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Bayesian solutions for food-science problems? 
 
 
M.A.J.S. van Boekel# 
 
Abstract 
 

This paper starts with an overview of some typical food-science problems. In view 
of the development of safe and healthy food, the use of mathematical models in food 
science is much needed and the use of statistics is therefore indispensable. Because of 
the biological variability in the raw materials on the one hand and the complex nature 
of foods on the other hand food-science problems are characterized by a high degree 
of uncertainty as well as variability. Consequently, when dealing with these problems 
Bayesian statistics could be very helpful; however, it is hardly used at all. This paper 
discusses some possible applications concerning the modelling of food quality and 
food safety. It is concluded that a Bayesian approach could be quite useful and its 
potential should be further explored in future research. 
Keywords: Food quality; kinetics; modelling; Bayesian statistics 
 
Introduction 
 

Food science is integrating chemical, biochemical, physical, microbiological, 
physiological and social knowledge in order to control and predict properties of foods 
as they are influenced by raw materials, ingredients, storage conditions and 
processing. Foods are in fact very complex inhomogeneous materials in which all 
kinds of interactions take place. From an experimental point of view they are 
sometimes considered as ‘dirty materials’ and they are therefore often simplified by 
using model systems, e.g., a well-defined protein solution instead of milk. It should 
therefore come as no surprise that many things related to foods are uncertain. On the 
other hand, the consumer and society ask for safe, healthy and tasty food and they do 
not appreciate that food scientists are unable to control everything. Therefore, we are 
in need of models that can help the food scientist to predict and control food quality. 
Bayesian statistics could be a helpful tool to build such models. However, Bayesian 
statistics are by and large unknown in the food-science world, and there is much to be 
learned. It is the purpose of this paper to give an overview of the main problems in 
food science and to indicate where Bayesian statistics could be helpful. To be sure, 
this paper does not give a solution in terms of Bayesian approaches, nor does it 
pretend that Bayesian solutions give the best answer. The main reason for this paper is 
that the present author believes that statistics should be used to a much larger extent, 
as indicated before (Van Boekel 1996a; 1996b) and that a Bayesian approach in food 
science is lacking until now. 
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Food-quality modelling 
 

The most important aspect of food science is that it provides scientific means to 
discuss quality of foods. Quality is an elusive concept, and a very general definition of 
quality is ‘to satisfy the expectation of a consumer’. This does not only pertain to 
intrinsic physical product properties but also to extrinsic properties such as emotions 
and the way a food is produced. Figure 1 gives an impression. A food scientist usually 
limits him- or herself to measurable product properties, named quality attributes, such 
as taste, colour, microbial quality, nutritive value (e.g., protein or vitamin content), 
etc.  In view of the discussion later on, it is worthwhile to spend some more words on 
quality in the eyes of a food scientist. We could specify quality attributes further into 
performance indicators. For instance, taste is a quality attribute that could be 
subdivided in sweet, sour, bitter, salt. A performance indicator for salt could be the 
sodium-chloride content, for sweet it could be the sugar content. It is important to 
realize that many performance indicators can determine a quality attribute, and also 
that several performance indicators interact with each other. A quality attribute 
usually changes as a function of time along the food chain from the primary producer 
to the consumer; in fact, mostly quality decreases. Only in some cases, such as wine 
or cheese, does the quality improve in time. A prime task of a food technologist is to 
reduce this loss in quality as much as possible.  
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Figure 1. Some intrinsic and extrinsic factors determining food quality  
 

Nowadays it is realized that food quality is not only determined by food-processing 
operations. Rather, food quality is affected by every operation in the food production 
chain. Figure 2 gives a very simplified view of this food chain. One of the problems is 
now that there are several dimensions of quality along the food chain: see Figure 3.  
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Figure 2. Simplified view of the food production chain 
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Figure 3. Quality dimensions along the food production chain 
 

Coming back now to the task of a food technologist to reduce loss in quality, 
he/she needs to know what happens in the various chain elements (Figure 4). In each 
chain element, factors affecting a quality attribute can have a certain effect. For 
instance, temperature is a very important factor for almost every quality attribute in 
every element of the food chain. Other important factors could be gas composition, 
relative humidity, contamination by micro-organisms or chemicals, etc. When it 
comes to modelling food-quality attributes, mathematical models are very useful to 
describe changes as a function of such factors. These models must have a statistical 
basis when variability and uncertainty characterize the food-quality attributes. 
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Figure 4. Conceptual model of quality change along the food chain and possible 
effects in each element of the chain 
 

We will now give some examples where mathematical models describing food-
quality changes could be improved by using a Bayesian approach.  
 
Mathematical models to predict food-quality change 

As indicated above, models that are able to predict certain quality attributes as a 
function of relevant product and processing conditions are very useful. Until recently, 
only relatively simple models were used, mostly based on chemical kinetics. For 
instance, the degradation of vitamin C can in many cases be described as a so-called 
first-order reaction at constant temperature: 

( )kt−= exp]vitaminC[]vitaminC[ 0 , 
in which k is the rate constant (s-1) and [vitamin]0 the initial vitamin-C content, t is the 
time (s), and the temperature dependence of the rate constant k is modelled via the so-
called Arrhenius equation: 
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The parameters k0 and Ea are the pre-exponential factor and activation energy, 
respectively. These parameters can be estimated from experiments by regression. This 
can be done via ‘normal’ statistical approaches to arrive at a point estimate and a 
confidence interval. There may be two advantages in the use of Bayesian statistics for 
such models. One advantage could be that a posterior probability distribution is the 
output rather than a point estimate with confidence interval. This is done in one 
reference (in water research) for a comparable type of model (Borsuk and Stow 2000), 
and another one in pharmaceutical research (Lunn et al. 2002). Another possible 
advantage is model discrimination based on a Bayesian approach. It is the author’s 
opinion that model discrimination should be more applied than is currently done in the 
food-science literature. Models that describe changes in foods are usually related to 
chemical kinetics and microbial-growth models. It is not very common to test several 
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models, and a model is usually selected rather arbitrarily. Model discrimination could 
be quite useful and helpful to find a better performing model and hence to find a 
better way to describe food quality. A Bayesian approach seems to be quite powerful 
(Reilly 1970; Hsiang and Reilly 1971; Reilly and Blau 1974; Stewart, Henson and 
Box 1996). To the author’s knowledge the use of the Bayesian Information Criteria 
(BIC) for model discrimination has not been applied yet to food-science problems. In 
general terms BIC has been discussed in Burnham and Anderson (1998), next to 
Akaike’s Information criterion, and it should in that sense be useful in food-science 
problems as well.  

However, a Bayesian approach becomes essential when not just one component is 
modelled (uniresponse modelling) but rather more reactants and products at the same 
time, hence when more than one component is modelled in a reaction network. This 
approach is called multiresponse modelling and the present author has applied it to 
quite a few cases in food problems (Van Boekel 1996a; 1996b; 1998; 1999; 2000a; 
2000b; 2001; Van Boekel and Martins 2002). The advantage of multiresponse over 
uniresponse modelling is that kinetic models can be tested much more rigorously and 
the resulting parameter estimates are much more accurate because all the information 
in responses is taken into account. Suppose we have a reaction of the kind:  
A→B→C 
and we are able to measure the fate of the components A, B and C in the course of the 
reaction. The reason that Bayesian statistics is of importance in this case is related to 
the error structure of experimental data:  

 
Σ represents the experimental variance-covariance matrix, σAA the variance in 
concentration of component A, σAB the covariance between concentrations of 
component A and B, etc.. Only when this experimental variance-covariance error 
matrix is known can (weighted) least-squares estimation be applied. In almost all 
cases such knowledge will not be available. Box and Draper (1965) have provided a 
Bayesian solution for this problem. The result is that not the sums-of-squares must be 
minimized but rather the determinant of the so-called dispersion matrix, i.e. the matrix 
of sums-of-squares for each component (the diagonal elements of the matrix) and the 
cross-products of the components (the off-diagonal elements). This dispersion matrix 
C for the number of experimental runs u with response y and model expectation η is: 
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So, minimizing the determinant of this matrix gives the best estimates of the 
parameters involved. The multiresponse approach is used to some extent in chemical 
engineering, e.g., (Hunter 1967; Box et al. 1973; Ziegel and Gorman 1980; Stewart 
and Sorensen 1981; Stewart, Caracotsios and Sorensen 1992; Stewart, Shon and Box 
1998) but hardly in food science, except by the present author as indicated above. To 
the author’s knowledge, only one dedicated software package deals with such a 
Bayesian solution (www.athenavisual.com), a preliminary version of which is 
discussed in Stewart, Caracotsios and Sorensen (1992). It can of course also be 
programmed using general mathematical software packages such as MathCad, 
Mathematica and Matlab.  
 
Food safety 

The most important food-quality attribute is microbial safety, i.e. the absence of 
pathogens and toxins. It is taken for granted by the average consumer that food is safe, 
in other words he/she trusts that he/she runs no risk. Now, it is possible to make food 
very safe, for instance by heating it intensely. However, the result is an unattractive 
food that, moreover, has lost much of its nutritional value. The present trend is for 
minimally processed foods that are fresh-like. This poses a problem for the food 
technologist: how to preserve fresh-like quality while safeguarding the microbial 
safety? This brings us into the realm of risk assessment. The field of the so-called 
predictive microbiology is booming and many semi-mechanistic models are proposed 
(e.g. McMeekin, Olley and Ross 1993; McMeekin et al. 2002). Such models are used 
to predict the growth of microbes in foods as a function of temperature, pH, water 
activity, etc. However useful they are, most of these models are deterministic and 
cannot handle uncertainty and variability. Obviously, this is needed for a realistic risk 
assessment. Bayesian statistics has been advocated in this respect (Vose 2000). As 
indicated by Vose, total uncertainty is due to variability (e.g. caused by biological 
variation, which is unavoidable) and to uncertainty (i.e. we do not know everything 
about the system). This is very relevant for foods, which obviously derive from 
biological materials that are variable in composition and properties, and due to this 
complexity much is unknown. Pouillot et al. (2003) discussed the use of Bayesian 
statistics to estimate uncertainty and variability in bacterial growth. A Bayesian 
approach with respect to food safety has been advocated recently via the use of 
Bayesian Belief Networks to model the microbial state of a food (Barker, Talbot and 
Peck 1999; Barker, Talbot and Peck 2002; Carlin et al. 2000). So, these first attempts 
indicate that a Bayesian approach has potential, and further research is warranted.  

There is an increasing awareness with consumers about safety of foods, and quite a 
few recent food scares sometimes give the impression that there are big problems. 
Although experts generally agree that the food safety has never been better than in the 
current situation, consumers just do not believe that. One study has used a Bayesian 
approach in establishing consumer trust (Böcker and Albrecht 2001). Such an 
approach is bringing social and natural sciences together. 
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Product design 
 

Product design should nowadays be consumer-orientated. The reason for this is 
that the food market is saturated and consumers (at least in the Western world) can 
make choices from an abundant supply. This implies that only products that attract the 
consumer’s attention will survive in a very competitive market. In other words, the 
consumer dictates (by his purchasing behaviour) the market. This process is called 
chain reversal. Rather than a supply-driven market the food market has developed into 
a demand-driven market. Figure 5 shows this schematically. It implies that each 
element in the food chain has to be adapted to consumer wishes. This poses enormous 
problems because these consumer wishes are rather vague, and moreover constantly 
changing.  

PRODUCTIngredients
Raw materials

Product
design

Process 
design

CONSUMER

Sensorial
aspects

Cognitive 
aspects
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aspects

food science & technology nutrition, consumer behaviour

?

Figure 5. Schematic view of chain reversal 
 
In any case, consumer wishes must in the end be translated into physical product 
properties. These wishes are driven by complex sensorial attributes in terms of taste, 
flavour and texture, which are far from clear. The complexity is due to molecular 
interaction within the food matrix, to molecular interaction with human receptors 
during eating and to processes taking place in the brain. Sensory evaluation of foods is 
of prime importance but is notoriously difficult. Bayesian methods might help in this 
respect, as indicated by some reports (Ming-Hui-Chen, Nandram and Ross 1997; 
Matsuura et al. 1995; Roussel et al. 2003).  

It seems that the effects of uncertainty inherent in sensorial aspects related to food 
product design could perhaps be modelled via Bayesian Belief Networks. To the 
author’s knowledge only one attempt in this respect has been published (Corney 
2000). Figure 6 gives an impression of what such a BBN could look like, though it 
will be more complicated in practice. 
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Figure 6. Part of a Bayesian Belief Network for food preference (after Corney 2000). 
 
Expert systems 

In food product design many choices and decisions have to be made concerning the 
use of raw materials, ingredients, processes and the like, taking into consideration 
food safety and all kinds of legal regulations. Decision-support systems might be quite 
helpful in food product design. Spiegelhalter et al. (1993) discusses the use of expert 
systems in general terms. Expert systems should also be quite useful for food-science 
problems when it comes to food quality management. In the production of foods it is 
not enough to know about quality of the food per se, but one also must have 
knowledge about the way the food is actually produced in an industrial environment 
(Luning, Marcelis and Jongen 2002). Expert systems are then very helpful. A food-
related example, namely an expert system for a brewery, has been discussed (Farrow, 
Goldstein and Spiropoulos 1997). Coupling of decision theory to management 
systems in the food industry may also have some potential. One such management 
system is the so-called HACCP (hazard analysis and critical control points). The use 
of it is now common practice in the food industry. Basically it comes down to 
identifying critical points with regard to food safety, and then to take appropriate 
measures to control processes affecting food safety. There seems to be potential to use 
decision-support systems in the setting up of HACCP and related quality-management 
systems. 
 
Classification of foods 
 

Classification of foods is something very useful for quality purposes, not least with 
respect to legal matters, but also to grade foods according to certain quality criteria. 
Up to now, classification is mostly done by trained experts, obviously with a great 
deal of subjectivity, and one is in need for more automated and instrumental 
procedures. Some reports describe Bayesian methods and algorithms that are able to 
classify foods in this way. Results are already available on olives (Diaz et al. 2000), 
meat (Lee 2001; Lee and Bertrand 2001), micro-organisms in cheese (Moschetti et al. 
2001), honey (Latorre et al. 2000), biscuits (Perrot et al. 1996), beer (Siebert and 
Stenroos 1989) and cider brandy (Gomis, Tamayo and Alonso 2003). Thus, there 
seems to be quite some potential for the use of Bayesian approaches in this area. 
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Conclusion 
 

This paper has attempted to illustrate some typical food-quality problems and how 
they can be addressed using a modelling approach. From the references cited there 
seems to be increasing interest in Bayesian solutions, but it is certainly not a generally 
accepted approach, if only because it is largely unknown. In view of the variability 
and uncertainty related to food quality and food safety and of the increasing consumer 
demands it is expected that this will change in the years to come. There is definitely a 
need for more research on possible applications of Bayesian statistics and modelling 
in the food-science area. 
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