating its methodology has been approved for use by a substantial 

part of the scientific community.  

Autofeat 

On the opposite side of the versatility of ensembles of decision trees (the 

algorithm under the hood of Boruta), are linear regression models, only suitable 

for datasets in which the patterns between the variables are of a linear nature or 

have been effectively transformed into such. Autofeat (Horn et al., 2020) is also 

a wrapper algorithm, built in this case over the Lasso modelling algorithm (which 

has its own embedded feature selection process such as Random Forest). The 

use of feature permutation is also an inherent part of the feature selection 

process. It can be considered as an alternative to Boruta when searching for 

models of a linear nature, however it also presents the capacity to generate new 

features based on combinations of original features (such as by polynomial 

transformations), if the user requests so. 

Laplacian priors 

The use of Laplacian priors over the parameters of the linear regression equation 

in a Bayesian setting has been likened to feature selection using Lasso (T. Park 

& Casella, 2008). Laplacian priors place more probability mass on the centre of 
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the distribution; the distribution is not bell-shaped such as the normal distribution 

but much sharper (Figure 23). The scale parameter is notated as 𝑏 instead of 𝜎. 

Figure 23. Laplace distributions compared to normal distributions. 

As a result of placing Laplacian priors on parameters with a centre location at 0, 

the prior belief in the possibility that those parameters are 0 is stronger. The 

model’s training will penalise non-significant parameters (parameters with values 

close to 0) unless the data’s likelihood clearly suggests that a parameter is 

significant in the model. Other popular Bayesian methods for feature selection 

similar to the usage of Laplacian priors are the spike-and-slab (Ishwaran & Rao, 

2005) and regularized horseshoe (Piironen & Vehtari, 2017).  

2.7.9 Applications in the food industry 

This final section of the literature review shifts the focus from the technical 

aspects of ML to its current applications. Since the 2010s, the increased 

accessibility and power of ML algorithms, combined with the creation of 

expansive datasets, have led to numerous applications in the food industry. 

These advancements have enabled the efficient analysis of large and complex 
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datasets and the extraction of valuable insights within the sector. A few examples 

of which are discussed below: 

 Spoilage in several food products (beef, salmon, fruit and vegetables), 

which can occur by microbial or fungal contamination, has well 

established detection workflows using rapid sensors (spectroscopy or 

multi- and hyperspectral imaging) coupled with signal analysis via ML, 

which are capable of competing against the traditional methods such as 

FT-IR or gas chromatography coupled with mass spectrometry (H.-J. He 

et al., 2014; Nychas et al., 2021; Panagou et al., 2014a, 2014b). 

 Adulteration detection can also be tackled with the previous imaging-

based approach (Goyal et al., 2024), for example to detect sweeteners in 

honey (Razavi & Kenari, 2023) or Atlantic salmon mixed with cheaper fish 

(P. Li et al., 2023). 

 Flavour prediction is influenced by numerous and complex factors, 

making it a perfect target for ML approaches and numerous studies have 

been published in this vein (Ji et al., 2023). Employing ML to assist 

breeding programs (Colantonio et al., 2022) is a promising avenue for 

earlier optimization of plant-based foods.   

 Demand forecasting can help minimise food waste, as was proven by 

Rodrigues et al. recently in a small, short-term study. Based on date and 

weather data, a reduction in food waste between 14 and 52% was 

achieved at three different student and company catering services 

(Rodrigues et al., 2024).  

 Food sorting, such as classification of foods aimed at automating the 

digital food industry (Tsakanikas et al., 2020), or the identification of 

restaurants prone to cause food poisoning using ML-based epidemiology 

(Sadilek et al., 2018).  

 The degree of food processing was recently tackled as a classification 

task (4 classes from unprocessed to ultra-processed) for a dataset of 

several thousand food products, based on nutritional composition of 12 

nutrients. Accuracy was exceptionally high, measured at over 0.95, and 

concluded that 73% of the US food supply (the analysed dataset) was 

composed of ultra-processed foods (Menichetti et al., 2023). 
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 Previous works studying bioavailability exist, focusing mainly on drugs 

and their absorption or post-consumption effects, or similarly on patient 

susceptibility to absorbing toxic compounds or contaminants (Thishya et 

al., 2018). Using as predictors the physicochemical properties of existing 

drug databases, there are several accounts of highly-accurate 

classification models (Morales et al., 2024; Tyagi et al., 2023). Bayesian 

methods have also been employed recently to assess the bioequivalence 

(same therapeutic effects) of two formulations of the same drug (Lv et al., 

2023). 

To date, none of the reviewed applications of ML in the food industry have tackled 

the impact of food matrix effects on bioaccessibility of a compound of interest. 

Highlights 

 Machine Learning is a broad field; this project’s main subject was 

supervised learning of a regression problem.  

 Frequentist methods consider parameters of interest as fixed values, 

Bayesian considers them random variables. 

 Powerful methods for frequentist inference model the data exclusively. 

 Bayesian methods do not only model the data but also allow incorporation 

of previous knowledge, which can introduce additional subjective decisions. 

 Bayesian hierarchical models provide flexibility for multi-group datasets. 

 Selection of predictors is required to minimise risk of fitting data on noise 

and overfitting, especially for small datasets. 

 Machine Learning has seen a wealth of applications in the food industry, 

but none tackling bioactive bioaccessibility as a function of the food matrix 

effects. 
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3 Methodology

This section presents the materials and methods of data acquisition that 

produced, for vitamin E and curcuminoids, a dataset of bioaccessibility in different 

carrier food formulations. In addition to the bioaccessibility quantification 

pipelines, various techniques were applied to characterise the properties of the 

carrier food formulations. Statistical methods from diverse schools of thought 

were then employed to analyse these formulation characteristics and how they 

affected bioaccessibility. The aims and objectives are presented below.  

3.1 Aims and objectives 

The scientific aim of this work is to prove (or disprove) the hypothesis that 

systematic screening of food formulations can provide valuable insights towards 

optimisation of nutrient bioaccessibility and be used to develop a decision support 

system for the design of optimal functional food recipes. To this end, the main 

goal was planned as a series of objectives: 

1. Design and optimise protocols that enable the study of a given compound of 

interest's bioaccessibility in a food formulation in a reproducible, accurate and 

time- and cost- efficient manner. 

2. Apply the protocols to systematically screen the bioactive compound's 

bioaccessibility in  foods formulated with different ingredients, cooking 

methods and physicochemical states.. 

3. Obtain theoretical or empirical data corresponding to the formulations' 

properties that will explain the outcome of why and how they impact the 

bioaccessibility. 

4. Use the explanatory data to develop an accurate predictive model of 

compound bioaccessibility as a function of the properties of the food 

formulation carrier.  

3.2 Bioaccessibility quantification 

3.2.1 Preparation of food matrices 

The ingredients of the base recipes proceeded from commercial brands. Semi-

skimmed milk was purchased from Auchan (Auchan Hauts-de-France) as well as 

corn starch (Maizena) and white sugar (Daddy Sucre). Egg yolks were prepared 
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from egg yolk powder (Gallia, Louis François)  which was reconstituted with water 

according to the manufacturer’s instructions (ratio of 40 grams of egg powder and 

60 mL of potable tap water), and T45 wheat flour (Naturaline) was used as 

received by manufacturer. Mentions of egg yolk quantities throughout this 

manuscript refer to reconstituted egg yolks unless otherwise specified. Tap water 

was used despite the limited chemical data, as it is usual in food research 

manuscripts. 

The custards were prepared by adding, without any 

particular order aside from pouring in the milk as last 

ingredient: 

 60 g corn starch. 

 80 g white sugar. 

 100 g of egg yolks (40 g of powder and 60 g of 

potable tap water). 

 500 mL of milk. 

Components were added to a HotmixPro thermal mixer 

from Vitaeco (Modena, Italy) and cooked for 10 min at 

an agitation of 200 rpm at 85°C. Custards were stored 

at 4°C in 125 mL cylindrical plastic containers up to the 

brim to ensure the surface was flat prior to rheology 

analysis (minimum 3 containers) (Figure 24), and 

afterwards were stored at -20°C. 

The ingredients used to prepare biscuits were:  

 60 g wheat flour.  

 80 g white sugar. 

 100 g of egg yolks (40 g of powder and 60 g of 

potable tap water). 

 10 mL of milk. 

Ingredients were added (in no particular order) and 

whisked until homogenization in a Kenwood Mix 

KMX50 (Yokohama, Japan) and 30 g of dough was 

Figure 24. Custards with (above) 

and without (below) 

curcuminoids, in the plastic 125 

mL containers ready for rheology 

analysis. 

Figure 25. Biscuits with and 

without curcuminoids.  
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shaped into a biscuit form in a circular mould of 10 cm diameter and 2 cm deep. 

Six biscuits were prepared in this manner for each formulation (Figure 25), or until 

no more dough was left. The shaped dough was baked in a professional oven 

Venix G07M (Veneto, Italy) oven for 30 min at 160°C, previously preheated. 

Biscuits were stored in the dark at room temperature in sealed plastic containers 

for a short period of time until further analyses.   

The relative amounts (in mass) of the ingredients of these base recipes of 

custards and biscuits were as follows:  

Table 2. Ingredients of standard and curcumin enriched custards and biscuits. 

Ingredients Custard Biscuit

Semi-skimmed milk (%) 68.3 4.1

Egg yolk (%) 13.2 39.9

Sugar (%) 10.6 32

Corn starch (%) 7.9 -

T45 Wheat flour (%) - 24

Fibre (%)

Custards were made with corn starch instead of wheat flour to ensure a custard-

like consistency. The base recipe of custards and biscuits contained equal 

amounts (mass) of solid ingredients, thereby providing complete matrices that 

facilitated the study of a wide range of ingredient and nutrient combinations, 

including lipids, carbohydrates, proteins, and dietary fibres whilst being simple to 

elaborate. Even though these foods were formulated with almost identical 

ingredients, they also provided the opportunity to study the impact of the physical 

state of the food (viscous vs solid) on bioaccessibility, as custards had 50X milk 

than biscuits. This concept was inspired from a previous study on the impact of 

food matrix microstructure on folate bioavailability (Buffière et al., 2021). 

The information on the labelling of these ingredients would be used to compute 

the nutritional composition of the tested formulations (Table 3).
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Table 3. Nutritional composition of the base recipe ingredients according to products’ labelling (in percentages). Empty cells represent 

unknown/non-existent data and were imputed as 0. *The types of fibre of corn starch and wheat flour were unknown but inferred to be 

mostly soluble and insoluble, respectively, in accordance with the literature (Shewry et al., 2023; Van Hul et al., 2020). 

Ingredients
Energy (kcal) per 

100g
Insoluble 

fibre
Soluble 

fibre
Protein

Carbohydrate Fat
Water Ash

Total Sugars Total Saturated

Semi-skimmed milk 
(%)

47 - - 3.3 4.8 4.8 1.6 1 90.3 - 

Egg yolk (%) 275 - - 12 1 0.64 23.6 - 62 1.4

Sugar (%) 400 - - 0 100 100 0 0 0 - 

Corn starch (%) 355 - 1* 0.5 86 0.5 0.5 0.1 0 - 

T45 Wheat flour (%) 359 2.5* - 9.3 76.7 1 1.7 0.27 0 - 
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3.2.1.1 Vitamin-E-enriched matrices 

Both custards and biscuits were prepared with a 1X concentration of 21 µg/g 

(prior to cooking) of α-tocopherol (T2028) purchased from Sigma-Aldrich (Merck, 

Saint Quentin Fallavier, France). A wide range of alterations to the base recipes 

were considered. However, the choice of formulations to screen was restricted 

due to limitations of the bioaccessibility determination pipeline (Section 3.2.3.1). 

Furthermore, in order to produce matrices similar to these currently being offered 

by commercial brands to the public, commercial dietary fibre supplements were 

used and a limit of 10% dietary fibre supplementation was imposed for custards. 

This limit was also extended to biscuits even though some publicly available 

biscuits provide up to 40% dietary fibres, so that the results of both matrices 

would remain comparable. The following is a list of the vitamin-E enriched custard 

formulations tested:  

 Base recipe with different amounts of corn starch (40 g and 90 g instead 

of 60 g). 

 Replacement of corn starch with white rice flour (Celnat, Saint-Germain-

Laprade, France), tapioca starch (Tate&Lyle, London, United Kingdom),  

coconut flour (Ecoidees, Soultz-sous-Forêts, France), and a 50:50 mix of 

corn starch and coconut flour. 

 Supplementation with inulin (Bulk, London, England), microcrystalline 

cellulose (REDWELLS, Windsor, England), apple fibre 

(FoodSolutionsTeam, Zurich, Switzerland), pea fibre (Roquette, Lestrem, 

France), and wheat fibre (JRS, Rosenberg, Germany) at 2%, 5%, and 10% 

supplementation after the base ingredients were weighed and added. 

These percentages refer to the mass of the base recipe mix prior to 

supplementation (10% supplementation of a 750 g custard batch would 

require the addition of 75 g of fibre supplement). 

In the case of biscuits, the following formulations were tested: 

 Base recipe with vitamin E at different concentrations (21, 105, 210, 315, 

and 420 µg/g). 
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 Base recipe cooked at 160°C instead of 180°C for the same period of time 

(30 min). 

 Addition of extra milk to base recipe (20 mL instead of 10 mL). 

 50:50 mix of wheat flour with rice, tapioca, and coconut flours (each 

separately). 

 Supplementation with inulin, microcrystalline cellulose and apple fibre at 

2%, 4%, and 10% supplementation after the base ingredients were 

weighed and added. These percentages refer to the mass of the base 

recipe mix prior to supplementation (10% supplementation of a 250 g 

custard batch would require the addition of 25 g of fibre supplement). 

In total, 22 custard and 16 biscuit formulations were tested.  

3.2.1.2 Curcuminoid-enriched matrices 

Blank custards were prepared without curcuminoid supplementation, whilst 

custards with curcumin were enriched (prior to cooking) with 35.6 mg/100g of 

commercial curcumin powder; curcumin from Curcuma longa (Turmeric) 

(curcumin content approx. 75%, C 1386, CAS 458-37-7, Sigma-Aldrich, Saint 

Quentin Fallavier, France). Blank biscuits were prepared without curcuminoid 

supplementation, whilst biscuits with curcumin were enriched (prior to cooking) 

with 106.7 mg/100g of curcumin powder. 

As was mentioned earlier, the source of variation for the curcuminoid-enriched 

formulations was the addition of fibre supplements, which were mostly of a plant-

based origin (carrot, pea, citrus, wheat) and obtained from commercial 

manufacturers. Fibre source was supplemented at 6% because it was the highest 

concentration that could be applied to both food types to generate formulations 

with significantly different properties, whilst avoiding potentially negative sensory 

properties (pungent flavours or too hard/soft texture) for potential consumers as 

was observed in a small test cohort in the lab. The final ratios of ingredients for 

the case of 6% fibre supplementation are presented in Table 4. The nutritional 

composition of the fibre supplements, according to the products’ specifications 

provided by suppliers (Table 5), together with that of the base ingredients (Table 

3), were used to calculate nutritional composition of the prepared formulations. 

The types of fibres of each supplement were imputed from the literature (Gorlov 

https://www.sigmaaldrich.com/FR/fr/search/458-37-7?focus=products&page=1&perpage=30&sort=relevance&term=458-37-7&type=cas_number
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et al., 2015; C. He et al., 2023; G. Liu et al., 2014; Nawirska & Kwaśniewska, 

2005; K. D. Sharma et al., 2012).  

Table 4. Ingredients (in percentage) of the fibre-supplemented formulations 

compared to base recipes. 

Ingredients Custard Biscuit
6% fibre-fortified 

custard
6% fibre-fortified 

biscuit

Semi-skimmed milk 
(%)

68.3 4.1 64.1 3.8

Egg yolk (%) 13.2 39.9 12.6 37.7

Sugar (%) 10.6 32 10.1 30.2

Corn starch (%) 7.9 - 7.5 -

T45 Wheat flour 
(%)

- 24 - 22.6

Fibre (%) 5.7 5.7

The following soluble fibres were used: a soluble inulin powder Orafti® (Beneo 

GmbH, Mannheim, Germany) from chicory; a soluble fibre Nutriose® FM06 

(Roquette) from Maize, a soluble citrus peel fibre (Ceamfibre 7000, CEAMSA, 

Pontevedra, Spain), two different carrot fibres (FST 00007 KaroPRO 1-26 and 

FST 00018 KaroPRO SG, FoodSolutionsTeams GmbH, Hettingen, Switzerland), 

containing the same amount of both soluble and insoluble fibres but displaying 

different physical properties, an insoluble apple fibre  (FST 00224 ApplePRO 60+, 

FoodSolutionsTeams GmbH), an insoluble yellow pea fibre (Pea fibre 50 M 

Roquette frères, Lestrem, France), an insoluble wheat fibre  (Vitacel WF200, 

JRS, Rosenberg, Germany), and an insoluble microcrystalline cellulose 

(Redwells® London, UK) from wood pulp.  

Finally, liquid matrices (water and milk) were prepared by dissolving 35.6 

mg/100g of curcuminoid powder in room temperature water and semi-skimmed 

milk by vortexing 30 seconds. 
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 Table 5. Supplemented fibre sources and their known nutritional composition (in percentages). Empty cells represent unknown/non-existent data 

and were imputed as 0. *fibre content was imputed from the literature. 

Insoluble 

fibre (%) 

Soluble 

fibre (%) 

Protein 

(%) 
Carbohydrates 

(%) 

Total 

fat 

(%) 

Water 

(%) 

Ash 

(%) 

Cellulose 

(%) 

Hemicellulose 

(%) 

Pectin 

(%) 

Fructans 

(%) 

Lignin 

(%) 

Dextrin 

(%) 
Origin 

Orafti® GR  0 >90 - <10 - 3 <0.2 - - - >90 - - Chicory 

Nutriose® FM06 - 82-88 <0.3 <0.5 0.1 <5 <0.5 - - - - - 82-88 Maize 

FST 00007 

KaroPRO 1-26 

33 27 5 21 1 6 4 41 7 5 - 7 - Carrot 

FST 00018 

KaroPRO SG 

Pea fibre 50 M  >50 - <10 35 - <10 3 20 30 - - - - Yellow pea 

FST 00224 

ApplePRO 60+  
52 8 5.8 27.6 <3.2 <8 1.8 27 16 6 - 10 - Apple 

Ceamfibre 7000 85 1.5 2.9 - 0.8 7.6 - 41 16 1.5 - 6 - Citrus peel 

Vitacel WF200 97 - 0.4 - 0.2 <8 <3 24 73 - - - - Wheat 

Microcrystalline 

cellulose 
100 - - - - - - 100 - - - - - Wood pulp 
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3.2.2 Static in vitro digestion 

Static in vitro digestion was carried out following the guidelines established by the 

INFOGEST consensus protocol (Brodkorb et al., 2019), with slight modifications. 

Since its publication, this protocol has been the most widely used version of static 

digestion simulation; it is regarded as highly efficient in spite of the shortcomings 

of this type of static methods (as was detailed in the literature review, section 2.5) 

and its usage facilitates drawing comparisons to other experiments in the 

literature. 

All reagents, unless specified, were purchased from Sigma-Aldrich (Merck, Saint 

Quentin Fallavier, France). Ultrapure water (from Milli-Q® system) was used in 

solution preparation and other steps unless specified otherwise. Preparing stock 

solutions of the simulated gastrointestinal fluids was the first step. The stocks 

include 1 L solutions that are prepared and stored in independent bottles (so they 

can be reused across experiments) in the fridge at 5 ⁰C of: 

 0.5 M   KCl. 

 0.5 M   KH2PO4.

 2 M   NaCl. 

 0.15 M MgCl2(H2O)6. 

 0.5 M (NH4)2CO3. 

 6 M   HCl (stored in security cabinet for acids). 

At experiment time, two stocks are also prepared (not reused): 

 1 M   NaHCO3. 

 0.3 M   CaCl2(H2O)2. 

These stocks are used to prepare the simulated gastrointestinal fluids through 

the following steps, in the same order as they appear: 

 Simulated salivary fluid (SSF, pH 7) (4 mL per experiment) 

15.1 mL KCl 0.5 M. 

3.7 mL KH2PO4 0.5 M. 

6.8 mL NaHCO3 1 M. 

500 µL MgCl2(H2O)6 0.15 M. 
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60 µL (NH4)2CO3 0.5 M. 

90 µL HCl  6 M. 

Fill to 400 mL with ultrapure water. 

Store in the fridge at 5⁰C for reuse. 

 Simulated gastric fluid (SGF, pH 3) (8 mL per experiment) 

6.9 mL KCl 0.5 M. 

0.9 mL KH2PO4 0.5 M. 

12.5 mL NaHCO3 1 M. 

11.8 mL NaCl 2 M. 

400 µL MgCl2(H2O)6 0.15 M. 

500 µL (NH4)2CO3 0.5 M. 

1.3 mL HCl 6 M. 

Fill to 400 mL with ultrapure water. 

Store in the fridge at 5⁰C for reuse. 

 Simulated intestinal fluid (SGF, pH 7) (16 mL per experiment) 

6.8 mL KCl 0.5 M. 

0.8 mL KH2PO4 0.5 M. 

42.5 mL  NaHCO3 1 M. 

9.6 mL NaCl 2 M. 

mL MgCl2(H2O)6 0.15 M. 

700 µL mL HCl  6 M. 

Fill to 400 mL with ultrapure water. 

Store in the fridge at 5⁰C for reuse. 

After the gastrointestinal fluids have been prepared and prior to the first 

incubation, which simulates the passing of the food through the stomach, only the 

oral amylase and the pepsin are prepared: 

 0.5 mL per digestion experiment of 1.5 kU/mL oral amylase, prepared in 

water. Enzyme in question is thermostable α-amylase from Bacillus sp.

from Megazyme (Bray, Ireland), purchased as part of a starch 

determination kit (K-TSHK) or standalone (E-BSTAA). 

 0.5 mL per digestion experiment of 80 kU/mL pepsin, prepared in water. 

Product in question is pepsin from gastric mucosa (P7000) from Sigma-

Aldrich. 
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The oral phase proceeds as the following: 

1. For biscuits, grind the centres of the biscuits (not the borders) in a Moulinex 

grinder (Fruit Sensation, Moulinex, Paris, France); weigh 3 g of biscuit, grind, 

and take 1.67 g into a 50 mL Falcon tube. Add 3.34 ml of water and vortex. If 

digesting more than one replicate, grind only once for all replicates, by 

grinding extra biscuit (grind approximately 7.5 g of biscuits for 3 replicates). 

The goal is to obtain a tomato-paste-like consistency as recommended by 

Brodkorb et al. 

2. For custards, weigh 5 g in a Falcon tube of 50 mL. As a result, both custards 

and biscuits had a similar concentration of solid matter in the digested 

samples (1.15 g of solid ingredient matter). Similarly, all curcuminoid 

formulation digestions contained approximately 1.78 mg of curcuminoids in 

the digesta. 

3. Mix the 5 grams of food with 4 mL of SSF. Consistency should be of tomato 

paste or mustard.  

4. Simulate mastication by intensely vortexing and inverting until the sample is 

homogenised (typically around 10 seconds). 

5. Add CaCl2(H2O)2 to achieve a total concentration of 1.5 mM in SSF (add 25 

µL). 

6. Add 0.475 mL of water. 

7. Add the amylase prepared in water to achieve an activity of 75 U/mL in the 

final mixture (add 0.5 mL). 

8. Incubate while mixing for 2 min at 37 °C in a water bath. To do this, place the 

50 mL Falcon tubes on a plastic rack, and secure with another rack on top of 

the tubes. Submerge in the bath, and every 15 seconds remove and shake 

for 2-3 seconds.  

The gastric phase is next. No gastric lipase was used in the gastric phase, 

contrary to what the INFOGEST protocol recommends, and human salivary 

amylase was replaced by bacterial amylase. This was due to their prohibitive high 

cost when applied to extensive screening experiments ($10< vs $>120 per 

digestion). Pancreatic lipase was considered instead of gastric lipase, but it was 

observed it had no activity at gastric pH (refer to 3.2.2.1). The major form of 

salivary amylase in humans is α-amylase (Aguirre et al., 1987), therefore it was 
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considered appropriate to substitute it with bacterial α-amylase at the same 

activity concentration. The gastric phase lasts 2 to 3 hours and requires the 

following steps: 

1. Pre-warm the SGF electrolyte stock solution at 37 °C. Add SGF electrolyte 

stock solution to each Falcon tube to achieve a final ratio of 1:1 (vol/vol) (add 

8 mL). 

2. Add CaCl2(H2O)2 solution to achieve a final concentration of 0.15 mM in SGF 

(add 5 µL). 

3. Adjust the pH to 3.0 by adding a defined volume of HCl previously determined 

during a pH-test adjustment experiment. If not, begin by adding 170 µL of HCl 

1 M to only one digestion, determine the optimum volume, and then add said 

volume to remaining digestions immediately before adjusting each digestion 

one by one.  

4. Add water to achieve a 1× concentration of SGF (depends on volume added 

in the previous step; a final volume of 20 mL is to be reached, so 1 mL is 

approx. used).  

5. Add the porcine pepsin solution prepared in water to achieve an activity of 

2,000 U/mL in the final digestion mixture (add 0.5 mL). 

6. Incubate the samples at 37 °C, mixing the digestive mixture sufficiently 

(shaking incubator at 170-200 rpm) for 2 h (starting the countdown at the time 

the pepsin was added).  

During the incubation at step 6, pancreatin and bile are prepared: 

 5 mL per digestion experiment of 800 U/mL pancreatin, prepared in SIF. 

Enzymatic reagent in question is pancreatin from porcine pancreas 

(P7545). 

 2.5 mL per digestion experiment of 0.16 mM bile, prepared in SIF. 

Enzymatic reagent in question is bile porcine (B8631). 

So that the intestinal phase can be performed according to schedule (2-3 hours 

in duration): 

1. Pre-warm the SIF electrolyte stock solution in a 37 °C water bath. 

2. Add SIF electrolyte to the Falcon tubes to achieve a final ratio of 1:1 (vol/vol) 

(add 8.5 mL). 
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3. Add CaCl2(H2O)2 solution to reach a concentration of 0.6 mM in SIF (add 40 

µL). 

4. Adjust the pH to 7.0 by adding a defined volume of NaOH previously 

determined during a pH-test adjustment experiment. If not, begin by adding 

150 µL of NaOH 1M to only one digestion, determine the optimum volume, 

and then add said volume to remaining digestions immediately before 

adjusting each digestion one by one. 

5. Add water to achieve a 1× concentration of the SIF (final volume of 40 mL). 

6. Add the bile solution to the SIF/gastric chime solution to reach a final 

concentration of 10 mM (add 2.5 mL).  

7. Perform the intestinal phase with pancreatin (5 mL, final trypsin activity of 100 

U/mL). 

8. Incubate the samples at 37 °C, mixing the digestive mixture sufficiently 

(shaking incubator at 170-200 rpm) for 2 h (starting the countdown at the time 

the pancreatin was added).  

9. Store digests at -80 °C degrees. 

Every food formulation was digested a minimum of 3 times (3 biological 

replicates) in the case of vitamin E enriched formulations, and a minimum of 6 

times (6 biological replicates) in the case of curcuminoid enriched formulations.   

3.2.2.1 Regarding gastric lipase 

Due to the high cost of the rabbit gastric extract recommended by the INFOGEST 

authors (around $60 per digestion) and given that hundreds of digestions would 

be required for the purposes of the project, it was investigated whether pancreatic 

lipase could be used instead. No other sources of gastric lipase were available 

commercially at the time. The objective in this case was to ascertain whether 

pancreatic lipase retained any significant catalytic activity at a gastric pH, based 

on the protocol from Laachari et al. (Laachari et al., 2015). To do this, Lesieur 

Frial frying oil (Asnières-sur-Seine, France) was subjected to pancreatic lipase 

activity (L3126) from Sigma-Aldrich at different pH conditions. A 50 mM sodium 

phosphate buffer 50mM at pH 7 (Sigma-Aldrich ) was used to simulate the neutral 

pH and a 50 mM sodium acetate buffer (Sigma-Aldrich) at pH 2 to simulate the 

gastric conditions. Lipase solutions at a concentration of 11.5 U/mL were 

prepared using each of these buffers, 3.375 mL were mixed with 125 µl of the oil, 
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and 20 µl of 20 mM CaCl2 (product 328507 from CARLO ERBA, Cornaredo, Italy). 

The samples were incubated in a shaking incubator for 2 hours at 37°C under 

170 rpm, simulating gastric digestion. The reaction was stopped by the addition 

of 1 mL of 6M HCl (Sigma-Aldrich). Diethylether was added (1.125 mL) to 

increase the volume of the organic phase and make it easier to collect. This 

phase was again diluted 1:100 and 1:1000 with isopropanol and analysed in an 

HPTLC-CAMAG machine to quantify tri-, di- and monoacylglycerols and free fatty 

acids. 

Samples were applied to a silica gel 60 F₂₅₄ plate as the stationary phase using ethanol 

as the solvent, with filling and dosage speeds of 11 μL/s and 100 nL/s, respectively. The 

HPLTC development was performed in saturated mode with a mobile phase of heptane, 

diethyl ether, and acetic acid (70:30:1, v/v/v), including pre-drying and post-drying steps. 

Derivatization was carried out using 8% cupric acid in phosphoric acid, followed by 

heating at 120°C for 5 minutes. Plate was scanned at a fixed wavelength of 370 nm using 

deuterium lamp.

Lipase activity was detected at pH 7 in several independent experiments when 

compared to the control, as can be observed in Figure 26, however activity at pH 

2 was not so prominent. Larger peaks of the hydrolysed monoacylglycerols 

(MAGs) and free fatty acids (FFAs) were observed at pH 7 than in the control and 

pH 2 conditions, which was coupled by a slightly smaller peak area of 

triacylglycerols (TAGs) at a 1:1000 dilution (not shown). This was interpreted as 

proof that pancreatic lipase displayed catalytic activity at pH 7 but not at pH 2. 

Further experiments would be required to quantify exactly the enzymatic activity 

at gastric pH so that it could be used appropriately in the protocol, however these 

results provide some evidence that there is a significant loss of activity at acid pH 

of pancreatic lipase, which justifies the exclusion of lipases other than costly 

rabbit gastric lipase for the digestion procedure, in accordance with the 

recommendations of the INFOGEST paper (Brodkorb et al., 2019). 
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Figure 26. HPTLC chromatogram of olive oil subjected to lipolysis by pancreatic 

lipase. It can be observed that the peaks of FFAs and MAGs (as a consequence of 

triacylglyceride digestion) are more pronounced at pHs at which pancreatic lipase 

retains more enzymatic activity (pH 7). 
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3.2.3 Bioaccessibility quantification 

3.2.3.1 Vitamin E 

This experimental protocol presented challenges that restricted screening 

possibilities. Most of the formulations, especially those including fibre 

supplements, had the propensity to partly jellify the extracted samples during the 

quantification procedure. This minimised the reliability of the measurements and 

precluded testing high degrees of fibre supplementation (higher than 4%) reliably.  

Each digesta (the whole sample) as obtained from following the protocol in 

section 3.2.2, was centrifuged using a Centrifuge 5430 R from Eppendorf 

(Hamburg, Germany) at 10 °C for 20 min at 2460 x g to separate the 

bioaccessible phase (soluble in the supernatant) from the inaccessible phase 

(insoluble in the pellet). Sixteen mL of supernatant were passed into new 50 mL 

Falcon tubes and the rest was discarded. Only the pellet was conserved in the 

original tube. The quantification protocol for vitamin E bioaccessibility in each 

digested sample required using all of its volume per experiment, therefore only 

one technical replicate per digesta was possible (one supernatant and one pellet). 

Extraction of vitamin E from the digestas’ supernatants and pellets was performed 

according to Gutiérrez-Peña et al. (Gutiérrez-Peña et al., 2018), with 

modifications. Other methods were tested and found to be unsuitable for the task 

(Stinco et al., 2019)  in dairy matrices; the alkaline hydrolysis step is crucial as it 

removes significant amounts of interferents. These harsh conditions were 

compensated for by the addition of L-ascorbic acid 0.3 M (A92902), purchased 

from Sigma-Aldrich (Merck, Saint Quentin Fallavier, France), as co-antioxidant to 

protect the vitamin E (Chen et al., 2001).  

Two mL of the L-ascorbic acid solution was added to the supernatants (16 mL). 

Pellets, which presented variable mass and volumes in accordance with the 

formulation digested (some formulations had higher amounts of indigestible,  

insoluble compounds)  invariably received 1.5 mL of the L-ascorbic acid solution 

and sonicated for 15 minutes in a bath sonicator to facilitate the release of vitamin 

E from the solid and compacted digestion debris.  
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Afterwards, alkaline hydrolysis was performed by adding 16 mL of 40% (w/v) 

potassium hydroxide (221473, Sigma-Aldrich) in methanol to the supernatant 

+ascorbic solution, and 12 mL to the pellet +ascorbic solution. Both types of 

samples were incubated simultaneously at 65 °C and 170 rpm for 1 hour in a 

shaking incubator.  

For extractions, a blend of 12:3:5 heptane:acetone:isopropanol (from VWR) was 

used. Eight mL of this extraction solution were added to each of the samples (8 

mL to supernatant mixes, 8 mL to pellet mixes). Next, samples were vortexed 

and centrifuged at room temperature and 2460 x g rpm for 4 minutes 

(supernatants) or 20 min (pellets). The organic phases were measured in a Cary 

Eclipse fluorimeter (Agilent, Santa Clara, California, USA) at 295/325 nm 

wavelengths (excitation/emission) with quartz cuvettes.  

3.2.3.2 Curcuminoids 

Curcuminoid bioaccessibility was quantified following the method applied 

previously to buttermilk (Fu et al., 2015) with slight modifications. This method 

required smaller volumes of digesta than the vitamin E quantification and so the 

same digesta could be quantified via several technical replicates. Ethanol and 

chloroform were purchased from VWR Chemicals (Pennsylvania, USA). The 

chemicals were >98% pure and were used as received. Ultrapure water (from 

Milli-Q® system)  was used in solution preparation.  

Briefly, 0.6 mL of homogenous total digested sample (from the protocol in section 

3.2.2) and 0.6 mL of supernatant fraction obtained by centrifuging 1 mL of 

digested sample at 2460 x g in a Centrifuge 5430 R from Eppendorf (Hamburg, 

Germany), were mixed (separately) with 1.0 mL of an ethanol/chloroform solution 

(4:1 v/v) and then vortexed for 1 min. Centrifugation was performed at 1574 x g 

to separate the total fraction from the supernatant fraction (bioaccessible 

fraction). Supernatants were collected, and the extraction was repeated on the 

precipitates once more with 1.6 mL of an ethanol/chloroform/water solution 

(4:1:3, v/v). Supernatants were collected and pooled with the previous 

supernatants. Absorbance of the pooled supernatants was measured at 435 nm 

in an Analytik Jena (Jena, Germany) Specord 205 spectrophotometer. Before 

screening, the peak absorbance wavelength of 435 nm was determined using 
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several digested samples and set as the measurement wavelength for the 

remaining samples, as variations in pH within the range of 5-9 have been shown 

to have minimal effect on peak absorbance (Wulandari et al., 2020). 

Concentrations were inferred based on calibration curve, ranging 1-10 μg / mL 

curcuminoids in the same solvent as the final extractions. Each quantification was 

performed in duplicate (technical replicates) for each digest (biological replicate) 

and averaged. A total of over 6 biological replicates for each food formulation 

were generated in this manner. Bioaccessibility was calculated as (Fu et al., 

2015):  

𝑏𝑖𝑜𝑎𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 (%)

=
(𝑐𝑢𝑟𝑐𝑢𝑚𝑖𝑛𝑜𝑖𝑑𝑠 𝑖𝑛 𝑏𝑖𝑜𝑎𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑙𝑒 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛)

(𝑐𝑢𝑟𝑐𝑢𝑚𝑖𝑛𝑜𝑖𝑑𝑠 𝑖𝑛 𝑡𝑜𝑡𝑎𝑙 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛)
𝑥 100%

(3-1)

3.2.3.2.1 Curcuminoids quantification by HPLC-DAD 

To evaluate whether spectrometry was providing accurate measurements of 

curcuminoid bioaccessibility, a more specific technique was used to validate the 

results.  

Quantification of curcumin (CUR), demethoxycurcumin (DMC) and bis-

demethoxycurcumin (BDMC) was performed by liquid chromatography on an 

HPLC Agilent 1290 equipped with a DAD detector. The HLPC analyses were 

performed using a Thermo Hypersil Gold C18 column (100 × 2.1 mm, 1.9 µm, 

175 A) at 35 °C. Eluents A and B consisted of 0.1% (v/v) formic acid in deionized 

water using a Milli-Q system (Millipore, Molsheim, France) and 100% acetonitrile 

(with UPLC-MS grade from Biosolve Chimie, Dieuze, France), respectively. The 

gradient program started with 2% B, then was increased to 98% B over 18 min 

and held at 98% for an additional 2 min before returning to initial conditions and 

remaining constant for 3 min. The flow rate was 0.400 mL/min and the injection 

volume was 5 µL. Detection was monitored at 220, 262, 280, 430 nm and in the 

range of 210 to 640 nm with 2 nm steep.  

Quantification of curcumin (CUR), demethoxycurcumin (DMC) and bis-

demethoxycurcumin (BDMC) was performed by liquid chromatography-high 

resolution mass spectrometry (LC-HRMS) on an HPLC Agilent 1290 with DAD 

connected to hybrid quadrupole time of flight (Q-TOF) Q-TOF 6538 (Agilent 
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Technologies, France). HPLC analyses were performed using a Thermo Hypersil 

Gold C18 column (100 × 2.1 mm, 1.9 µm, 175 A) at 35 °C. Eluents A and B 

consisted of 0.1% (v/v) formic acid in deionized water using a Milli-Q system 

(Millipore, Molsheim, France) and 100% acetonitrile (with UPLC-MS grade from 

Biosolve Chimie, Dieuze, France), respectively. The gradient program started 

with 2% B, then was increased to 98% B over 18 min and held at 98% for an 

additional 2 min before returning to initial conditions and remaining constant for 

3 min. The flow rate was 0.400 mL/min and the injection volume was 5 µL. 

Detection was monitored at 220, 262, 280, 430 nm and in the range of 210 

(acetonitrile solvent absorbance cutoff) to 640 (physical limit of detector) nm with 

2 nm steep (Jayaprakasha et al., 2002). All compounds response was measured 

in negative electrospray ionisation mass spectrometry (ESI-MS) and calibrated 

externally. Limit of quantification of curcuminoids according to calibration curve 

was determined at <1 mg/L. The ESI Gas Temp was 350 ⁰C, Vcap − 3800 V; the 

Drying Gas was set at 10 L/min and Nebuliser at 30 psig. The fragmentor was 

set at 140 V. The HRMS spectrum was registered at 2 Hz in the mass range of 

100 to 3000 m/z. MassHunter software (B07)  and MSDIAL 4.9 (Tsugawa et al., 

2015) were used for data processing.  

3.3 Characterisation of curcuminoid-enriched formulations  

With the purpose of finding the underlying reasons affecting bioaccessibility 

across the different formulations and assigning them a numerical value for 

mathematical modelling purposes, several experiments were carried out to 

characterise the physicochemical properties of the fibre supplements and the 

finished products. 

3.3.1 Food digestibility assays 

The degree of starch hydrolysis after digestion was characterised using the Total 

Starch HK Assay Kit (K-TSHK) from Megazyme (Bray, Ireland). The degree of 

proteolysis was assessed using the o-phthalaldehyde (OPA) method, as was 

done for assessing milk protein proteolysis (Markussen et al., 2021), but using 

glycine instead for building the standard curve. All the reagents used for these 

experiments were purchased from Sigma-Aldrich. 
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3.3.1.1 Starch hydrolysis 

Starch hydrolysis was carried out following the manufacturer´s instructions for the 

Megazyme kit K-TSHK. The reagents of the kit included: 

 Bottle 1: Thermostable α-amylase [E-BSTAA, 12 mL, 8,300 U/mL on 

soluble starch (or 1,600 U/mL on Ceralpha reagent) at pH 5.0 and 40°C]. 

Stable for > 3 years at 4°C.  

 Bottle 2: Amyloglucosidase [E-AMGDF, 10 mL, 3,300 U/mL on soluble 

starch (or 200 U/mL on p-nitrophenyl β-maltoside)13] at pH 4.5 and 40°C. 

Stable for > 3 years at 4°C.  

 Bottle 3: Buffer (15 mL, pH 7.6) plus sodium azide (0.02% w/v) as a 

preservative. Stable for > 2 years at 4°C.  

 Bottle 4: NADP+ plus ATP. Stable for > 5 years below -10°C.  

 Bottle 5: Hexokinase plus glucose-6-phosphate dehydrogenase 

suspension, 2.25 mL. Stable for > 2 years at 4°C.  

 Bottle 6: D-Glucose standard solution (5 mL, 1.0 mg/mL). Stable for > 5 

years; stored sealed at room temperature.  

 Bottle 7: Standardised regular maize starch control. Starch content shown 

on vial label. Stable for > 5 years; stored sealed at room temperature. The 

bottle’s label indicated lot starch content was 93%. 

And the following reagent had to be prepared prior to initiating the analysis: 

 Reagent 1: Sodium acetate buffer (100 mM, pH 5.0) plus calcium chloride 

(5 mM) 

o Add 5.8 mL of glacial acetic acid (1.05 g/mL) to 900 mL of ultrapure 

water.  

o Adjust the pH to 5.0 by the addition of 1 M (4 g/100 mL) sodium 

hydroxide solution (approx. 30 mL is required). Stable for approx. 2 

months at 4°C.  

o Add 0.74 g of calcium chloride dihydrate and dissolve. Adjust the 

volume to 1 L and store at 4°C. Stable for > 6 months at 4°C.  

As a starch control sample, 177.4 mg of Bottle 7 starch (165 mg of pure starch) 

was weighed in a 15 mL Falcon tube. This control sample’s starch was broken 
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down according to example A of the manual. The final volume of the sample 

would be 3.3 mL: a concentration of 5% w/w starch: 

1. Add 200 microlitres of ethanol 80% (1 mL ethanol absolute and 250 μL of 

water). 

2. Vortex.  

3. Dilute contents of bottle 1 diluted 1:30 in Reagent 1; 100 mM sodium 

acetate buffer, pH 5.0; for one sample dilute 120 μL of bottle 1 with 3480 

μL of reagent 1, for more samples follow this proportion. 

4. Immediately add 3 mL of thermostable α-amylase to samples. Stir 

vigorously to avoid any lumps (starch can form agglomerates easily). 

Incubate the tube in a boiling water bath for 12 min (stir the tube vigorously 

every 2 min).  

5. Place the tube in a bath at 50°C. Add 0.1 mL of the contents of bottle 2 

(amyloglucosidase, 20 U). Stir the tube on a vortex mixer and incubate it 

at 50°C for 30 min. 

6. Transfer the entire contents of the test tube to a 100 mL volumetric flask 

(with a funnel to assist transfer). Use a wash bottle to rinse the tube 

contents thoroughly. Adjust to volume with ultrapure water. Mix thoroughly. 

Centrifuge an aliquot of this solution at 3000 rpm for 10 min. Use the clear, 

undiluted filtrate for the assay. Typically, no further dilution is required, and 

a sample volume of 0.05-0.10 mL is satisfactory. 

Regarding hydrolysed samples, each sample (6 mL of the digestas proceeding 

from section 3.2.2 in a 15 mL Falcon tube) was processed according to example 

E of the booklet (without any milling) which required different steps: 

1. Add 5 mL of ethanol 80% and incubate the tube at 80-85°C for 5 minutes. 

Mix on a vortex and add another 5 mL of ethanol 80%. 

2. Centrifuge for 10 min at 1800 g (approx. 3000 rpm). Discard supernatant. 

3. Resuspend pellet in 10 mL of ethanol 80% and stir on vortex. Centrifuge 

as before and carefully pour off the supernatant. 

4. Proceed as usual from step 4. 

The measuring procedure of the broken-down starch continues as follows (D-

glucose standard of bottle 6 was also used as control): 
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Figure 27. D-glucose measurement procedure according to Megazyme's booklet. 

Calibration curves are not needed, just the two controls is sufficient. The final 

concentration of the samples is calculated as follows: 

𝑐 =
𝑉 ∗𝑀𝑊

𝜀 ∗ 𝑙 ∗ 𝑣
∗

162

180
∗ 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑎𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 [𝑔/𝐿] (3-2)

Where 𝜀 is the extinction coefficient of NADPH at 340 nm (mol-1 cm-1), 𝑙 is the 

length of the light path (cm), 𝑣 is the sample volume (mL),  𝑉 is the final volume 

(mL), 𝑀𝑊 is the molecular weight of D-glucose (g/mol) and 
162

180
 is an adjustment 

factor from free D-glucose to anhydro D-glucose (as occurs in starch). Change in 

absorbance is measured against the blank: 
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𝑐 =
2.27 ∗ 180.16 ∗ 162

6300 ∗ 1.0 ∗ 0.05 ∗ 180
∗ 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑎𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 [𝑔/𝐿] (3-3)

Simplified: 

𝑐 = 1.1685 ∗ 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖𝑛 𝑎𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 [𝑔/𝐿] (3-4)

The theoretical quantity of total starch in the 6 mL of digesta (approximately 150 

mg, depends on the formulation) is compared to the remaining non-hydrolysed 

starch that is quantified in this experiment. 

3.3.1.2 Protein hydrolysis 

For quantifying the degree of proteolysis, the OPA assay, which measures 

released aminoacid equivalents, was used (as a comparative measure of 

hydrolysis) (Markussen et al., 2021). The reagents for these experiments, o-

phthalaldehyde (8210270010), tricholoroacetic acid (91230), sodium phosphate 

tribasic dodecahydrate (04277), sodium dodecyl sulfate (SDS) (L4509), and 

dithiothreitol (DTT) (D0632) were purchased from Sigma-Aldrich. To begin with, 

the following reagents were prepared: 

1. SDS phosphate buffer 

a. In 500 mL ultrapure water. 

b. Add 7.5 g Na3PO4⋅12H2O. 

c. Add 0.5 g CH3(CH2)11OSO3Na (SDS, 1 g/L). 

d. Adjust to pH 11 with HCl (around 2.5 mL of 6M). 

2. o-phtaldialdehyde (OPA) solution 

a. 40 mg in 1 mL of EtOH (0.04 g/mL). 

3. DTT solution  

a. 44 mg dithiothreitol in 1mL of ultrapure water (0.044 g/mL). 

4. OPA reagent solution 

a. Made at time of use (around step 6). 

b. OPA-solution (1 mL). 

c. DTT-solution (1 mL).  

d. SDS Phosphate buffer (48 mL). 

e. Protect from light and use immediately. 

5. Trichloroacetic acid 20% 
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a. 20 g in 80 mL of ultrapure water. 

b. Adjust to 100 mL. 

6. Glycine standards (explained below). 

The protocol was: 

1. Obtain 850 μL volume from total digesta (section 3.2.2). 

2. Pre-treat with 20% trichloroacetic acid solution to cause protein 

precipitation (650 μL for 8.6%). 

3. Centrifuge (17000 g, 20 min, 22 °C).  

4. Pipette or pour supernatant into a new tube. 

5. Centrifuge supernatant tube (17000 g, 20 min, 22 °C).  

6. The supernatants are measured against a standard curve prepared with 

Glycine (0.1–5mM) and reported as released serine equivalents per mg 

of protein (standard curve can be used for three days, prepare a 10 mM 

(75.07 g/mol) glycine stock solution, for example 7.5 mg in 10 mL, and 

pipette the following for making the calibration stocks in Eppendorf): 

Table 6. Volumes for OPA calibration curve. 

7. For the standard curve, pipette 125 μL of each calibration point into a 

cuvette and mix with the OPA-reagent-solution, 875 μL.  

8. Also, in a separate Eppendorf, mix 125 μL of point 0 (pure water) with 

875 μL of OPA solution. It is used as a blank for the samples too and will 

be diluted in the same way as samples. 

9. For the samples, mix in 1.5 mL eppendorfs 125 μL of each supernatant 

(after the centrifugation of step 5) with the OPA-reagent-solution, 875 μL. 

10. Incubate 50 min at room temperature in the dark. 

mM 0 0.1 0.50 0.75 1 2 3 4 5 

water 850 841.5 801.50 786.5 765 680 595 510 425 

10 mM 

glycine 
0 8.5 48.5 63.5 85 170 255 340 425 
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11. Dilute (in cuvettes) the point 0 and samples 1:2, 1:4 and 1:5 with SDS 

buffer. For 1:2 dilution mix 500 microliters of SDS with 500 microliters of 

sample/point 0, for 1:4 dilution 250:750, and for 1:5 200:800, directly in 

cuvettes. 

12. Measure absorbance at 340 nm, also measure ultrapure water 

absorbance as blank. 

Calculate the released serine equivalents of each sample according to the 

calibration curve. The negative controls of these experiments (to assess the 

degree of hydrolysis) are digestas of each tested formulation, in which the 

digestive enzymes are replaced by enzyme-free solutions (it is assumed that 

protein hydrolysis will be significantly lower without enzymatic activity).  

3.3.2 Oil and water holding capacities of fibres 

The protocols were adapted from Chau & Huang, 2003. Oil holding capacity 

(OHC) of the different fibres was characterised by adding 1 g of each fibre in a 

separate 50 mL Falcon tube, then adding 8 mL of a mix of colza and sunflower 

oil, Frial by Lesieur (Asnières-sur-Seine, France), vortexing, and waiting for 30 

min at room temperature. The samples were centrifuged for 15 min at 1057 g, 

supernatant was discarded, the excess of oil on the wall of the centrifuge tube 

was absorbed using absorption papers, and the tubes were weighed and 

compared to initial weight prior to adding oil. Each assay was performed in 

triplicate. The OHC was calculated using the following equation:  

𝑂𝐻𝐶(𝑔/𝑔) =
𝑚2 −𝑚1
𝑚0

(3-5)

Where 𝑚1 refers to the centrifuge tube; 𝑚2 refers to the mass of the centrifuge 

tube plus the oil holding sample and 𝑚0 to the dry fibre mass. 

Similarly, water holding capacity (WHC) was measured (in triplicate) by mixing 1 

g of each fibre source with 30 mL of ultrapure water, vortexing, and left to stand 

for 16 hours. However, purely soluble fibres completely dissolved within the water 

so their holding capacity could not be determined. Unretained water was removed 

from each sample by filtration on polypropylene membranes (0.2 µm pore size, 
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GH Polypro, Pall, New York, USA) using a Büchner filtration system (Millipore, 

Burlington, Massachusetts, USA). The WHC was calculated as follows : 

𝑊𝐻𝐶(𝑔/𝑔) =
𝑚2 −𝑚1
𝑚0

(3-6)

Where  refers to the mass of the wet membrane,  refers to the mass of the wet 

membrane plus the oil-holding sample and  to the dry fibre mass.  

3.3.3 Bulk and tapped density of fibres 

Bulk density was determined by filling a 50 mL graduated cylinder with each fibre 

source and weighing. The weight of the empty cylinder was subtracted from the 

total weight. Bulk density was calculated as: 

𝑏𝑢𝑙𝑘 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 (𝑔/𝑚𝑙) =
𝑓𝑖𝑏𝑟𝑒 𝑤𝑒𝑖𝑔ℎ𝑡 (𝑔)

50(𝑚𝑙)
(3-7)

Tapped density was measured by weighing 10 grams of each fibre source (in 

triplicate) in a graduated 50 mL cylinder and repeatedly tapping (dropping from a 

height of 10 cm) the cylinder until the fibre source did not compact any further. 

The volume was recorded. Tapped density was calculated as: 

𝑡𝑎𝑝𝑝𝑒𝑑 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 (𝑔/𝑚𝑙) =
10 (𝑔)

𝑓𝑖𝑏𝑟𝑒 𝑣𝑜𝑙𝑢𝑚𝑒 (𝑚𝑙)
(3-8)

Both these assays were performed in triplicate. 

3.3.4 Biscuit breaking force  

Biscuits were previously cut into a 3.5 by 10 cm squircle. Their hardness was 

measured as the force required to break a biscuit in half by the centre following 

the three-point break method using a CT3 Texture Analyzer (Brookfield 

Engineering, Middleboro, Massachusetts, USA) with a TA-7 (knife-edge) probe. 

The analysis was set at one compression cycle at a speed of 0.5 mm/s. The 

maximum breaking force in g was recorded and used as a descriptor of biscuit 

hardness. The trigger force load was 5 g. The maximum load was 4500 g, 

meaning biscuits that resisted this breaking force would halt the analysis. 

Measurements were done in triplicate. 
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3.3.5 Textural analysis of custard 

The firmness and stickiness of the custards was determined using CT3 Texture 

Analyzer with a TA-10 probe. The custards were submitted to one cycle of a 20 

mm-distance compression at a speed of 0.5 mm/s. The firmness was determined 

as the force necessary to attain the 20 mm distance within the food product.  The 

adhesion was defined as the work necessary to overcome attractive forces 

between surface of the food and materials as the probe retracts. The stickiness 

is measured as the maximum negative load of the probe after going back up from 

a 20 mm depth in the food sample. 

The viscosity was measured in triplicate with a Lamy RM200 viscometer (Lamy 

Rheology), equipped with a MK-DIN 12 measuring body at 20°C. Once the mobile 

MK-DIN-2 entirely plunged into the cream, the measurement was performed with 

a speed gradient increase from 2 to 100 s-1 for 60 seconds. The gradient of 100 

s-1 was maintained for 10 sec before inverse deceleration. The data was obtained 

from the rheometer’s computer software and viscosities evaluated at 100 s-1 were 

reported. 

3.3.6 Fibre colour determination 

Fibre colour was assessed with a colorimeter (PCE-CSM 4, PCE Instruments, 

Meschede, Germany) using both the CIE L*a*b and CIE L*C*h scales. The L 

value (lightness index scale) ranges from 0 (black) to 100 (white), while a* 

indicates the red (+a*) or green (−a*) value, and b* refers to the yellow (+b*) or 

blue (−b*) value. In the CIE L*C*h scale, L represents lightness as in L*a*b scale, 

C* (chroma) indicates the saturation or intensity of the colour, and h° (hue angle) 

defines the colour's position on a 360° hue circle, where 0° corresponds to red, 

90° to yellow, 180° to green, and 270° to blue. Measurements were done in 

triplicate.Curcuminoids relative binding capacity of fibres 

A quantification assay was devised to gauge the level of curcuminoid entrapment 

by the different fibres. This assay relies on determining the minimum 

concentration of curcuminoids in an aqueous solution in contact with fibres 

necessary to start to detect unbound curcuminoids, thereby elucidating the 

efficacy of curcuminoid entrapment. This assay cannot be performed with purely 

soluble fibres.  
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Briefly, 1 g of each fibre was added in a 50 mL centrifugation tube, with 20 mL of 

ultrapure water. Concentrated stock solutions of curcuminoids in DMSO (1-10 

mg/mL) were added in small and incremental volumes (20 – 500 μL). The tubes 

were mixed by vortexing and subjected to a shaking incubation (Infors HT 

Multitron, Infors AG, Bottmingen, Switzerland) lasting 2 hours, at 200 rpm and 

37°C in the dark. Afterwards, an aliquot of 2 mL was extracted and centrifuged 

for 10 min at 17000 g. The supernatant was measured at 435 nm in a 

spectrophotometer (Analytik Jena Specord 205, Jena, Germany) against a blank 

of the same fibre source and treatment but with no added curcumin and the 

concentration of curcuminoids was quantified using a calibration curve, ranging 

from 5-40 mM curcuminoids in DMSO/water. This same procedure was repeated 

adding different concentrations of curcuminoids in order to build a curve 

correlating the total concentration of curcuminoids added to the sample to its 

respective unbound concentration. The maximum concentration of unbound 

curcuminoids under the limit of detection (LOD) threshold of 2.5 mM was 

presented as the relative binding capacity. These LOD determinations were 

performed in separate experiments; a minimum of 5 different concentrations per 

fibre per experiment were tested (one replicate per concentration, Figure S37). 

3.3.7 Particle size distribution of fibre sources 

Fibre sources’ particle size distribution was determined using laser light scattering 

with a Mastersizer 2000 device, with a Scirocco 2000 accessory, from Malvern 

Instruments (Malvern, United Kingdom). Each measurement was carried out in 

triplicate. 

3.4 Curcuminoid bioaccessibility model development 

3.4.1 Data description 

A total of 9 fibre supplements and one non-supplemented formulation were tested 

for two matrix types (biscuits and custards), using 2 technical replicates for each 

of the 132 biological replicates of digestions of curcuminoid-enriched foods. 

These would be used as samples in the training and validation of the 

bioaccessibility model. A total of 29 non-pre-processed candidate predictors of 

bioaccessibility were collected and are enumerated in Table 7. 
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Table 7. Candidate predictors of curcuminoid bioaccessibility. L*a*b*C*h 

correspond to the axes of CIE L*a*b and CIE L*C*h colour spaces. 

Formulation 
descriptors 

Nutritional 
composition 

content

Soluble 
fibre 

Insoluble fibre Protein Carbohydrates Fat Water Ash 

Fibre type Cellulose Hemicellulose Dextrin Pectin Lignin Fructans 

Supplement 
descriptors 

Physicochemical 
properties 

Water 
holding 
capacity 

Oil holding 
capacity 

Bulk 
density 

Tapped 
density 

Particle 
size 

diameter 

Particle 
surface 

area 

Curcuminoid 
binding 
capacity 

Colour L a b C h 

Matrix type 
descriptors 

Custards Viscosity Firmness Stickiness 

Biscuits Breaking force 

Formulation descriptors were preferrable over supplement descriptors for 

developing a model with wider applicability, but fibre supplement properties were 

not discarded as the fibre supplements were the main source of variation among 

the different formulations.  

Missing values were due to the impossibility of empirically measuring the property 

(i.e., water holding capacity of soluble fibre supplements) or because non-

supplemented formulations did not have any supplement properties associated 

to them. All missing values were due to the impossibility of measuring the 

property in question, such as the liquid holding capacity and curcuminoid binding 

capacity of soluble fibres, and custards in which viscosity measurement saturated 

(Table 13). These were removed in analyses or imputed using scikit-learn’s 

IterativeImputer and its default parameters (Pedregosa et al., 2011). This imputer 

was chosen because it performs multivariate feature imputation by iteratively 

modelling each feature with missing values as a function of the other features. 

Consequently, the imputed values should, in theory, not interfere with the 

subsequent multivariate feature selection and model fitting processes. 

3.4.2 Outlier removal 

Outlier samples were removed prior to exploratory data analysis and model 

development. Applying the interquantile range (IQR) criterion for outlier detection 

(observations that fall outside a 1.5 times IQR distance from the 25th and 75th 

percentile): 
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𝑥 < 𝑃25 − 1.5 ∙ (𝑃75 − 𝑃25)

or 

𝑥 > 𝑃75 + 1.5 ∙ (𝑃75 − 𝑃25)

(3-9)

Technical replicates marked as outliers were removed from the dataset in three 

sequential steps prior to averaging them into biological replicates. The first step 

consisted of removing technical replicates with outlying recoveries (according to 

IQR range); out of 264 technical replicates (2 per each biological replicate), 9 

were marked for removal this way. Second, to homogenise replicates factoring in 

inter-experiment variability, technical replicates with outlying supernatant 

curcuminoid quantities in each matrix type were also marked for removal (3 

biscuit and 2 custard replicates). After performing the removal of previous marks, 

intra-experiment variability (technical replicates had been processed in batches 

of 6 per each formulation and experiment) was reduced by removing outlying 

values only in cases in which the intra-experiment variability (calculated as 

coefficient of variation) was over 10%. Six replicates were selected as 

experiment-wise outliers, across 44 different experiments. A total of 20 out of 264 

technical replicates were discarded. When averaging pairwise the technical 

replicates according to the biological replicate they proceeded from, only 1 

biological replicate (non-supplemented biscuit) was unable to be computed due 

to having both technical replicates removed, resulting in 131 biological replicates 

being recovered.  

Furthermore, for correlation and regression analysis, the final dataset was 

curated from possible outliers with statistical tests. Using a significance level of 

𝛼 =  0.05, Grubbs’ test (Grubbs, 1950) for outliers was carried out formulation-

wise, and despite the limited sample size per formulation, one custard biological 

replicate (Vitacel WF200 custard) was identified as outlier. As a result, the final 

dataset was composed of 130 biological replicates out of an original 132 to build 

the model from: 68 corresponded to digestions of different biscuit formulations, 

and 62 to digestions of custard formulations.  
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3.4.3 Feature preprocessing 

Properties of the matrix based on content amounts (total fat, total carbohydrate, 

protein, fibre) were transformed into the ratio of their theoretical weight divided 

by the empirical total weight of the ingredients. The ratio of macronutrient content 

was computed as the sum of total fat, total carbohydrate, and total protein ratios. 

The independent variables were normalised between 0 and 1 for modelling 

attempts, however for validation experiments the scaler was fitted on the training 

data and used to transform the data, to avoid data leakage. Biscuit hardness (for 

biscuits) and custard viscosity (for custards) were combined into a hybrid and 

generic “texture” variable, which could be used in the future to inject 

texture/rheological data for other matrix types characterised with techniques 

other than those used in this work. 

3.4.4 Interference of colour  

To discard the possibility that the curcuminoid quantification protocol (based on 

colorimetry) was suffering from interferences from the colour of the fibre 

supplements, correlation studies were carried out and a Machine Learning model 

of curcuminoid bioaccessibility was fitted using as sole predictors the colour 

measurements. Furthermore, the best performing models of the project were 

refitted including colour variables, to evaluate whether these would significantly 

impact performance. The fitting and validation procedure was similar to what will 

be covered in section 3.4.6 and 3.4.7, and the results concerning this analysis 

are shown in 4.3.2. Nonetheless, it is hereby said in advance to justify their 

removal from future modelling attempts, that it was concluded they were not 

interfering with bioaccessibility. Spearman’s correlation coefficient (ρ) test was 

used in the correlation studies, and the model fitted with only colour variables was 

essentially composed of two independent Bayesian linear regression models 

(one for custards, another for biscuits) fitted in the framework of a Bayesian 

hierarchical model, but with no shared parameters.  

3.4.5 Feature selection 

Fibre supplement’s colour properties were removed from the dataset prior to 

feature selection, after discarding the possibility they were interfering with the 

target variable (bioaccessibility) as they were poor predictors of bioaccessibility 
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on their own nor did they substantially impact the performance of the final model 

when added as covariates.  

Afterwards, several methods were employed to select the most appropriate 

independent variables explaining the impact of formulation on bioaccessibility. 

First, Spearman’s correlation coefficient was computed for the bivariate 

comparison between all independent variables and bioaccessibility, without 

scaling. The presence of a statistically significant correlation between feature 

pairs was assessed using Spearman’s correlation coefficient (ρ) test over 

Pearson’s, as the normality of some variables could not be asserted due to lack 

of sufficient data, as well as for considering the possibility of non-linear 

correlations.  

Together with the bivariate correlations, wrapper/embedded methods were 

employed. On one hand, the autofeat (Horn et al., 2020) Python library was used 

to select the most meaningful features for each matrix type. The Boruta algorithm 

(Kursa & Rudnicki, 2010), was also used to select features in a separate 

experiment. Once the final framework for the model was decided (a linear 

regression Bayesian hierarchical model, details in section 3.4.6) it was fitted to 

all the features that had been highlighted by Boruta or autofeat; Laplacian priors 

centred at 0 were placed on each of the regression coefficients to perform feature 

selection in a manner equivalent to LASSO selection (Tibshirani, 1996).  

The most significant features according to the posteriors of the Laplacian prior 

model were used as basis for the final model.  

3.4.6 Model training 

A linear regression Bayesian hierarchical model (its principles described in the 

literature review, 2.7.6.3) was fitted to the data, with partially pooled covariates. 

Due to the lack of previous domain knowledge regarding a choice of suitable 

priors for the model, a data-driven choice was made for the selection of features 

(sections 2.7.8, 3.4.5) and their priors. Macronutrient content was used as a 

pooled covariate (meaning all the 𝑗 groups of the model would have the same 𝛽

for this feature) as it presented a very strong correlation to bioaccessibility across 

all formulations (𝜌 = 0.89), and ordinary least squares regression 
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(𝑏𝑖𝑜𝑎𝑐𝑐𝑒𝑠𝑠𝑖𝑏𝑖𝑙𝑖𝑡𝑦 = 𝑆𝑙𝑜𝑝𝑒 𝑥 𝑀𝑎𝑐𝑟𝑜𝑛𝑢𝑡𝑟𝑖𝑒𝑛𝑡 𝑐𝑜𝑛𝑡𝑒𝑛𝑡 + 𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡) produced the 𝜇 location 

parameter values for the normally distributed priors of its pooled intercept and 

coefficient. A scale parameter 𝜎 = 10 was assigned to allow the inference 

procedure to explore other values around this 𝜇 centre.  

With this constraint, the non-pooled covariates (each 𝑗 group had a different 

coefficient for each 𝑘 variable, 𝛽𝑘𝑗) were selected by trial-and-error as described 

in 3.4.5. The final choice of priors is presented in the Results section, 4.3.4. In 

any case, all tested feature combinations were assigned a normal prior 

distribution for each 𝛽𝑘𝑗, with the hyperparameters being determined 

automatically by Bambi (Capretto et al., 2022). In mathematical notation, the 

different models trialled shared the following specification, parting from the linear 

regression equation:  

𝜇𝑖𝑗 = 𝛼 + 𝛽𝑚𝑎𝑐𝑟𝑜𝑛𝑢𝑡𝑟𝑖𝑒𝑛𝑡_𝑐𝑜𝑛𝑡𝑒𝑛𝑡𝑋𝑖 +∑𝛽𝑘𝑗𝑋𝑖𝑗

𝐾

𝑘=1

+ 𝜀 (3-10)

The response variable was assumed to follow a Student’s t distribution 

(likelihood): 

𝑌𝑖𝑗 ~ Student(𝜈𝑗, 𝜇𝑖𝑗, 𝜎𝑗)

𝜎𝑗 ~ HalfNormal(𝜎 = 1)

𝜈𝑗 ~ Gamma(𝛼 = 2,𝛽 = 0.1)

(3-11)

And the pooled intercept and “macronutrient_content” coefficient priors were 

predefined at: 

𝛼~𝒩(𝜇 = 13,𝜎 = 10)

𝛽𝑚𝑎𝑐𝑟𝑜𝑛𝑢𝑡𝑟𝑖𝑒𝑛𝑡_𝑐𝑜𝑛𝑡𝑒𝑛𝑡 ~𝒩(𝜇 = 40,𝜎 = 10)

(3-12)

During the trial and error process of using different non-pooled covariates, all 

group-specific priors were equally assigned: 

𝛽𝑘𝑗 ~𝒩(𝜇𝛽𝑘 = 0,𝜎𝛽𝑘 = HalfNormal(𝜎 = 10)) (3-13)
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The PyMC framework (Salvatier et al., 2016) was employed to carry out 

parameter estimation and inference using the NUTS method described in the 

previous section (+ jitter and adapt) with 2000 tuning iterations (the previously 

mentioned burn-in phase) and 2000 sample draws across 4 chains. No 

divergences were reported at inference time, at a target acceptance rate of 0.95. 

The ArviZ (Ravin Kumar et al., 2019) library facilitated pre- and post-hoc analysis 

of the fitted model during the trial-and-error process of evaluating the candidate 

models. 

3.4.7 Model validation and assessment 

The procedure of estimating the generalization capacity of the best-fitting models 

(sections 3.4.5 and 3.4.6) followed the Leave-One-Out Cross-Validation 

(LOOCV) strategy. In this procedure, the observations of the same formulation 

were held out as a validation sample and the models were trained on the 

remaining observations. To test the robustness of the models, all possible 

combinations were tested; all the formulations were left out individually for a given 

iteration. This was done with the purpose of visualising the comparison between 

predicted and observed bioaccessibilities, as well as to compute a practical 

measure of loss for each model. 

In each iteration the test formulation’s average bioaccessibility was compared to 

the formulation’s posterior predictive distribution average and 95% minimum 

width Bayesian credible interval (BCI) (also called highest density interval). The 

mean absolute error (MAE), root mean squared error (RMSE), and coefficient of 

determination (R-squared, R2 and 𝑟2 used equivalently) were used as 

performance evaluation metrics in this validation case as well. 
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4 Results 

4.1 Food digestibility 

Prior to screening, the validity of the digestion protocol was evaluated by 

preliminary tests in which custard and biscuit samples were subjected to the 

digestion protocol in order to quantify the degree of macronutrient digestibility. In 

addition, should several samples present varying degrees of macronutrient 

digestibility, these values could potentially be informative to predict compound 

bioaccessibility. 

The experiments indicated that no traces of digestible starch were detected in the 

digestas, so it was inferred the digestions had been successfully completed in 

that regard and an indicator of a representative simulated digestion. OPA assays 

showed the released glycine equivalents increased 8-fold after digestion (from 

0.8 mmol glycine equivalents per mg of protein to around 6.5), which constituted 

a similar proteolysis degree to what was expected when compared to the results 

reported by the protocol authors (Markussen et al., 2021). These two tests 

suggest the digestion protocol was representative of a real digestion and the 

results were in line with other reported in vitro digestion studies. 

However, there was no significant difference in glycine equivalents’ release 

among the subset of formulations tested, hence the degree of proteolysis was not 

included as a variable of study. The lack of variability in starch and protein 

digestibility indicated that the degree of macronutrient digestibility would not 

provide significant predictive power towards bioaccessibility, so lipolysis degree 

was not assessed either. Fat content was highly homogenous throughout the 

different formulations (i.e., all custards had similar amounts of fat content, and 

the same for biscuits) therefore fat digestibility was dismissed as a predictor in 

the case of this experiment design. 

Highlights 

 Food digestibility was consistent between foods and considered 

representative of a real digestion. 

 The low variability observed would not help explain the factors governing 

bioaccessibility. 
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4.2 Vitamin E 

This section provides the measured bioaccessibilities of vitamin E in the 

formulations described in section 3.2.1, which were digested according to 3.2.2, 

and for which bioaccessibility was quantified as detailed in 3.2.3.  

To obtain a dataset of vitamin E bioaccessibilities in different food matrices, 22 

custards and 16 biscuits enriched with vit. E were digested and vit. E 

bioaccessibility was quantified. The modification or substitution of the base 

recipe’s corn starch, or the supplementation of dietary fibres, provided  a variety 

of formulations (section 3.2.1.1) with which to study the impact of food matrix 

effects. They all displayed almost equal bioaccessibilities and recoveries (defined 

as the fraction of the total vitamin E content that was found in the digesta, Table 

8 and Table 9):   

Table 8. Bioaccessibility of vitamin E in custard and biscuit formulations in which 

the base recipe’s starchy ingredient (60 g of Maizena for custards and 60 g of T45 

wheat flour for biscuits) was modified or substituted. Values recorded are the 

average and standard deviation from 3 biological replicates. *: egg yolks also 

contain vitamin E (recovery of vit. E from non-enriched formulations was 31% 

when the usual was >90%) 

Matrix type Formulation Bioaccessibility (%) 

Custard 

Base 85 ± 1 

+50% starch  84 ± 1 

-34% starch 86 

-34% starch (no enrichment)* 77 ± 3 

Rice flour 80 ± 3 

Tapioca starch 84 ± 3 

Coconut flour 76 ± 1 

50% coconut flour 86 ± 2 

Biscuit 

Base 87 ± 1 

50% rice flour 83 ± 2 
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50% tapioca starch 79 ± 8 

50% coconut flour 82 

Table 10 presents biscuit formulations in which the variations upon the base 

recipe were miscellaneous in nature. Extremely high amounts of vitamin E (105- 

210 μg/g instead of the usual 21 μg/g) were administered to attempt to produce 

a low bioaccessibility formulation (with the idea that vitamin E would saturate and 

precipitate). Bioaccessibility remained equivalent to other formulations’, ranging 

from 73 to 88%,  although the results are hampered by low recoveries, as vitamin 

E most likely saturated in the extraction solvents. 

Table 9. Bioaccessibility of vitamin E in custard and biscuit formulations 

supplemented with commercial fibre preparations. Values recorded are the 

average and standard deviation from 3 biological replicates. Higher 

supplementation levels were not possible in biscuits due to jellification of the 

extracted samples. 

Matrix type Fibre source Supplementation (%) Bioaccessibility (%)

Custard 

Orafti®GR (inulin) 

2 80 ± 3 

5 84 ± 2 

10 79 ± 3 

Microcrystalline cellulose

5 77 ± 5 

10 78 ± 3 

ApplePRO 60+ 

2 79 ± 5 

5 76 ± 8 

10 73 ± 2 

Pea Fibre 2 82 ± 6 

Wheat fibre 2 80 ± 4 

Biscuit Orafti®GR (inulin) 

2 88 ± 0 

4 87 ± 4 
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Microcrystalline cellulose

2 85 ± 7 

4 87 ± 1 

ApplePRO 60+ 

2 80 ± 5 

4 84 ± 5 

Pea Fibre 2 82 ± 6 

Wheat fibre 2 80 ± 4 

Table 10. Bioaccessibility of vitamin E in biscuit formulations at different levels of 

enrichment and small variations on base recipe. *: base recipe composed of 80 g 

of sugar, 100 g of egg yolks, 60 g of T45 wheat flour, 10 mL of milk and 106.7 

mg/100g of curcuminoid powder and baked at 160° for 30 min  

Formulation Bioaccessibility (%) Recovery (%)

Base* 87 ± 1 96 ± 10 

Additional 10 mL milk and 180°C for 30 min 82 ± 6 88 ± 20 

Additional 10 mL milk 76 ± 5 93 ± 14 

5X enrichment 78 ± 7 36 ± 10 

10X enrichment 84 ± 5 26 ± 5 

15X enrichment 87± 2 27 ± 5 

20X enrichment 85 ± 2 27 ± 3 

As all vitamin E formulations displayed almost equally high bioaccessibilities, 

collecting the nutritional composition and other potential explanatory data from 

the vitamin E formulations was not carried out as the purpose of modelling the 

same outcome for different samples was deemed of no significant research value. 

In the discussion section 5.2 these values are compared to others reported in the 
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literature. The efforts towards the main aim of the thesis continued around 

curcuminoids’ screening. 

4.3 Curcuminoids 

4.3.1 Bioaccessibilities 

This first section addressing curcuminoids is divided into the validation of the 

bioaccessibility quantification protocol using HPLC (section 4.3.1.1) and the 

screening results of several food matrices with the validated protocol (section 

4.3.1.2). 

4.3.1.1 Validation of the spectrophotometric method to quantify total 

curcuminoids content 

To simplify the evaluation of curcuminoid content, these compounds were 

quantified using UV spectrophotometry at 435 nm. To validate this approach, 

samples of biscuits and custards, both with and without curcumin 

supplementation, were analysed using HPLC-DAD, with curcuminoid 

identification by mass spectrometry and electrospray ionization (ESI-MS). The 

UV chromatogram at 430 nm (Figure S35) primarily reflected the presence of the 

three main curcuminoids: BDMC, DMC, and CUR, consistent with the 

manufacturer's specifications (Table S17). Peak attribution in the 430 nm UV 

chromatogram was confirmed via high-resolution tandem mass spectrometry and 

comparison with the literature (H. Jiang et al., 2006). 

To further validate the quantification of total curcuminoids using 

spectrophotometry, curcuminoid levels in custard and biscuit samples without 

fibre supplementation were measured by both spectrophotometry and HPLC-

DAD. Due to small sample sizes and the bimodal distribution of bioaccessibilities 

in these samples, the Mann-Whitney U test was employed to determine if the 

Highlights 

 Vitamin E was highly bioaccessible in all screened formulations (average 

>80%), so optimisation potential was low. 

 To prove the main hypothesis, an alternative subject compound was 

required. 
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bioaccessibility measurements from HPLC-DAD (n=8) and spectrophotometry 

(n=14) belonged to the same population. The test statistic (U) was 52 with a p-

value of 0.82. With the significance level set at 0.05, these results indicate no 

significant difference between the two groups, thus validating the 

spectrophotometric quantification of curcuminoid bioaccessibility against the 

HPLC-DAD method. Moreover, HPLC-DAD indicated that the ratios of major 

curcuminoids in the turmeric powder were 70-73% curcumin, 20-21% 

demethoxycurcumin, and 7-9% of bis-demethoxycurcumin. These values are in 

line with the literature (El-Saadony et al., 2022). After digestion, these ratios were 

similar: 75-77% curcumin, 18% demethoxycurcumin, and 5-7% of bis-

demethoxycurcumin. 

4.3.1.2 Bioaccessibility in food formulations 

To obtain a dataset of curcuminoid bioaccessibilities in different food matrices, a 

total of 22 custard, biscuit and liquid formulations enriched with curcuminoids 

were digested and bioaccessibility was quantified according to the previously 

validated method. Curcuminoid-enriched matrices presented rich variation in 

observed bioaccessibilities, and this was immediately apparent during 

experiments, so the variety of formulations tested was more homogenous; fibre-

fortified formulations at 6% supplementation. Liquid matrix controls (water and 

milk) presented bioaccessibilities that resembled closely those of the original 

protocol, 11.4-26.7% range (Fu et al., 2015) compared to our 12.4-25.9%. 

The bioaccessibilities for all formulations tested are displayed in Figure 28 and 

are in the range of 20.9-38.8 % for custards and 38.8-58.8 % for biscuits. As a 

general trend, we can observe that the presence of fibre increases 

bioaccessibility, except for cellulose. Thus, dietary fibre enrichment seems to be 

a promising way to enhance the curcumin release from the studied food 

formulations. However, at first glance, no clear trend can be identified based on 

the nature of the fibre (soluble or insoluble).  

To evaluate the assumption of normality of the observed bioaccessibility 

distributions, the Shapiro-Wilk test was conducted with a significance level of 𝛼 =

0.05. The assumption of normality was not rejected for custard bioaccessibilities 

(𝑊 =  0.99, 𝑝 =  0.70), nor biscuit bioaccessibilities (𝑊 =  0.98, 𝑝 =  0.26) when 
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considered independently, but it was rejected when considering them altogether 

(𝑊 =  0.93, 𝑝 =  4.27 ∙ 10−16) due to the bimodal nature of the bioaccessibilities 

across all formulations with biscuits having higher bioaccessibilities than 

custards. Individually, every formulation was also assumed to have normally 

distributed bioaccessibilities and visual inspection of QQ plots and Shapiro-Wilk 

tests did not reject the assumption. In any case, homoscedasticity was assumed 

across all formulations’ variances and Levene’s test (less sensitive to departures 

from normality compared to other tests) did not reject this hypothesis 

(𝐹(19,110) =  0.99, 𝑝 =  0.47).
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Figure 28. Boxplots of the bioaccessibilities measured for each formulation. The fibres are ranked from the lowest to the highest 

insoluble fibre content (left to right). Each formulation consists of a minimum of 5 biological replicates after outlier removal. The 

compact letter display was computed separately for custards (bottom) and biscuits (top). Formulations with different letters presented 

statistically significant differences to one another (according to Tukey tests). 
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A two-way analysis of variance (ANOVA) was performed to assess the effects of 

matrix type and its interaction with fibre supplement on bioaccessibility. The 

normality of the residuals was visually inspected (Figure 29) and confirmed with 

Shapiro-Wilk (𝑾 =  𝟎. 𝟗𝟗, 𝒑 =  𝟎. 𝟔𝟏) as well. There was a statistically significant 

interaction between the effects of matrix type (custard or biscuit) and fibre 

supplement (𝑭(𝟏, 𝟗) =  𝟒𝟎𝟑. 𝟓𝟔, 𝒑 =  𝟏. 𝟖𝟏 ∙ 𝟏𝟎−𝟓). This interaction had a partial 

eta-squared of 𝜼𝟐𝒑 = 𝟎. 𝟐𝟖, indicating a small effects size on bioaccessibility; 

within each matrix type the different supplements have a statistically significant 

effect on bioaccessibility. Simple main effects analysis also showed that matrix 

type (𝒑 =  𝟏. 𝟖𝟔 ∙ 𝟏𝟎−𝟔𝟑) had a statistically significant impact on bioaccessibility. 

Matrix type had a larger effects size (𝜼𝟐𝒑 = 𝟎. 𝟗𝟐) than the interaction. Within 

each matrix type, the specific formulations that presented significant differences 

were thereafter investigated with Tukey HSD test (confidence level of 95%). The 

pairwise formulations that presented statistically significant differences to each 

other were not the same in both matrix types, suggesting the pattern of impact 

effects diverged according to this grouping. These were included as a compact 

letter display in Figure 28. 

Figure 29. Q-Q plot for evaluating the normality of the residuals across all 

formulations after 2-way ANOVA.  
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These preliminary findings offer encouraging results towards the possibility of 

systematically modelling the effect of food matrix effects on nutrient 

bioaccessibilities through screening studies. Just by considering the type of food 

matrix and the usage of supplements, these significant differences, if explained 

by the known properties of the food, could offer valuable insights that could aid 

optimising the design of functional foods. 

Before further researching the food matrix effects on bioaccessibility, the 

interference of supplement colour on the spectrophotometric quantification of 

bioaccessibility was investigated. 

4.3.2 Supplement colour interference 

The purpose of measuring the fibre supplement colour was to determine whether 

it was interfering with curcuminoid bioaccessibility quantification, as curcuminoids 

absorb light at a wavelength (bright yellow/orange) at which it is possible for 

undigested fibre supplements to interfere with the spectrophotometric reading 

(most were light yellow). To evaluate the degree of potential interference, ML 

models were fitted to the colour properties and their predictive power regarding 

bioaccessibility was evaluated. Were the colour properties to prove to be non-

interfering (poor predictors), this approach would also serve as a benchmark of 

what predictive accuracies can be expected should the predictors be chosen at 

random.  

Highlights 

 Curcuminoids presented a wide range of bioaccessibility in custardsand 

biscuits (𝑝 =  1.86 ∙ 10−63). 

 Biscuits invariably presented higher bioaccessibilities (~39-59%) than 

custards (~21-39%). 

 The ranking of most highly bioaccessible supplements differed in custards 

and biscuits, possibly due to the food matrix effects impacting each food type 

differently. 
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The colour measurements in the CIE L*a*b and CIE L*C*h colour spaces of the 

fibre supplements are recorded in Table 13 of section 4.3.3. The best model using 

exclusively colour properties is compared to a model using macronutrient content 

as a pooled feature, and only two other non-pooled features, soluble fibre and 

hemicellulose contents (Figure 30). Hence, the colour model was specified via 12 

parameters (an 𝛼𝑗 and five 𝛽𝑘𝑗 for each matrix type 𝑗) whilst the formulation 

properties model required only 6 (one 𝛼, one 𝛽, and two 𝛽𝑘𝑗 for each matrix type 

𝑗). 
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A  B

Figure 30. Colour properties (12-parameter) (A)  and simple (6-parameter) (B) models’ goodness-of-fit scatterplots of observed vs predicted averages 

(custard bioaccessibilities <40%, biscuits >40%). The intervals shown for each point represent the 95% highest density interval and have been 

included to assess whether the credible interval correctly captures the observed averages (x=y line).
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Figure 30 indicates that the colours of the fibre supplements are inaccurate 

predictors of curcuminoid bioaccessibility when compared to a much simpler 

model based on other formulation properties, which is interpreted as a lack of 

interference with the spectrophotometric quantification of curcuminoids. Even 

though the MCMC algorithms managed to attribute most of the variability in the 

data to the colour covariates as the intercept for both groups was centred at 0 

(Figure 31), the correlation between observed and predicted values was poor 

(𝑟2 < 0.28). The importance of each colour variable can be observed by the 

shape of the linear regression coefficients posterior distributions:  

Figure 31. Posterior distributions of the linear regression coefficients of the 

colours model. Four MCMC chains were used for inference. 

Even though there were heavy tails for the b and C colour dimensions, the peak 

of their curves was centred at 0 and hence considered as non-significant. 

Visually, most of the fibre supplements were either white, yellow or brown, and 

curcuminoids are yellow, which is why there was a suspicion they could be 

interfering. However, it would seem that the blue-yellow dimension in the CIELAB 

colour space (b dimension) and the chromatic intensity (C) (Figure 32) are not 

that relevant according to this experiment.  

The L, a and h dimensions were apparently more useful for modelling in this 

scenario, with all coefficients being directly proportional to bioaccessibility. It is 
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possible that measurements in other colour spaces, dimensionality reduction 

techniques (i.e., PCA) or qualitative descriptors (light yellow, white, dark brown, 

etc.)  could yield better predictions, however other attempts performed worse than 

the one presented here and did not convey any additional insights so will not be 

presented. 

Figure 32. CIE L*a*b and CIE L*C*h colour spaces. [Obtained from Flament et al., 

2014] 

Another approach to assess whether colour features were interfering with 

bioaccessibility was to add said features, one by one, to models fitted with 

properties that had been selected during feature extraction (section  0) and 

evaluate the magnitude of their impact on model performance. It must be noted 

that these models were trained including liquid formulations (only macronutrient 

content was used as predictor), but without including non-supplemented custards 

and biscuits as they had no supplement colours, therefore reducing the sample 

size and generalizability of the resulting model. The following Table 11 includes 

all assayed feature combinations; variables included macronutrient content and 

soluble fibre content in the 4-parameter model. Supplement colours, 

hemicellulose content and texture properties were progressively added to the 6- 

and 8- parameter models: 

Table 11. Performance metrics of several Bayesian hierarchical models of 

curcuminoid bioaccessibility built with different feature combinations (including 

supplement colours). 4-parameter model uses a pooled intercept and 
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macronutrient content predictor, and only soluble fibre content as non-pooled 

predictor.  

Model 

complexity 

(n 

parameters)

Additional 

predictors* 

Training performance 

Custard formulations Biscuit formulations All formulations 

𝑟2 MAE RMSE 𝑟2 MAE RMSE 𝑟2 MAE RMSE

4 - 0.52 1.73 1.88 0.48 2.1 2.96 0.95 1.92 2.48 

6 +a 0.53 1.69 1.87 0.49 2.14 2.93 0.95 1.91 2.46 

6 +b 0.53 1.67 1.86 0.49 2.1 2.91 0.95 1.88 2.44 

6 +C 0.52 1.69 1.87 0.52 2.02 2.83 0.95 1.85 2.4 

6 +L 0.51 1.76 1.9 0.53 1.94 2.8 0.95 1.85 2.39 

6 +h 0.55 1.62 1.81 0.48 2.13 2.94 0.95 1.87 2.44 

6 +hemic. 0.65 1.48 1.61 0.68 2.02 2.33 0.96 1.75 2.00 

8 +a, +hemic. 0.66 1.46 1.59 0.68 2.02 2.33 0.96 1.74 1.99 

8 +b, +hemic. 0.66 1.45 1.57 0.68 2.01 2.32 0.97 1.73 1.98 

8 +C, +hemic. 0.65 1.48 1.6 0.69 1.98 2.29 0.97 1.73 1.98 

8 +L, +hemic. 0.71 1.33 1.46 0.7 1.88 2.24 0.97 1.61 1.89 

8 +h +hemic. 0.74 1.24 1.39 0.68 2.0 2.32 0.97 1.62 1.91 

8 

+texture 

+hemic. 

0.71 1.3 1.46 0.78 1.7 1.9 0.97 1.5 1.7 

Parting from the 6-parameter model (in bold in Table 11), whose sample-wise 

performance was also presented earlier in Figure 30, it can be observed that the 

colour axes that most benefit performance are L and h. This observation is in line 

with the insights of the model built with only colour dimensions (Figure 31), 

although in this case the a colour dimension had no significant impact on 

modelling. However,  L and h provide a smaller performance increase than 

including texture properties (Table 11). Parting from the 4-parameter model, the 
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L and h features have almost no effect on performance when hemicellulose 

content is not included, which indicates their performance-enhancing effect in the 

8-parameter models could have occurred by random chance.  

It must be noted that many divergences were reported during model training when 

including colour properties, which suggests issues of collinearity or redundancy 

with these features compared to formulation features (as these presented no 

divergences). This is evidenced by the spearman ρ correlation coefficients in 

Table 12:  

Custards Biscuits 

Macro. Sol. fibre Hemic. Bioac. Macro. Sol. fibre Hemic. Bioac. 

L –0.35** –0.40** -0.35** –0.06 –0.37** –0.38** –0.37** –0.18 

a 0.47** –0.40** –0.46** –0.03 –0.48** –0.38** –0.46** –0.27* 

b 0.51** -0.29* –0.38** –0 –0.49** –0.24 –0.34** –0.15 

C 0.57** -0.27* –0.38** –0.02 –0.58** –0.21 –0.34** –0.2 

h –0.23 0.71** -0.35** –0.22 –0.25 –0.66** -–0.33** –0.08 

Table 12. Spearman ρ correlation coefficients between colour properties and 

formulation properties used as predictors and the target bioaccessibility outcome. 

Only a colour dimension has a slightly significant correlation to bioaccessibility, 

and only in biscuits. However, all colour dimensions are significantly correlated 

to a minimum of two formulation properties used as predictors, which explains 

why so many divergences were observed whilst searching the posterior 

distribution space (refer to a brief explanation in section 2.7.6.3). Strictly 

speaking, Spearman’s ρ measures the monotonic association rather than the 

linear correlation, nevertheless the issue of multicollinearity can be highlighted 

with other metrics; the maximum variance inflation factor (VIF) of the combination 

of MacronutrientContent, SolubleFibre and Hemicellulose is 8.3, and the 
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maximum VIF of the combination of MacronutrientContent, SolubleFibre, and 

each colour dimension ranges between 12.3 (for a dimension) to 63.6 (for h

dimension). For context, which value to use as VIF threshold is arbitrary and 

depends on the data in question, but the rule of thumb is that values over 10 

indicate collinearity, and notwithstanding the need to be cautious about this 

threshold (O’brien, 2007), considering only 3-4 variables are being studied this 

criteria should be acceptable for this case. 

The conclusion is that colour features present a moderate degree of collinearity 

with the formulation properties of interest and have zero impact on the goodness-

of-fit when added to the smaller 4-parameter model. In fact, the inclusion of 

hemicellulose and texture properties increase performance significantly more 

than the inclusion of colour properties. However, it is noted that including both 

hemicellulose and texture features increases collinearity above the 10-mark 

threshold (VIF 17.3-33.7), so including only hemicellulose reduces the chances 

of producing an overly redundant or overfitting model. The consideration of 

striking a good balance between under- and over-fitting models will be further 

explored in section 4.3.4, in which the generalization capacity will also be studied. 

This section demonstrated that the curcuminoid quantification protocol likely was 

not measuring the colour of the fiber supplements. Moreover, it establishes a 

baseline benchmark for prediction accuracies when using inappropriate 

predictors. Models that account for food matrix effects as predictors should be 

expected to achieve superior accuracy. 
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4.3.3 Food matrix effects 

Several physicochemical properties of the formulations and the supplements 

used to produce them were investigated to ascertain whether they were 

correlated with the differences in bioaccessibility. Regarding properties of the 

fibres, their oil/water holding capacity, bulk/tapped density, curcumin binding 

capacity in water, particle sizes, specific surface areas, and colour were 

measured. Likewise, food texture such as biscuit hardness and custard viscosity, 

firmness and stickiness were assayed. All are recorded in Table 13. These 

empirical measurements were complemented with theoretical nutritional 

composition data, such as content of protein, carbohydrate, fat, water, ash, and 

types of fibre (cellulose, hemicellulose, pectin, lignin, fructans and dextrin) (Table 

3).  

Table 14 contains the Spearman’s rank correlation coefficients between the 

candidate explanatory features (excluding colour properties) and bioaccessibility. 

Factors were classified as matrix properties or supplement properties. Only 

macronutrient concentrations were considered in the case of comparing across 

formulations of different matrix types, as fibre contents were the same in custards 

and biscuits formulated with the same supplement, because 6% supplementation 

had been used for all formulations. Likewise, texture properties of different types 

Highlights 

 In spite of the experimental design including curcumin-free controls, the 

colour of the fibre supplements could potentially be interfering with 

bioaccessibility, as peak absorbance was similar to curcuminoids’. 

 Regression models were trained with colour properties and/or other 

candidate predictors to assess this interference and establish a baseline of 

model performance. 

 Models performed poorly, so this possibility was rejected and colour was 

discarded as predictor. 
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of matrices were only compared within each matrix type. Fibre supplement 

properties were measured prior to food preparation. As the pattern of impact 

effects on bioaccessibility depended on the matrix type, fibre properties had to be 

inspected independently for each group. None of the correlations of these 

variables were found to be statistically significant ( 𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.05 ) when 

considering all samples together.   
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Table 13. Measured physicochemical properties of the supplements employed in this study and their resulting food products. *: Empty cells 

correspond to non-measurable values: curcuminoid binding capacity and water holding capacity of soluble fibres cannot be measured as the fibres 

dissolve in aqueous solutions. **: 25000  mPa.s was the saturation limit of custard viscosity measurements. 

Supplement Liquid holding 

capacities 

(mL/gram) 

Densities 

(g/cm3) 

Colour measurements Curcumi-

noid 

binding 

capacity

(mmol) 

D [4, 3] – 

De 

Bruecker 

mean  

(µm) 

Specific 

surface 

area 

(m2/g) 

Food product physical properties 

Oil Water Bulk Tapped L a b C h Biscuit 

hardness 

(g) 

Custard 

viscosity 

(mPa.s) 

Custard 

firm-ness

(g) 

Custard 

sticki-

ness  

(g) 

Inulin 

(Orafti®GR) 

2.2±0.1 -* 0.60±0 0.65±0.00 93±1 -11±1 19±1 22±1 119±2 -* 121±63 0.15±0.02 1802±711 5383±442 68±22 -33±10  

Nutriose FM06 2.8±0.1 -* 0.38±0 0.45±0.00 89±2 6±1 18±0 19±1 73±2 -* 147±15 0.15±0.02 1612±633 4242±679 43±15 -19±6 

FST 00007 

KaroPRO 1-26 

4.3±0.0 8.7±1.7 0.17±0 0.23±0.10 85±1 9±0 24±1 25±1 70±0 100±0 255±3 0.04±0.01 2075±1573 sat.** 318±16 -166±23 

FST 00018 

KaroPRO SG 

3.0±0.2 6.1±0.1 0.33±0 0.54±0.05 65±1 18±0 33±0 38±0 61±0 100±0 37±0 0.28±0.00 2157±422 15381±1467 213±21 -114±14 
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Pea fibre 50 M 2.5±0.1 4.2±0.5 0.47±0 0.65±0.03 72±3 17±1 28±2 33±2 59±1 40±0 89±2 0.17±0.00 1419±622 sat.** 506±23 -303±24 

FST 00224 

ApplePRO 60+

2.3±0.1 5.1±0.6 0.41±0 0.69±0.05 47±2 23±1 37±0 43±0 58±1 320±10 65±4 0.41±0.01 1229±229 sat.** 297±14 -135±17 

Ceamfibre 7000 4.2±0.1 4.0±0.6 0.21±0 0.30±0.09 60±0 18±0 37±0 41±0 64±0 460±70 262±4 0.03±0.00 3039±1437 sat.** 354±33 -152±2 

Vitacel WF200 6.3±0.1 8.2±0.5 0.12±0 0.23±0.10 89±2 5±1 16±1 17±1 72±5 220±30 105±1 0.13±0.00 3028±675 17963±1231 250±17 -135±12 

Microcrystalline 

cellulose 

3.0±0.0 2.2±0.1 0.37±0 0.47±0.00 68±1 17±0 25±0 30±1 57±0 260±10 91±1 0.14±0.00 2362±660 13659±1712 166±12 -90±13 

none 1709±285 7453±1608 91±55 -60±43 
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Table 14. Explanatory variables correlation to bioaccessibility and algorithms supporting their 

inclusion in model. The complete table can be found in appendix A (Table S18). Spearman rho (ρ) 

coefficients were used as correlation metric. These have been computed grouped by matrix type and 

for all formulations simultaneously. Properties selected for modelling in one matrix type have been 

indicated by numbers in parentheses next to their coefficient (1: selected by autofeat, 2: selected by 

Boruta, 3: final selection by Laplacian priors). Macronutrient content was the only nutritional 

composition feature considered during selection, as its component features (carbohydrate, fat, 

protein) presented high collinearity. n.a.: non-applicable. *: p-value between 0.01 and 0.05 **: p-value 

under 0.01 

All formulations Custards Biscuits 

Fibre properties Oil holding capacity                   n.a. –0.39** –0.10      (1)       

Water holding capacity –0.14        –0.47**   (2)         

Bulk density –0.39** –0.12      

Curcumin binding capacity –0.19 –0.37      (2)         

Particle size –0.14        (1) –0.31*     

Matrix properties Biscuit hardness –0.48** –0.17      

Custard viscosity –0.05    –0.53** 

Custard firmness –0.06 –0.51** 

Custard stickiness –0.07      –0.53**     

Cellulose –0.41**     (1) –0.15 

Hemicellulose –0.12 –0.66**   (1,2,3) 

Insoluble fibre –0.31      –0.14     (1) 

Soluble fibre –0.38**      (3) –0.09     (1,3) 

Protein –0.89** –0.36**     –0.72**    

Carbohydrate –0.89** –0.46**    –0.65** 

Fat –0.84** –0.12 –0.52** 

Water –0.62** –0.30*     –0.72**    

Ash –0.72** –0.23      –0.70** 

Feature-engineered matrix 

properties 

Macronutrient –0.89** –0.47**      (1,2,3) –0.66**   (2,3) 
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As had been evidenced by ANOVA tests, the matrix type had a significant impact 

on bioaccessibility, and this was captured by very strong correlations (𝜌 = 0.89) 

between bioaccessibility and macronutrient content (sum of protein, 

carbohydrate, and fat ratios). These correlations were also relatively strong when 

inspecting the data within each matrix type (𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05), but not to the 

same degree.  

Many more properties showed a statistically significant correlation in biscuits than 

in custards, and those correlations were stronger as well (refer to Table 14, which 

is a shortened version of the appendix table Table S18). This finding, together 

with their more pronounced inter-formulation bioaccessibility differences (as 

stated by the Tukey tests and its derived CLD in Figure 28), suggested that biscuit 

samples’ structured data patterns were a priori more amenable for predictive 

modelling. However, as no single strongly-correlated (𝝆 > 𝟎. 𝟖𝟎) property to 

bioaccessibility within each matrix type was found, an approach to modelling that 

could consider the complex variance both intra- and extra-group would have to 

be followed.

4.3.4 Machine Learning model 

Several statistical techniques and data modelling workflows were tested to 

determine which was optimal for the regression task of predicting bioaccessibility. 

For brevity, only models trained following a Bayesian hierarchical linear 

Highlights 

 Macronutrient content was very strongly associated to bioaccessibility 

across all samples (𝜌 = 0.89). 

 Considering custards and biscuits separately, the variables of study 

presented associations to bioaccessibility that were weaker and 

discrepant. 

 The content of soluble fibre in custards, and hemicellulose content in 

biscuits, were highlighted as potential predictors of bioaccessibility. 
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regression scheme will be shown. This algorithm struck a good balance between 

allowing the study of several factors in both matrix types simultaneously whilst 

providing good prediction performance. 

Table 15 presents performance statistics of models fitted over different feature 

combinations. The assessment of their bias-variance trade-off was based on 

comparing their predictive performance on the training data and on samples that 

had been left out during training (under a LOOCV sampling scheme). 
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Table 15. Performance metrics of several Bayesian hierarchical models of curcuminoid bioaccessibility built with different feature combinations.  

Model 

complexity 

(n parameters) 

Additional 

predictors* 

Training performance LOOCV performance 

Custard 

formulations 
Biscuit formulations All formulations 

Custard 

formulations 
Biscuit formulations All formulations 

r2 MAE RMSE r2 MAE RMSE r2 MAE RMSE r2 MAE RMSE r2 MAE RMSE r2 MAE RMSE

2 - 0.31 2.04 2.33 0.53 2.12 2.92 0.94 2.08 2.64 0.17 2.23 2.56 0.46 2.31 3.13 0.93 2.27 2.86 

4 + soluble fibre 0.57 1.74 1.85 0.53 2.13 2.91 0.95 1.93 2.44 0.27 2.21 2.40 0.41 2.52 3.28 0.93 2.36 2.88 

6 + hemicellulose 0.70 1.37 1.53 0.73 1.87 2.23 0.97 1.62 1.91 0.34 2.00 2.29 0.38 2.77 3.36 0.93 2.38 2.88 

8 + food texture 0.73 1.27 1.47 0.80 1.59 1.6 0.97 1.43 1.70 0.29 2.00 2.37 0.37 2.81 3.39 0.92 2.40 2.92 
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4.3.4.1 Bias-variance tradeoff and selection of candidate models 

Models built with several feature combinations were evaluated based on 

prediction performance. The models were well fitted to the data and provided 

valuable information regarding which factors could be affecting bioaccessibility 

the most. Table 15 compiles the performance metrics of models with different 

levels of complexity.  

The simplest model only includes macronutrient content as a pooled feature, due 

to its strong correlation to bioaccessibility. By using only this predictor and an 

intercept, all formulations were well fitted (𝑟2 = 0.94), however the performance in 

each matrix type was improvable, with an average 𝑟2 of only 0.44. 

In order to improve the performance of the model within each matrix type, 

additional variables with which to train the algorithm were considered. With the 

addition of soluble fibre as a non-pooled covariate (4-parameter model) the 

goodness of fit was improved (average 𝑟2 of 0.55 for both matrix types), however 

it was with the additional inclusion of hemicellulose (6-parameter model) that it 

was considered optimised (average 𝑟2 of 0.72). The addition of a third non-pooled 

feature (texture properties, 8-parameter model) only increased the goodness-of-

fit 𝑟2 to 0.77 and other non-reported combinations did not perform significantly 

better.  

The improvement in the goodness-of-fit by including extra predictors was 

substantial. In cases such as this, the chance of producing an overfitting model 

grows with each predictor. The overfitting phenomenon can be evaluated with 

cross-validation experiments such as LOOCV. In this case, the improvement in 

the goodness-of-fit outweighs the slight reduction in generalization capacity from 

including additional predictors. It can be observed that the 2-parameter model 

presented the lowest LOOCV error across all formulations (MAE of 2.27). 

Considering this model as the baseline, the addition of non-pooled covariates 

improved predictions in the custard group (0.9%-10.3% MAE improvement) but 

reduced them in the biscuit group (9.1%-21.6% MAE deterioration) and overall, 

the generalization capacity was slightly reduced (4.8%-5.7% MAE deterioration). 
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On the other hand, goodness-of-fit improved between 7.2%-31.3% across all 

formulations, especially for custards (up to 37.7% improvement). 

These results indicate that, for the purposes of training a model with the highest 

generalization capacity, a simple linear regression model using macronutrient 

content as sole predictor is the preferrable option. If the goal is to attempt to 

ascertain the factors most influencing bioaccessibility in each matrix type, a 

Bayesian hierarchical model offers flexibility in studying the most relevant 

features in each group whilst providing a measure of uncertainty of the 

importance of the predictors. In this case, the 6-parameter model was considered 

to best balance prediction accuracy in both training and validation samples. A 

more detailed representation of the goodness-of-fit and a simulation of the 

generalizability of the 6-parameter model can be visualized in 4.3.4.3.  
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Figure 33. Training (left) and leave-one-out cross validation (right) assessments of the goodness-of-fit and generalization capacity of the final model 

(6-parameter). Each dot corresponds to the average observed bioaccessibility of each formulation and is compared to the average of its posterior 

predictive distribution. The intervals shown for each point represent the 95% highest density interval and have been included to assess whether the 

credible interval correctly captures the observed averages (𝒙 = 𝒚 line). 
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4.3.4.2 Modelling imbalanced dataset including liquid matrices 

As indicated in Table 15’s caption, liquid matrices were included in the model in 

spite the fact that only two liquid formulations had been tested and showcase how 

the usage of macronutrient content as a predictor was capable of casting 

reasonably accurate predictions of formulations other than custards or biscuits, 

even for imbalanced datasets.  

When excluding liquid matrices from model fitting, error metrics were reduced by 

14% on average, as liquid matrices could still influence the inferential procedure 

of MCMC.  

A more detailed representation of the goodness-of-fit and a simulation of the 

generalizability of the final model (the 6-parameter) can be visualized in Figure 

33. Milk matrix was the most inaccurately fitted and predicted, although it is likely 

that once more liquid matrices are characterised, a more accurate regressor for 

this group can be developed, within the boundaries of the hierarchical model. In 

conclusion, these results suggest the potential applicability of this modelling 

setup to other matrix types. 

4.3.4.3 Assessment and interpretation of candidate predictors 

Regarding feature selection (Table 12), autofeat and Boruta determined that 

macronutrient content was sufficient to fit an accurate model in custards, although 

the particle size and cellulose features could assist in the case of linear modelling. 

In biscuits, it appeared that more features were necessary for accurate modelling, 

and autofeat concluded macronutrient content could even be substituted for a 

number of other features instead (a number large enough that the model would 

likely be overfitting). For the final feature selection using Laplacian priors, which 

was the configuration most similar to the final models presented in this work and 

therefore the most reliable in this context, the features that were relevant for both 

groups were those that had only been preselected in biscuits, although soluble 

fibre presented a significant correlation to custard bioaccessibility (𝜌 = 0.38, 𝑝 −

𝑣𝑎𝑙𝑢𝑒 < 0.01) which supports its importance. On the other hand, Table 15 
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suggested that it was the out-of-sample prediction of custards which most 

benefitted from the inclusion of additional covariates. 

Table 16. Posteriors of the 6-parameter model. HDI: highest density interval 3% to 

97%. The input data was normalised (scaled between 0, minimum; and 1, 

maximum) for each matrix group separately, except macronutrient content which 

was normalised across all samples. 

Parameter Mean±std HDI lower HDI upper 

Intercept Table 14 12.5 16.1

Macronutrient content 37.8 ± 1.7 34.9 41.3

Soluble fibre Custards 5.1 ± 1.2 3.0 7.4

Biscuits 3.2 ± 1.3 0.9 5.5

Hemicellulose Custards 3.1 ± 1.2 0.8 5.4

Biscuits 6.2 ± 1.6 3.0 9.2

Soluble fibre content was the non-pooled predictor that the Laplacian prior model 

attributed the highest predictive power across both groups to, and this is reflected 

in the 6-parameter model’s posteriors (Table 16). Hemicellulose presented the 

strongest association to bioaccessibility ( 𝜌 = 0.66, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.01 ) of all non-

pooled predictor candidates, and this is also reflected by the model (6.2 ± 1.6 

posterior). Every predictor presented a positive proportional association to 

observed bioaccessibilities and prediction outcomes.  

As was mentioned in section 4.3.2, the features used for the 6-parameter model 

presented low multicollinearity as determined by variance inflation factor 

(maximum VIF 8.3) but including texture properties increased collinearity by this 

metric (maximum VIF 33.7) hence it was another reason for not including them in 

the final model. This variable was not selected by the feature selection algorithms, 

although it was hypothesised it could have been a valuable predictor, and it did 
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provide more explanatory power than colour properties (used as reference in 

section 4.3.2). The degree of association between these and other candidate 

predictors can be inspected in Figure 34.  

A heuristic interpretation of the fitted models is that increasing the concentration 

of nutrients in the formulation is the most significant factor leading to higher 

bioactive release from the matrix, and although there are interactions depending 

on the type of fibre being supplemented, the effect is small, as was observed 

during exploratory data analysis of bioaccessibilities in section 4.3. 

These findings suggest there is an underlying complexity or interaction between 

the factors of the study, however the macronutrient content’s strong association 

to bioaccessibility is remarkable and provides great explanatory power. As a 

result, in this section it has been proven that the insights can potentially be 

applied to fit predictive models.  
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Figure 34. Spearman correlations between the 

formulation properties (excluding non-supplemented 

formulations due to missing values). It can be 

observed that none of the predictors of the 6-

parameter model (macronutrient content, soluble fibre 

and hemicellulose) are strongly correlated to each 

other (𝝆 ̅ > |𝟎. 𝟓|). Texture properties (8-parameter 

model) present stronger correlations to macronutrient 

content and hemicellulose.  
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4.3.4.4 Assessment and interpretation of predictions 

Figure 33 indicates that although the 6-parameter model has a good fit to the 

training data (𝑟2 = 0.97) and formulations were acceptably inferred in the LOOCV 

experiment, with most formulations’ credible intervals capturing the observed 

average or presenting a relative error lower than 10%, some of the formulations’ 

observed bioaccessibilities have not been properly captured. The clearest 

outliers were the biscuits formulated with pure or high in insoluble fibre 

supplements (microcrystalline cellulose and Vitacel WF200) and pea fibre. None 

present soluble fibre; hence their predictions are only affected by macronutrient 

and hemicellulose content. As Vitacel WF200 contains hemicellulose whereas 

microcrystalline cellulose is pure cellulose that does not contain hemicellulose, 

Vitacel WF200 has correctly been attributed a higher bioaccessibility than 

microcrystalline cellulose, nevertheless the predictions of these three could be 

improved. The fact that hemicellulose presents a high correlation to biscuit 

bioaccessibility while insoluble fibre as a whole does not, suggests the correlation 

might be spurious, in which other factors might be influencing with a higher 

impact, but this is not observable when analysing bivariate correlations in this 

manner. There is plausibility for the existence of complex interactions occurring 

in the food matrix during digestion. 

Nutriose custard was also poorly predicted in the LOOCV. Nutriose is a pure 

soluble fibre supplement akin to inulin; both display a moderate bioaccessibility 

in biscuits but nutriose presents a slightly higher bioaccessibility in custards. 

Inulin is soluble fibre composed of fructans (polysaccharides of fructose) while 

nutriose is composed of resistant dextrin. The inclusion of dextrin covariate in the 

model could resolve this bias error, however due to the highly sparse nature of 

this feature (only nutriose has dextrin) it can be considered as an identifier rather 

than an informative feature and it was not included to favour the generalisation 

capacity.  
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Although the features used in the model are features that can be applicable to 

many formulations, it is possible that in the future, additional data can provide 

more insights into more appropriate features for the model, such as properties of 

the intermediate state of the food (i.e., biscuit dough texture), or the possibility of 

employing features that currently are sparse due to the limited number of 

formulations tested. Similarly, the need to prepare the formulations to include 

their texture properties in the model could be replaced by other features that do 

not require cooking the formulation beforehand. This will be addressed in more 

detail in the discussion. 

Highlights 

 The model trained only with macronutrient content provided accurate 

predictions across all samples. 

 The Bayesian hierarchical regression model enabled the study of additional 

predictors affecting bioaccessibility in each matrix type separately.  

 Predictions for liquid matrices were promising, suggesting the model could 

be efficiently expanded to include other matrix types. 

 The model estimated most formulations accurately, although more data will 

be required for validation. 
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5 Discussion and conclusions

In this final section of the thesis, the most important findings and limitations of the 

project will be discussed in detail, and any significant results and conclusions will 

be compared to works of other researchers. The main focus will be on whether 

there is agreement between the insights presented in this work with those of the 

literature and identifying any novel discoveries that have not been reported in 

peer-reviewed journals. 

5.1 Systematic screening and modelling approach 

The main aim of this thesis was to challenge the hypothesis that it was possible 

to accurately predict the bioaccessibility of a bioactive compound as a function of 

the properties of the food matrix carrying it (section 3.1).  

The results showcase the potential usefulness of modelling bioaccessibility 

screening experiments of different food formulations. Curcuminoids exhibited 

great potential for optimization, with bioaccessibilities ranging from as low as 

12.4% in liquid matrices to almost 60% in biscuits. The known properties of the 

food matrix were therefore used to attempt to infer the bioaccessibility of 

curcuminoids. The test results indicated that, although the validation strategy 

used to test the aptitude of the model’s predictions is optimistic, the majority of 

the formulations, with some exceptions, were estimated acceptably with a relative 

error lower than 10% (Figure 33). 

Regarding the approach to modelling, the Bayesian methodology allowed for the 

incorporation of uncertainty when studying the factors that most impacted 

bioaccessibility. This approach provided flexibility to test several combinations of 

explanatory causes of variability while accounting for the plausibility of the 

hypothetical model. Furthermore, fitting a model with a hierarchical structure 

accommodated the possibility that the factors impacting bioaccessibility differ 

depending on the nature of the food matrix. In detail, variables which appeared 

to play an important role in one food matrix, such as soluble fibre content in 

custards (𝜌 = 0.38, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.01 ), could in contrast have minimal impact in 
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biscuits (𝜌 = 0.09, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 > 0.05 ). Nevertheless, by inferring a model for both 

matrices separately whilst still considering factors that impact them in a pooled 

manner, such as total macronutrient content (𝜌 = 0.89, 𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.01), the 

modelling algorithm determined that soluble fibre was a significant predictor for 

both matrix types (Table 16), albeit the exceptionally strong correlation to 

macronutrient content appeared to be the driving factor affecting curcuminoid 

bioaccessibility across all formulations, with its posterior linear coefficient 

𝛽𝑚𝑎𝑐𝑟𝑜𝑛𝑢𝑡𝑟𝑖𝑒𝑛𝑡_𝑐𝑜𝑛𝑡𝑒𝑛𝑡 displaying an additional order of magnitude over non-pooled 

parameters. 

The predictive power of the macronutrient content, plus the flexibility conferred 

by the hierarchical approach in that additional predictors can be modelled 

independently for each matrix type using Markov Chain Monte Carlo 

bootstrapping, is a promising starting point for the study of formulations of  

custards and biscuits and, as will be discussed in more detail in the following 

sections, will be of importance for modelling other matrix types.  

To summarise, the fact that increased macronutrient concentrations, and 

consequentially the very nature of the food matrix itself, was very strongly 

correlated to an increase in curcuminoid bioaccessibility enabled accurate 

predictions of curcuminoid bioaccessibility as a function of food matrix effects for 

formulations of more than one matrix type simultaneously.  

5.1.1 Food matrix effects 

In this case study, the strong correlation of macronutrient content to 

bioaccessibility was used as a data-driven assumption to replace weak domain 

knowledge, stemming from a lack of consensus in the literature regarding the 

magnitude of the correlations of food matrix effects to bioaccessibility, not only 

for curcuminoids but for bioactive compounds in general. In our case, the 

hierarchical modelling setup offered flexibility in studying the most relevant 

features influencing bioaccessibility in each matrix type. Nevertheless, the results 

indicated that a simple linear regression model using macronutrient content as 

sole predictor could alternatively be a preferrable option (Table 11).  
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Some works examining the relationship of the candidate predictors of our study 

with bioactive compound bioaccessibility exist, but the conclusions are 

inconsistent. To preface the comparison of our findings to those of other authors’, 

a number of considerations introduced during the literature review that hinder the 

analysis are hereby revisited: 

 The physicochemical properties of the bioactive compound heavily 

influence its food matrix effects, so factors affecting the bioaccessibility of 

lipophilic compounds (such as curcuminoids) may not be equivalent to the 

case of hydrophilic compounds, and vice versa.  

 Bioaccessibility does not always correlate with bioavailability, especially 

for static in vitro digestions which usually do not include gastric emptying 

and gradual acid and enzyme secretion. This reduces the reliability of 

extracting bioaccessibility insights from bioavailability studies and vice 

versa. 

 Experimental protocols (digestion and quantification) differ, and this 

hampers confident comparison. The 2014 and 2019 INFOGEST 

consensus protocols managed to standardise in vitro digestion, but most 

studies have not adopted said recommendations or pre-date them.  

 Even though custards and biscuits are popular functional food types, there 

is a significant lack of food studies compared to models of oil-in-water 

emulsions. 

Keeping these considerations in mind, the food matrix effects believed to be 

affecting bioaccessibility that were analysed in this case study will be further 

discussed. 

5.1.1.1 Type of matrix 

We observed that bioaccessibility was inversely correlated with the flow capacity 

of the food matrix structure, which is dictated by macronutrient concentration. 

Liquids presented the lowest bioaccessibilities, followed by custards and finally 

biscuits. These findings indicate that further investigation into the impact of matrix 

type on digestion, such as monitoring the process at each stage, could be 



175 

beneficial. Even if the final degree of digestion is similar across food products, 

differences in the rate of digestion could account for discrepancies in 

bioaccessibility: for example, variations in the size of biscuit crumbs formed 

during mastication could lead to different nutrient release profiles. 

Contrasting with our results, an in vivo study with 12 human male volunteers 

discovered that folic acid (water soluble compound) was affected by food matrix 

structure as well, but in this case formulations with extreme properties (custard 

and biscuit) had lower folate plasma availability than intermediate matrices 

(sponge cake and pudding) (Buffière et al., 2021), therefore the correlation 

between matrix structure properties and bioaccessibility appeared to be non-

significant.  

In a similar vein, an in-depth experiment (Hiolle et al., 2020) was carried out with 

an in vitro model following INFOGEST recommendations of the same matrix 

types and target micronutrients (folate and lutein, which is lipophilic). 

Researchers concluded that the release of the micronutrients greatly depended 

on the matrix structure, which impacted the digestion process itself, by 

characterising the differences not only at the end of digestion but also at each 

phase (oral, gastric and intestinal). Macronutrient hydrolysis kinetics were not 

impacted by the different matrix structures, except for a 4-fold increase in lipolysis 

rate for biscuits compared to custards that coincided with an increase in lutein 

bioaccessibility in custards, a finding that contradicts the existing consensus 

(presented in the literature review, section 2.6) that increased lipid digestion 

improves bioaccessibility of fat-soluble compounds. On the other hand, folate 

bioaccessibility was impacted during the gastric phase only, and in the end both 

lutein and folate exhibited relatively equal final bioaccessibilities across all matrix 

types, except for the previously mentioned lutein in custards.  

Many interesting conclusions can be drawn from the comparison to these two 

experiments’ results: 

1. They suggest that observing a significant correlation between 

macronutrient content and bioaccessibility is a novel finding.  
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2. As Hiolle noted, the matrix structure itself appeared to be impacting the 

digestion process. We seem to agree in that regard; our variables of study 

presented different degrees of correlation to bioaccessibility depending on 

matrix structure (custard or biscuit), suggesting the nature of the matrix 

can dictate the manner of the digestive process.  

3. The experiments’ in vitro bioaccessibilities and in vivo bioavailabilities 

were similar, which suggests that these conclusions plausibly extend to 

the impact on post-bioaccessibility absorption. Previously reviewed 

authors would also agree with the conception that bioaccessibility is the 

main step governing a fat-soluble compound’s bioavailability.  

4. Nevertheless, the existing literature on the subject, which has established 

the belief that increased digestion should lead to increased 

bioaccessibility, is not always correct. The fact that lutein bioaccessibility 

was not the highest in the food matrix with the highest degree of fat 

digestibility is revealing. 

The last bullet point regarding macronutrient digestibility warrants further 

investigation, which will be discussed in the next section. Before that, two other 

observations must be previously addressed. 

Texture properties were used as a proxy to evaluate microstructure. Even though 

food matrix structure seemed to have a strong association to bioaccessibility 

overall, its impact within each matrix type was not so informative for modelling, 

as none of the texture properties of custard correlated with their bioaccessibility 

(Table 14), and biscuit hardness was not correlated to biscuits’ bioaccessibility 

either.  

Finally, an alternate hypothesis for the association between matrix structure and 

bioaccessibility, other than based on the macronutrient concentration, is the 

cooking method. Oil-in-water emulsions of curcumin prepared at higher 

temperatures (100⁰C vs 30⁰C) presented higher bioaccessibilities (L. Zou et al., 

2015). This might explain why custards, cooked at 85°C for 10 minutes, 

presented higher bioaccessibilities than liquids which were prepared at room 
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temperature, or why biscuits, baked at 160°C for 30 minutes, presented the 

highest bioaccessibilities. However, this would not explain why protein and 

carbohydrates are significantly correlated with bioaccessibility in both custards 

and biscuits independently (𝑝 − 𝑣𝑎𝑙𝑢𝑒 < 0.05) (Table 14). The possibility that the 

increased heat caused major alterations to the curcuminoid compounds thereby 

affecting quantification is not the case, as identified by HPLC-DAD quantification 

(section 4.3.1.1). In order to settle the matter, both water and milk matrices were 

prepared at room temperature, yet even so, milk presented over double the 

bioaccessibility (25.9% versus 12.4%), so it is more plausible that the presence 

of fat and other macronutrients is what drives bioaccessibility rather than the food 

processing temperature or method, at least in this study. Likewise, this difference 

in bioaccessibility between milk and water also suggests that it was the 

macronutrient concentration, more so than water content, which dictated 

bioaccessibility.  

Nevertheless, the role of the Maillard reaction during biscuit baking in the 

improvement of their bioaccessibility should also be considered, as the Maillard 

reaction has proven useful to create effective delivery systems of curcumin (Song 

et al., 2025). It has been reported that the Maillard reaction does not affect the 

quantity of curcuminoids to be extracted from turmeric, but does seem to provide 

a positive effect on their antioxidant and anti-inflammatory properties (Y. Choi et 

al., 2019), possibly due to an increased bioaccessibility/bioavailability. 

5.1.1.2 Macronutrient digestibility 

The previous section highlighted that the general understanding of 

bioaccessibility is that higher degrees of macronutrient breakdown should be 

associated to higher degrees of compound release from the food matrix and 

consequentially a higher bioaccessibility, but empirical results suggest this is not 

necessarily always the case. Understanding why is challenging due to the 

complex interplay of enzymatic and physicochemical reactions occurring during 

digestion, all of which are affected by the properties of the food matrix as already 
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discussed. However, the first step to investigate these interactions is to quantify 

the degree of digestibility of each major macronutrient type independently. 

During the first experiments with the in vitro protocol, it was observed that starch 

hydrolysis, as measured with Megazyme’s total starch assay kit (section 4.1), 

was complete in the digestas. This suggested that the substitution of human 

salivary amylase, which is the enzyme of choice for simulating oral phase in the 

2019 INFOGEST protocol, by bacterial amylase was effective. A study employing 

a non-INFOGEST protocol and not including amylase in the salivary phase also 

supports this substitution or even removal of oral amylase, as it was reported that 

the total starch hydrolysed in breads varying in dietary fibre was over 89.5% 

consistently, with only the bread formulated with arabinoxylan presenting any 

meaningful difference (94.4%) to the other four samples tested (Rojas-Bonzi et 

al., 2020). However, Gallego-Lobillo et al. reported that the 2019 INFOGEST 

protocol was only hydrolysing slightly higher than 50% of starch polysaccharide 

digested in isolation (Gallego-Lobillo et al., 2021), and Bustos et al. reported 

starch hydrolyses between 43.6-92.0% in different breads, pastas and cookies 

formulated with different flours and digested with the 2014 INFOGEST protocol 

(Bustos et al., 2017). 

These contradicting results manifest that understanding the degree of impact of 

starch digestibility on lipophilic compound absorption is already limited by the fact 

that there is weak empirical consensus on the degree of digestibility of complex 

foods. Salivary amylase reportedly plays an important role in starch digestion 

(Freitas et al., 2022; Menard et al., 2023) and yet almost complete starch 

digestion was observed without including it, in bread no less, which is highly rich 

in starch (Rojas-Bonzi et al., 2020). This may be a case of a replication crisis 

event (Ioannidis, 2005) as several of its risk factors are present; there are few 

studies conducted in the research field presenting significant experimental design 

variation and striving for statistically significant results. 

In the same vein, we observed through OPA tests (section 4.1) that four 

formulations (2 custards and 2 biscuits) representing the whole range of recorded 
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bioaccessibilities (25-53% approximately) displayed released amino acid 

equivalents whose correlation to bioaccessibility was insignificant. These 

measurements are considered reliable, as there is proof that the INFOGEST 

protocol accurately represents protein digestion because it was the main source 

of enquiry during its development and validation (Xavier & Mariutti, 2021), and 

the subject matter of expertise of numerous researchers on the panel (Brodkorb 

et al., 2019; M. Minekus et al., 2014; Mulet-Cabero et al., 2020). The digestible 

indispensable amino acid score (DIAAS) measurements via this method, the 

preferred method of protein quality in food, correlate very strongly with in vivo

values (𝑟2 = 0.89) (Sousa et al., 2023). 

The coefficient of variation of our released amino acid equivalents was lower than 

5%. A study published in 2020 in which the 2014 INFOGEST protocol was applied 

to eight different protein sources including dietary fibre, reported that said fibre 

was likely to have negatively impacted digestibility (Sousa et al., 2020). Using the 

OPA method, the least digestible protein source (wheat bran cereals) released 

around ten times less amino acid equivalents than the most digestible protein 

source in said study (pigeon pea), a remarkable variability. In conclusion, Sousa’s 

work employed an almost identical protocol to ours and yet observed a much 

larger range of protein digestibility.  

It must be noted that in Hiolle’s experiment, which was extensively discussed 

before and was applying the 2014 version of the INFOGEST protocol (Hiolle et 

al., 2020; M. Minekus et al., 2014), the peptide release profiles of biscuit, sponge 

cake, pudding and custard presented very small variability. Similar to our 

scenario. So, it is possible that we tested food matrices for which small variability 

in protein digestibility is to be expected.  

The small variability and weak association between protein digestibility and 

curcuminoid bioaccessibility observed in our study, coupled with the complete 

starch hydrolysis across all tested samples, was used as justification to exclude 

assessing macronutrient digestibility during screening. Macronutrient digestibility 

tests seemed not to provide powerful predictors of bioaccessibility in the case of 
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these food matrices in particular. This is unfortunate as the understanding of the 

degree of impact of macronutrient digestibility on compound absorption is still 

incomplete, and systematic approaches like ours could be valuable when tackling 

this gap and examining the existence of meaningful interactions.  

5.1.1.3 Dietary fibre enrichment 

The source of variation amongst the tested formulations of custards and biscuits 

was the addition at 6% formulation weight of different dietary fibre supplements. 

Amongst the numerous fibre supplement properties investigated (Table S18), 

soluble fibre content presented a positive association to bioaccessibility in our 

study and was included in our final model (Figure 33 and Table 16). This finding 

is supported by previous research, reinforcing the significance of soluble fibre 

content in explaining bioaccessibility. In a study characterising fusarotoxins 

enniatins’ (fat-soluble compounds) bioaccessibility in different bread 

formulations, 5% inulin supplementation reduced bioaccessibilities of different 

enniatin compounds half as much as 10% of inulin did, suggesting that the 

addition of different concentrations of fibre could provide proportional effects on 

bioaccessibility, and other soluble fibres such as β-1,3 glucan and chitosan 

reduced enniatin bioaccessibility even further than inulin (Meca, Giri, et al., 2012; 

Meca, Meneghelli, et al., 2012). In a separate study, wheat bran with fibres (24% 

dietary fibre content compared to 5% on average of 13 other formulations) 

resulted in the lowest enniatin bioaccessibility when considering different breads, 

cereals and cookies, although fibre types were not specified (Prosperini et al., 

2013). This matches with the general assumption that dietary fibres reduce 

bioaccessibility of fat-soluble compounds such as curcuminoids due to altered 

diffusion of gastrointestinal fluids and even binding or trapping of bioactives, 

which would all result in a lesser degree of digestion and curcuminoid release 

(Torsten Bohn, 2014; Torsten Bohn et al., 2015; P. Borel et al., 2015; Patrick 

Borel et al., 2023; Y. Tan & McClements, 2021). However, as a general trend, in 

our results we observed that the presence of fibre increases bioaccessibility, 

except for the formulation based on microcrystalline cellulose. Thus, dietary fibre 
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enrichment seems to be a promising way to enhance the curcumin release from 

the studied food formulations, contrary to what the literature suggests. However, 

no clear trend was identified based on the nature of the fibre (soluble or 

insoluble), so this finding was not enough to model bioaccessibility alone. 

The capacity of the food ingredients to trap curcumin was initially believed to be 

a significant factor in their bioaccessibility, as many authors remark that the 

nature of the food matrix’s components can heavily influence the retention of 

bioactive compounds (Langston et al., 2023; Palafox-Carlos et al., 2011). These 

tests were carried out for the fibre supplements whose indigestible nature would 

mean (theoretically) that any curcuminoids that had been trapped therein would 

not be released during digestion. Therefore, a strongly negative correlation 

between a supplement’s binding capacity and its respective formulation’s 

bioaccessibility should be observed when performing the curcuminoid binding 

tests (section 0). In addition, any curcuminoids that were released from the fibre 

in said test would not escape the experiment vessel as intestinal uptake was not 

simulated, thereby released curcuminoids would accumulate in the aqueous 

phase and saturate very quickly.  

Regarding this saturation, and revisiting the case of curcuminoids in the screened 

food formulations, in the hypothetical case all the curcuminoids were released 

after digestion, their maximum concentration in the aqueous phase would 

approximately be 44.5 μg/mL, whereas their water solubility is reportedly 0.6 

μg/mL or 7.4 μg/mL at 90 ⁰C (Kurien et al., 2007). As this result contradicts our 

reported bioaccessibilities (50% bioaccessibility would indicate 22.3 μg/mL were 

solubilised), it can only be assumed that the presence of lipids in the digesta 

counteracts and even removes the issue of curcuminoid saturation when  

sufficient digested fat content is available. This suggests that even though the 

dietary fibres were not digestible, their interference with lipid digestion was not 

severely affecting the release of lipids for curcuminoids to solubilise in.  

At this point, two clarifications must be made. First, ethanol was employed as 

extraction solvent which, as it increases curcuminoid solubility over 1000-fold (D. 
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de M. Carvalho et al., 2015), is required to correctly estimate curcuminoid 

bioaccessibilities. Ethanol had been previously included in food formulations with 

the purpose of improving curcuminoid solubility (Fu et al., 2015) so including it is 

another possibility for raising bioaccessibility in food matrices. Second, even 

though the total solid ingredient amounts of biscuits and custards were equivalent 

in the digestions, custards’ digestions were performed with more dietary fibre as 

5 grams of custard were digested compared to 1.67 grams of biscuit: both were 

supplemented at 6%, therefore custards contained 0.3 grams of fibre supplement 

in each digesta whereas biscuits only contained 0.1 grams (section 3.2.2). It could 

be argued that the slightly higher amount of dietary fibre in custard digestions 

caused their lower bioaccessibilities, but the fact that non-supplemented 

formulations did not report significantly higher bioaccessibilities in either matrix 

type is further proof that the impact of macronutrient concentration (or matrix 

structure) was much stronger than the impact of dietary fibre content on digestion 

and bioaccessibility. This could be ascertained more clearly by testing higher 

dietary fibre concentrations. 

Returning to the curcuminoid entrapment tests, the fact that they were performed 

in the absence of digested lipids in the aqueous phase could explain why 

unbound curcuminoid fractions detected were not proportional to the 

supplemented concentrations; they were precipitating elsewhere as they were 

over the limits mentioned in the previous paragraphs (Figure S37). In spite of the 

previous argument, a negative correlation was only observed in custards (𝜌 =

−0.19), while the opposite occurred in biscuits (𝜌 = 0.37). Moreover, these 

correlations were weak and not statistically significant (𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.05). 

Therefore, the hypothesis that the curcuminoid entrapment capacity would be a 

powerful predictor of bioaccessibility in this case was rejected.  

Finally, as other authors have remarked, dietary fibres can act as inhibitors of 

flocculation events as is the case of pectin (R. Zhang et al., 2015). Minimising this 

flocculation facilitates adsorption of lipase to lipid droplets thereby increasing lipid 

digestion which should, in turn, favour bioactive compound release. We observed 

few positive and significant correlations (𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.01) between fibre content 
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and curcuminoid bioaccessibility, which were hemicellulose, pectin and lignin in 

biscuits. We hypothesize it is the stabilising effect which explains these 

correlations. Recently, hemicellulose was found to be a powerful stabilising agent 

of oil-in-water emulsions, possibly more so than cellulose whilst not increasing 

emulsion viscosity (Ho et al., 2023). We believe this explains why hemicellulose 

presented a strong correlation to bioaccessibility in biscuits (𝜌 = 0.66) and was a 

powerful predictor in the 6-parameter model. The fact that only cellulose content 

is strongly correlated with biscuit hardness (𝜌 = 0.70) (Figure 34) agrees with this 

argument. Lignin’s significant correlation is more attributable to the fact it is highly 

collinear with pectin in the case of our experiment, as it is not a particularly strong 

stabilising agent.  

No positive and significant correlations (𝑝 − 𝑣𝑎𝑙𝑢𝑒 = 0.01) between 

bioaccessibility and specific fibre types were observed in custards. The only 

significant correlation observed in said matrix type was of cellulose, but it was of 

a negative sign (𝜌 = −0.41), which implies that even though cellulose also has a 

stabilising effect according to the literature, its increase in the viscosity of the 

custard triumphs over the flocculation inhibition in our results. Nevertheless, in 

our study we found that hemicellulose  was more strongly correlated (𝜌 = 0.82)

to custard viscosity than cellulose was (𝜌 = 0.40) (Figure 34), so this argument is 

contradictive whilst also contradicting the previously mentioned study by Ho et al. 

This highlights once more that the food matrix can interact in complex ways with 

fibre content.  

Overall, these arguments emphasize that the literature surrounding the effect of 

dietary fibre on bioactive compound bioaccessibility presents contradicting 

conclusions, which could be attributed to the fact that it is the type of food matrix 

that greatly dictates how the digestion will proceed, with secondary interactions 

with fibre presence. For the sake of brevity, we hereby conclude that our study 

provides additional data to add to this pool of knowledge, which was uniquely 

procured in a systematic manner using a screening approach. These type of 

approaches, plus more in-depth mechanistic investigations, are still required to 
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develop our understanding of these interactions, as they appear to depend on a 

case-by-case basis. 

5.1.2 Previous Machine Learning of compound absorption  

Previous modelling attempts of oral bioaccessibility/bioavailability do not focus on 

the systematic optimisation of an individual compound as a function of 

formulation. To add context, the study of bioaccessibility/bioavailability can also 

be conducted based on the observation of its practical applications; how 

biorelevant a compound’s antioxidant capacity remains after the digestion 

process (Idowu & Fatokun, 2021) or how much of a response to treatment a 

compound elicits when ingested, which is the main focus of most studies in the 

field as they usually pertain drug development purposes. A large majority of 

previous works generally target the modelling of several compounds at once, 

using data from existing databases, and have shown differing degrees of 

success. The modelling of bioavailability is sometimes also addressed as a 

classification problem, which enables achieving higher performances but at the 

cost of a loss of information. Degrees of accuracy typically range from 60% to 

97%, with 70-80% on average, for example for goals as unassuming as 

estimating whether a drug has a positive, negative, or inexistent food effect 

(Bennett-Lenane et al., 2022; Fagerholm et al., 2021; Hou et al., 2007; Rajnish 

Kumar et al., 2011; Morales et al., 2024; Schneckener et al., 2019; Tyagi et al., 

2023; Wei et al., 2022). The descriptors are typically molecular properties of each 

drug derived from concepts such as its membrane permeation, metabolic 

stability, solubility, acidity, and lipophilicity. In the case of focusing on a single 

compound as a function of formulation, identifying whether the formulations have 

a significant impact on these properties which would consequently alter their 

bioaccessibility/bioavailability is a potential approach for systematically modelling 

compounds individually as well. In addition, the concept that the evidence from 

one compound can aid in inferring bioaccessibility/bioavailability of another 

compound is very promising.  
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Another group of modelling studies regarding oral bioaccessibility/bioavailability 

are purposed towards risk assessment; to estimate the body burden of different 

contaminant compounds (such as lead or mercury) on dietary exposure, by 

approximation with Bayesian methods (Dong et al., 2016; Lv et al., 2023; Zhu et 

al., 2022), so it is not the first time this general methodology has been applied in 

this domain, but the hierarchical model applied to different matrix types is novel.  

According to our review of the existing literature to this date, another study that 

resembles the work hereby presented was published recently by Hernández-

Prieto et al. in 2023. Urine samples from 140 volunteers during a 2-month period 

were analysed for polyphenolic metabolites after consumption of a maqui-citrus 

beverage that had been enriched with a sweetener (sucrose, sucralose or stevia). 

Their results indicated that the sex of the volunteer, the sweetener and their 

interaction affected the bioavailability of the phenolic compounds according to 

ANOVA tests. Therefore, this cited study can be considered as a non-exhaustive 

evaluation of the impact of food formulation on bioavailability (as a function of the 

sweetener), but it also evaluated whether the subject played a key role in the 

availability of the compound. Their findings indicate that the individual subject is 

an important factor for the modelling of absorption and should be considered in 

the experimental design whenever possible, which would increase the complexity 

of the analysis. They used ML techniques to cluster the samples into 6 groups 

according to metabolic profiles, however a predictive model was not proposed 

(Hernández-Prieto et al., 2023).  

It appears our case study is the first work attempting to build a predictive model 

of a compound’s bioaccessibility/bioavailability exclusively as a function of the 

food formulation. This should be of significant interest to the food industry, as 

having such a tool at their disposal in the future would be invaluable. It would 

enable the design of optimised functional foods, ensuring enhanced nutrient 

delivery and consumer health benefits, while also providing a cost-effective 

decision support system for product development and quality control. 
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5.1.3 Choice of model 

Initially, it was decided not to set aside a separate test set for evaluation during 

feature selection and cross-validation. Typically, a test set is reserved for 

assessing the final model’s performance as presented in section 2.7.4; however, 

given the small sample size, excluding two or three formulations would result in 

an unrepresentative test set. This approach carries the risk of overly optimistic 

conclusions. To mitigate this, the final model was deliberately kept highly 

simplistic, potentially including only macronutrient content and an intercept 

(section 4.3.4.1). 

Therefore, with the bias-variance tradeoff and producing a simple model in mind 

(section 2.7.3), the logical process behind the model’s parametrization was as 

follows: linear regression models are prone to underfit, and as they can fit a pre-

specified number of parameters for each variable, it is the volume of predictors 

that mostly determines the chances of the model overfitting or underfitting. Linear 

regression models enable greater control over customising model specifications, 

in contrast to algorithms such as decision trees or SVMs with complex kernels, 

because estimating the inferential outcome is generally intractable during 

previous exploratory analysis. For example, correlation studies are highly 

informative towards estimating what variables will be more relevant in linear 

regression models, but for decision trees involving binary choices, correlations 

are not so straightforwardly indicative.  

As was quoted in the literature review (section 2.7.6.1), in modelling projects it is 

strongly recommended that every subjective decision (which are numerous) is 

justified. There is no reliable replacement for estimating the importance of 

features in a decision tree than actually fitting the model, and although this family 

of algorithms are highly effective model builders, there is no prior justification of 

their use for this particular dataset. Algorithms involving clustering or 

neighbouring distances (such as KNN or SVM) also require a subjective choice 

over number of neighbourhoods or what the shape of the hyperspace separating 

the datapoints is. These are hard to judge other than by fitting the models 
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themselves. To the author’s knowledge, no other researcher has provided a 

model specification for any similar use case so there was no inclination towards 

choosing any particular algorithm apart from the one that provided the best 

results. This work sets a precedent for the adoption of Bayesian hierarchical 

linear regression in applications in this domain. 

These kind of models will allow to progressively incorporate data from other 

matrix types, starting at smaller sample sizes, efficiently. Imbalanced datasets 

would pose a problem when using frequentist methods, which do not account for 

the level of uncertainty in the final model parameters, potentially leading to an 

inherent bias that would be difficult to diagnose without previously knowing the 

sample sizes involved in training. On the contrary, we demonstrated that liquid 

matrices were reasonably inferred using only macronutrient content (Figure 33). 

Furthermore, with the inclusion of non-pooled predictors in the hierarchical 

structure, predictions can be improved significantly without requiring fitting a fully 

independent model for each new matrix type. 

Lastly, it is not uncommon in ML to apply feature preprocessing techniques such 

as feature clustering or polynomial and spline transformations of input features 

or the use of latent variables such as those produced by PCA dimensionality 

reduction. In this project these options were discarded because they were 

considered to increase the chances of overfitting, which, given the small size of 

the dataset, was the most worrying concern during modelling. On a positive note, 

without this heavy feature preprocessing, the interpretation of the model is greatly 

simplified. The decision of fitting a simple linear regression model will facilitate 

interpretation of results by future modellers and endpoint users, without the 

compulsory need for post-hoc tests such as SHapley Additive exPlanations 

(SHAP). This aspect of the discussion will be further expanded on in the future 

perspectives section. 

5.1.4 Other bioaccessibility-optimising approaches 

The proposed screening and modelling approach enables the study of the food 

matrix effects most impacting bioaccessibility in real foods. Its results indicated it 
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is a valuable procedure to optimise bioaccessibility whilst designing healthy and 

functional foods. For example, biscuits showed an over 4-fold increase in 

bioaccessibility compared to curcuminoids simply dissolved in water (12.4%), and 

fibre supplementation with pea fibre improved biscuit bioaccessibility 15% more 

than the lowest bioaccessibility biscuit (microcrystalline cellulose at 41%).  

There is no systematic study available in the literature regarding the 

bioaccessibility of curcumin in complex food matrices to compare and benchmark 

the results of our optimisation against. Current approaches to improving 

bioaccessibility of curcuminoids more commonly target optimising a single 

formulation using specialised preparation techniques (Hegde et al., 2023). In 

spite of the fact that this project focused more on the method of systematic 

discovery rather than the design of a single highly-optimised formulation, these 

formulations show promise as they could also be incorporated into the food 

instead of raw curcuminoid powder, potentially improving bioaccessibility even 

further. 

However, previous generations of these optimised products have raised 

concerns recently after long-term consumers of some of these formulations 

started displaying negative side effects, which were mostly attributed to 

contaminants in the formulations (Pancholi et al., 2021). This dependence on 

artificial compounds is avoided following our approach. Nevertheless, natural 

formulations (devoid of emulsifiers and other compounds considered adulterants 

or contaminants) such as CurQFen®, curcuRougeTM and CurcuWin® Ultra+, 

have shown incredible improvements in curcumin bioaccessibility/bioavailability 

(Abhilash et al., 2021; Das et al., 2023; Khanna et al., 2022; Kothaplly et al., 2022; 

Sunagawa et al., 2021) and would be worthy candidates as source of 

curcuminoids compared to crude extracts. In addition, adjuvants such as piperine 

should be considered in formulations as they have been shown to enhance 

curcumin's bioavailability (Heidari et al., 2023), and while curcumin's metal ion 

chelation properties offer an interesting research avenue (our formulations 

include milk which is a valuable source of calcium), more study is required to 

understand the effect of this chelation on curcumin’s absorption (Smirnova et al., 
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2023). Nevertheless, as the majority of these studies involve the digestion of the 

formulation in isolation, incorporating them into functional foods should provide a 

more comprehensive understanding of their efficiency in real-life scenarios 

(whenever foods are co-ingested). Other recent studies suggest that the effect of 

the food matrix should affect negatively (Patrick Borel et al., 2023), but in our 

approach we have proven otherwise.  

5.2 Vitamin E 

Alpha-tocopherol, the main isoform of vitamin E, was screened extensively prior 

to curcuminoids in both custards and biscuits but its bioaccessibilities were 

constantly high (section 4.2), with food matrix effects causing barely any 

variability in bioaccessibility. For this reason, curcuminoids were the compounds 

for which modelling was performed.  

These constant vit. E bioaccessibilities agreed with the literature. Vitamin E’s 

bioaccessibility in different foods covers the whole possible range of values (1-

100%)  (Catelli Rocha Torres et al., 2022; Reboul, 2017), but studies with 

radioactive or deuterium labelled tocopherols have demonstrated that the in vivo

bioavailability of vit. E is usually between 55 and 82% (Flory et al., 2019; 

MacMahon & Neale, 1970), with one study reporting that all twelve volunteers 

absorbed vit. E in the 81 ± 1% bracket after its consumption in 2% fat milk 

(Novotny, Fadel, et al., 2012). These are in vivo measurements of bioavailability, 

nonetheless our in vitro bioaccessibilities resemble those values.  

A possible reason for the high bioaccessibilities/bioavailabilities was also 

proposed previously as an explanation for low curcuminoid detection in purely 

aqueous solutions: any formulation not including semi-skimmed milk lacked 

enough fat to effectively solubilise the lipophilic compound. This argument is 

further supported by the study of Mah et al. published in 2015. Using different fat-

content milks, it was observed that 15 mg of α-tocopherol in 240 mL of milk 

presented 80.6% bioaccessibility and was unaffected by the milk’s fat content. 

However, with 268 mg of α-tocopherol, the level of fat content had a noticeable 

effect on bioaccessibility; only full-fat milk displayed 80% bioaccessibility, 
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reduced fat milk presented less than 60% bioaccessibility and non-fat milk had 

less than 40% (Mah et al., 2015). In our study,  vit. E to total fat content ratios 

were between ~0.004𝑋 and ~0.00021𝑋, whereas Mah investigated ratios of 

~1.34𝑋 when producing the formulation with lower than 40% bioaccessibility. 

Their 80% bioaccessibility was achieved at a ~0.034𝑋 ratio, which is still a ten 

times higher vit. E to fat ratio than our least fat-containing formulation. 

In light of this conclusion, that the ratio of vit. E to fat content was too low to 

observe a saturation effect caused by a lack of micellizable fat, attempts at 

increasing the variability in vit. E bioaccessibility so as to produce a richer dataset 

for mathematical modelling should begin by considering either reducing the 

amount of fat in the tested formulations, to the point that vit. E cannot find carrier 

micelles, or preferably, increasing the amount of vit. E to the point of saturation. 

However, the previous calculations conclude that, with the current fat present in 

our formulations, which all include 100 grams of egg yolks and therefore over 24 

grams of fat (Table 3), around 33 grams of vit. E would have to be provided in 

order to achieve the same sort of reduction in bioaccessibility as the ~1.34𝑋 ratio. 

This amount is well over the recommended dietary recommendations of 15 mg 

and would probably cause harm (despite the fact that vit. E excess is excreted 

efficiently, patients taking more than 1000 mg daily can experience toxic effects) 

(Owen & Dewald, 2023). This is the reason why our formulations were not 

enriched with vit. E to that degree.  

It must be noted that should this avenue of research be pursued, in our study we 

did not observe a reduction in bioaccessibility of vit. E for the most highly enriched 

formulations, but recoveries were reduced from ~93% to ~30% when vit. E was 

administered at 5-fold concentrations or higher ( 

Table 10), therefore the extraction protocol must also be optimised for efficient 

assessment of higher enrichment levels. 
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5.3 Future perspectives 

The previous section on vitamin E provided ideas for future developments 

towards its own model, dependent on modifying the experimental design and 

protocol. This section continues with this train of thought and highlights future 

avenues for research and development based on aspects that were previously 

discussed and new suggestions. 

 Correlate findings to other digestion simulations and in vivo

Static in vitro digestion models are extremely convenient over semi-dynamic and 

dynamic digestion models and are generally a useful alternative to these (Y. Tan 

et al., 2022; R. Wang et al., 2021), especially when screening a large number of 

formulations. Nevertheless, any conclusions driven from static experiments 

would benefit from additional validation with semi-dynamic or dynamic digestion 

models, which are usually a more accurate representation of in vivo conditions. 

However, this warrants a case by case discussion, as static in vitro models have 

proven to be very effective in specific situations; the protocol by Wu et al.  

obtained a correlation of 𝑟 = 0.98 between starch hydrolysis and glycaemic 

effects (M. S. Wu et al., 2023). This protocol could be considered over the 

INFOGEST protocol if focusing on the impact of starch digestion on 

bioaccessibility. 

It would also be highly desirable to evaluate the most promising formulations with 

animal models, to determine whether our optimisations at the level of compound 

release are correlated with an improvement in bioavailability, even though 

bioaccessibility is assumed to be the main step governing bioavailability of fat-

soluble compounds. The importance of in vivo and in vitro correlations (IVIVCs) 

has been recognised, and maximising this correlation has been challenging for 

simulations involving lipid-based formulations (Y. Huang et al., 2021). In any 

case, the lack of studies investigating this issue with the newest digestion 

consensus protocols presents an opportunity for future research, and potentially 

for the development of compound-specific in silico digestion models, once more 

data is acquired. 
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 Further investigation of the most impactful food matrix effects 

One of the screening and modelling method’s main advantages is the capacity to 

highlight which food matrix effects impact bioaccessibility the most. These factors 

can later be investigated in more detail to determine the underlying molecular 

mechanisms in effect. More specifically, confocal laser microscopy could be used 

to visually inspect these matrices at different stages of the digestion process, 

staining each type of macronutrient separately in order to observe the size and 

shape of the lipid droplets containing the curcuminoids for example.  

 Include macronutrient digestibility screening 

The exclusion of macronutrient digestibility from screening was previously 

justified, with the acknowledgement that other food matrices could display more 

variable data. In this regard, it would be very interesting to systematically assess 

the impact of fat digestibility in formulations in which fat is protected from 

digestion (for example by higher concentrations of dietary fibre) as it could 

provide a better understanding of the impact of incomplete fat digestibility on 

curcuminoid bioaccessibility. Is the mere presence of fat in the food sufficient to 

assert that it will solubilise after release from the food matrix? Or is there a further 

nuance to this phenomena such as interactions with the type of food matrix. This 

same argument can be applied to starch and carbohydrate digestibility. 

 Future formulations to screen  

For the sake of brevity, an enumeration of possible future formulations of interest 

to analyse are as follows: 1-supplementation of dietary fibre at other 

concentrations (i.e. 3%, 9%, 12%, 15%, etc.) (section 5.1.1.3), 2-supplementation 

of other fibre supplements such as β-1,3 glucan and chitosan (section 5.1.1.3), 

3-enrichment with other fat-soluble compounds such as quercetin or resveratrol 

to assess whether the model can be extrapolated to other compounds, in the 

same way that other multi-compound approaches have done so far (section 

5.1.2), 4- preparation of other food matrix types such as liquid, muffins or bread 

which can benefit from the dataset already acquired (section 5.1.3), 5-food 
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formulations in which the bioactive source is replaced with specialised 

preparations previously optimised such as CurcuWin® Ultra+ (section 5.1.4).

 Expand curcuminoid entrapment tests 

A custom assay to determine the curcuminoid binding capacity of the fibre 

supplements was developed. This test was useful in this experimental design as 

fibre supplements were the main source of variation between formulations. 

Nevertheless, assays targeting the quantification of trapped curcuminoids in the 

rest of the ingredients are desirable. Better yet, assessing the degree of 

entrapment in the matrix structure itself would be very revealing; this could 

possibly be performed via confocal microscopy at several stages of the digestive 

process as mentioned earlier, to provide the missing link in understanding the 

impact of the food matrix and its ingredients on curcuminoid release.  

 Evaluate Additional Physicochemical Properties of Dietary Fibres 

Beyond the properties analysed in this study, other physicochemical 

characteristics may play a crucial role in determining the effects of dietary fibres 

on bioaccessibility. Factors such as molecular weight, degree of polymerization, 

charge density, and thermal stability could provide further insights into the key 

mechanisms by which dietary fibres exert their influence. 
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 Serve the modelling procedure as a software package 

To facilitate future modelling attempts, it would be highly desirable to automate 

the data-driven process of fitting bioaccessibility predictive models as much as 

possible. To this end, the most important step would be feature engineering, 

because including too many variables during modelling would increase 

computational times exponentially if performing the analysis on limited systems 

and increase the chances of overfitting. For this reason, the application should 

include the option to have access to higher computational resources in proportion 

to the number of training samples. Regarding what specific feature engineering 

steps to carry out, the same pipeline as executed in this work (sections 3.4.2 to 

3.4.5) could be set as the standard approach, whilst offering the user the choice 

to ignore (or force) feature selection for any particular feature(s) the user definitely 

wants (or does not want) to include in the model. Once a sufficiently small number 

of features has been selected for modelling, which would be a numeric threshold 

to be specified by the user as the minimum ratio of samples per feature, fitting 

the model should not take long (several minutes). However, as feature selection 

and any cross-validation experiments could potentially take several hours, the 

application must be able to deal with this delay in serving the results to the user, 

so in this case an online server with a queuing system would be desirable.  

Sharing data among users could be encouraged with this type of application (with 

their consent), and would require homogenising data formats, which usually 

generates resistance from the community but given that this modelling problem 

is well defined it ought not to be controversial. Without question, bioaccessibility 

would be the first,  required, and only target variable to begin with, and any 

predictor variables would be optional, although the predictor variables employed 

in this work could be highlighted to encourage users to adjust to the format. 

Another important functionality of this application would be to employ the 

posteriors of previous models as priors, as a replacement for training models from 

only the data, in order for anyone to test their own beliefs against those of other 

researchers for the same data. A leaderboard system that ranked the most 

accurate models developed by the users for a given compound and food matrix 
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should rapidly provide the means and motivation to improve our understanding 

of the effects of the food matrix on bioactive compound absorption, in accordance 

with our proposed approach.   

5.4 Conclusions 

This study explored the possibility of inferring the degree of oral absorption of a 

bioactive compound of interest, as a function of the food matrix that carried it 

throughout its gastrointestinal journey.  

The approach presented in this thesis is the first reported of its kind. Although 

statistics-based learning methods have been applied to predict oral absorption 

before, these approaches are mostly dependent on purely theoretical 

physicochemical properties of the compounds of interest, based on extrapolating 

insights from other compounds or drugs, and results have been slightly 

underwhelming so far.  

This project recognises the limitations of attempting to fit robust predictive models 

with small datasets, which is likely the reason why bioaccessibility in different 

food matrices has not been modelled before. Hence, measures of uncertainty 

have been provided by employing probabilistic inferential algorithms, which also 

enable injecting previous knowledge to improve the confidence in said models. 

However, no prior beliefs could be established due to a lack of systematic studies, 

which essentially meant our approach was also data-oriented in principle.  

This suggests that the methodology can be considered as an attractive proof-of-

concept of how to provide additional empirical evidence to the existing pool of 

knowledge surrounding bioactive compound absorption. To this end, the beliefs 

proposed by the model can be used as prior beliefs to inform future models and 

iteratively grow in our understanding. 

Regarding the background of the factors of importance we propose, the general 

consensus is that impediments to the breakdown of food macro- and micro- 

structures inhibit the release of compounds from the food matrix, which is 

exacerbated for fat-soluble compounds as they additionally require the co-
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release of lipid molecules in which to solubilise. To this effect, as dietary fibres 

are indigestible, they are assumed to interfere with this breakdown and therefore 

reduce bioactive compound release from the matrix. With that in mind, the results 

suggest that increased macronutrient concentrations and dietary fibre content are 

significantly correlated to bioaccessibility and can be leveraged to estimate the 

degree of release of curcuminoids from the food matrix accurately for most 

formulations (relative error <10%).  

Nevertheless, we hypothesise that the interactions occurring in the matrix are 

complex and that the food matrix effects should not be interpreted at face value; 

depending on the type of food matrix, it was observed formulation properties 

could have opposing effects on bioaccessibility. Therefore, it appears that these 

investigations should be performed on a case-by-case basis for each type of food 

matrix. More research is required to fully understanding these relationships, but 

the screening experiments proved indispensable to bring them to our attention; 

the most powerful predictive feature, macronutrient concentration, showed strong 

positive associations to bioaccessibility, an outcome for which there is no 

established consensus in the literature and strengthened by the lack of any 

conclusive evidence supporting the non-association. 

It must be noted that, although this approach can provide valuable information of 

the factors involved, not all bioactive compounds of interest will necessarily 

benefit from this type of in-depth study; vitamin E presented unequivocally high 

bioaccessibilities in every tested food matrix. 

In any case, validating any results with in vivo, or at the least, in vitro dynamic 

models coupled with cell cultures is highly recommended.  

Overall, this study contributes to the understanding of curcuminoid 

bioaccessibility and offers a framework for studying other formulations beyond 

custards and biscuits, and eventually other bioactive chemicals. It encourages a 

new venue of empirical and systematic research into which factors of food affect 

the absorption of compounds of interest. Such studies could base the design of 

their experiments and modelling approach on the pipeline hereby presented. 
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Multi-compound models aiming to be cost-effective, such as those previously 

based exclusively on in silico molecular properties, could benefit from this 

methodology. 
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Appendix A Additional results 

A.1 Validation of the spectrophotometric method to quantify total curcuminoids content 

A.1.1 HPLC-DAD 

Figure S35. HPLC separation with UV 430 nm detection, full separation (1)  and zoom (2) for (A) curcuma standard 4 mg/L, (B) Biscuit without curcumin 

and (C) Biscuit with curcumin after digestion 
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A.1.2 HPLC-HRMS 

Table S17. Summary of 3 main curcuminoids from turmeric curcumin  

Molecule 
Raw 

Formula 

Mass 
Weight 
(g/mol) 

 [M-H]-  
(uma) 

Retention 
time (min) 

Bis-Demethoxy curcumin (BDMC) C19H16O4          308.10   307.0975            9.80 

Demethoxy curcumin (DMC) C20H18O5          338.12   337.1081            9.93 

Curcumin (CUR) C21H20O6          368.13   367.1187          10.09 
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Figure S36. UV430 nm spectrum for CUR (a), UV 430 nm chromatogram (B) and extracted ion Chromatogram at 307.0975, 337.1091, 367.1187 uma for 

respectively BDMC (C), DMC (D) and CUR (E). LC-ESI(-)-HRMS for BDMC (F), DMC (G) and CUR (H). 
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A.2 Curcuminoid binding capacity 

Figure S37. Measured curcuminoid binding capacities. Measurements belong to experiments performed on separate occasions. The curcuminoid 

binding capacity attributed to each fibre was proportional to the highest added curcuminoids concentration under the 2.5 mM threshold (intended 

as a relative measure). 
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A.3 Formulation properties correlation to bioaccessibility 

Table S18. Explanatory variables correlation to bioaccessibility and algorithms 

supporting their inclusion in model. Spearman rho (ρ) coefficients were used as 

correlation metric. These have been computed grouped by matrix type and for all 

formulations simultaneously. Properties selected for modelling in one matrix type 

have been indicated by numbers in parentheses next to their coefficient (1: 

selected by autofeat, 2: selected by Boruta, 3: final selection by Laplacian priors). 

The specific fibre features (cellulose, lignin) were not considered in the selection 

process due to their sparsity and reduction in applicability and generalization 

capacity of the model. Macronutrient content was not considered during feature 

selection as it was chosen as the pooled feature during hierarchical modelling. 

n.a.: non-applicable. *: p-value between 0.01 and 0.05 **: p-value under 0.01 

All formulations Custards Biscuits 

Supplement properties Oil holding capacity n.a. –0.39**      (2)       –0.10      (1)       

Water holding capacity –0.14        –0.47**          

Bulk density –0.39** –0.12      

Tapped density –0.19 –0.13 

Curcumin binding capacity –0.19 –0.37      (2)          

Particle size –0.14         –0.31*     

Specific surface area –0.22 –0.28      

Matrix properties Biscuit hardness –0.48** –0.17      

Custard viscosity –0.05    –0.53** 

Custard firmness –0.06        (1) –0.51** 

Custard stickiness –0.07 –0.53**     

Cellulose –0.41**     (1) –0.15 

Hemicellulose –0.12 –0.66**   (1,2,3)  

Dextrine –0.36*    (1) –0.13 

Pectin –0.10         –0.45**   (1) 
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Lignin –0.10 –0.45** 

Fructans –0.06* –0.17   

Insoluble fibre –0.31      –0.11     (1) 

Soluble fibre –0.36**      (1,3) –0.09     (1,3) 

Protein –0.87** –0.26*     –0.61**    

Carbohydrate –0.87** –0.37**    –0.55** 

Fat –0.77** –0.08 –0.22 

Water –0.65** –0.01      –0.70**    

Ash –0.74** –0.22      –0.69** 

Feature-engineered matrix 

properties 

Macronutrient –0.86** –0.34      (1,2,3) –0.51**   (1,3) 
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