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Opinion
Glossary

Food matrix: the nutrient and non-nutrient components of foods, their

molecular relation, and interaction.

Headspace: the space above a sample held in a sealed container. Headspace

analysis is used to investigate the volatile constituents of a sample. Because

the concentration of compounds in the sample headspace depends on the

temperature and time of sampling, the headspace should be studied under

equilibrium conditions at a particular temperature.

Multiresponse kinetic study: study of the evolution of change of multiple

selected food characteristics (e.g., glucose concentration, asparagine concen-

tration) under a range of extrinsic processing variables (e.g., time, tempera-

ture). The selected responses are linked to each other in a complex reaction

network (e.g., maillard reaction). In a kinetic study, the extrinsic processing

variables should be completely known.

Single-response kinetic study: study of the evolution of change of a single

selected food characteristic (e.g., color, vitamin C content) under a range of

extrinsic processing variables (e.g., time, temperature). In a kinetic study, the

extrinsic processing variables should be completely known.

Targeted analytical approach: in a targeted analytical approach, one or more
Historically, the study of food quality changes during
processing, preservation, and storage has evolved from
targeted, single-response studies towards studies rely-
ing on both targeted and untargeted approaches analyz-
ing multiple responses. In our opinion, future studies
should be based on a zoom-in approach in which finger-
printing is used as a multivariate, hypothesis-free start-
ing point to screen for key quality differences in food
extracts of differently processed, preserved, and stored
foods. By interpreting the identity of selected fingerprint
markers in terms of their relevance and consequences
for application or connecting the markers to particular
food reactions, in a subsequent kinetic study mechan-
istic as well as quantitative insight into the effect of
extrinsic processing variables on quality changes can
be obtained.

The food processing and preservation reactor
The concept of a food reactor model (Figure 1) can be
applied to a single food unit operation and/or to a series
of unit operations, including shelf-life. Independent of the
technique under consideration, the main goal of food pro-
cessing and preservation is the creation of a desired effect
(e.g., increased safety, stability, and digestibility). How-
ever, when selecting processing conditions for this targeted
effect, a balance needs to be made for possibly linked
undesirable food quality changes (e.g., nutrient degrada-
tion, texture loss, and formation of process-induced con-
taminants) [1,2]. The way the quality characteristics of the
food change in the processing reactor is influenced by
intrinsic food properties such as pH, water activity, the
food structure, etc., and by extrinsic processing factors
such as treatment time, temperature, pressure, packaging
material, etc. (Figure 1). By selecting and combining the
intrinsic and extrinsic factors in a particular way, the final
quality of the processed product can be optimized in order
to meet consumer expectations and respond to commercial
trends [3].
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Historical evolution of studying food quality changes
For decades already food scientists have been studying
food quality changes during processing and preservation.
Many studies evaluated quality aspects after a particular
treatment. The residual quality was compared to its fresh
counterpart and/or other types of treatment (using differ-
ent intensities and/or unit operations). In fact, the inte-
grated effect of all processing variables was studied [4–8].
Others studied the evolution of change of a specific quality
characteristic, typically in a kinetic study in which the
extrinsic processing variables were completely controlled
and monitored [9–14]. Using kinetic modelling, insight into
the effect of individual extrinsic processing variables on the
quality change could be quantified, which has been an
essential step towards model-based process design and
optimization [15,16]. However, kinetic parameters (e.g.,
rate constant, activation energy) obtained through a sin-
gle-response kinetic study (see Glossary) must be handled
with caution because the parameters are empirical in
nature and apparent and thus linked to the inherent
reaction environment for which they were established
food characteristics of interest are known a priori and thus selected as a

starting point. The food characteristics can be a food attribute (e.g., color,

texture) or a chemical compound (e.g., vitamin C). The analytical methods

applied are specifically optimized for the full quantitative expression of the

characteristics (e.g., concentration).

Untargeted analytical approach: the aim of an untargeted analytical approach

is to detect as many chemical compounds as possible present in the particular

food matrix. Decisions on extraction, separation, and detection methods to be

applied define the particular range of compounds studied in the food extract.

Before analysis, the identity of the detected compounds is not known.

Quantification is relative to other (control/treated) samples (e.g., relative

concentration) and the initial goal is generally sample comparison and

discrimination analysis.
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Figure 1. Schematic representation of a food processing and preservation reactor

model. Depending on the intrinsic food properties as well as the extrinsic

processing factors, food quality aspects might change as a function of time,

resulting in the final quality after processing. Q0, food quality characteristic at

initial conditions; k, reaction rate constant; t, time; aw, water activity; Q, food

quality characteristic at the end of processing.
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[15,16]. In general, these early studies, and still many
studies today, focused on a particular (set of) quality
response(s) (e.g., vitamin C, texture, color) selected at
the start of the experiments, which can be identified as
a ‘targeted approach’. Following this approach, many
researchers evaluated only a single response that related
to a specific food characteristic or reaction [17,18].

In recent years, relying on multiresponse kinetic studies
and modelling approaches, progress has been made on
mechanistic insight into complex food quality-related reac-
tions [15,19]. In this targeted analytical approach, ‘multi-
ple’ selected responses, rather than a single response, of a
particular food quality-related reaction are evaluated as a
function of the extrinsic processing variables. By forcing
the modeler to build reaction schemes behind the model,
the understanding of the reaction pathway is increased.
Multiresponse kinetic models are often more generically
applicable than single-response models and can be more
easily applied to other products or processes, although
parameter re-estimation and even model reformulation
might be necessary to take into account the complex reac-
tion environment the food system offers [15,19].

Fingerprinting is a new approach to study food quality-
related changes and food characteristics are studied at the
molecular level. However, molecular targets to be studied
are not a priori selected as a starting point. Fingerprinting
is an -omics approach that was adopted from the world of
metabolomics [17] and transposed to food systems; it has
only recently proven its use for unbiased insight in quality
changes during processing, preservation, and subsequent
storage [20–22]. By definition, it is an ‘untargeted, multi-
variate approach’ in which as many compounds as possible
of a particular food extract are detected [17,18]. At the first
instance, compounds are unknowns. Fingerprinting tech-
niques are intended to perform comparative analysis to
find differences among samples [17]. Using appropriate
multivariate data analysis (MVDA; chemometrics), chemi-
cal fingerprinting should lead to the selection of markers:
compounds of which detected quantities are clearly differ-
ent when compared to other sample conditions [18,23].
These markers are identified and can be linked to reaction
pathways or particular food characteristics for more
insight.
2

In summary, progress in analytical methods and data
analysis techniques made it feasible to obtain more infor-
mation from a particular food matrix analyzing multiple
responses or, even more convenient, from a single analy-
tical run analyzing multiple variables in a particular food
extract. Besides the evolution from single- to multiple-
response studies and from targeted to untargeted food
quality evaluation, kinetic studies have evolved from an
experimental and modelling point of view. By performing
experiments under static processing conditions, modelling
has evolved from a two-step to a one-step modelling
approach. Finally, by including the full sample processing
history (dynamic conditions), one-step statistical
approaches for estimating kinetic parameters have been
successfully applied [15,16,24].

Integrating fingerprinting and kinetics: a state of the art
approach for studying food quality changes
Using state of the art analytical techniques, advanced
MVDA, and the current knowledge of the design of kinetic
experiments and associated data analysis techniques, it is
now feasible to study food quality changes using a hypoth-
esis-free approach. Starting from a fingerprint, markers
can be selected from which enhanced mechanistic and
quantitative insight can be obtained in a targeted, kinetic
study. Integrating fingerprinting with kinetics is pre-
sented schematically (Figure 2) and elucidated step by
step below. The approach requires the concerted action
of food technologists, analytical experts, and engineering
approaches for advanced data analysis.

Step 1. Fingerprinting of a particular food extract

The ultimate analytical goal of a food scientist might be the
injection of the solubilized food part to the analytical
equipment rendering the molecular separation, quantifi-
cation, and identification of all compounds in the food
system. This unique chemical fingerprint would be the
basis of discriminating the food matrix under study from
all chemically different food matrices [25,26]. Despite the
large progress made in increasing the resolution and iden-
tification power of advanced analytical methods such as
gas chromatography (GC) and liquid chromatography (LC)
coupled to a mass spectrometry (MS)- or nuclear magnetic
resonance (NMR)-based detector, food fingerprinting can
today only be performed on one or more particular sets of
extracts [18,25,26]. The fact that chemical fingerprinting
considers all compounds detected in the investigated food
fraction makes it a comprehensive, unbiased methodology.
In contrast to a targeted analytical approach, in which
focus is given to predetermined particular compounds of
interest, fingerprinting opens the possibility to uncover
unexpected compound changes [18,23]. In our opinion,
fingerprinting should be the first choice starting point
for hypothesis-free screening for key food quality changes
and differences. Recent studies from our group have pro-
ven the potential of fingerprinting the food headspace to
compare the integrated impact of particular processing/
preservation technologies or to obtain insight in quality
changes during storage after preservation [20–22]. In addi-
tion, by screening different food matrices under the same
sets of processing/preservation conditions, fast insight can
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Figure 2. Schematic representation of the unbiased zoom-in approach to be taken

as a future challenge in the study of food quality changes. Starting from an

untargeted fingerprinting approach, markers can be selected and identified for

which in a targeted, kinetic study clear quantitative and mechanistic insight can be

obtained.

Box 1. Basic concepts of MVDA

By definition, MVDA aims to study samples (also called ‘objects’)

across multiple dimensions taking into account the information of

all variables detected (X) (e.g., headspace components) to describe

the response variable of interest (Y) (e.g., process impact). In

addition, MVDA techniques are most appropriate for the extraction

of important information from large data sets. Two techniques are

commonly used: PCA and PLS regression. PCA is an unsupervised

learning tool in the sense that no additional knowledge (e.g., Y

variable) besides raw data (X variable) is required to describe the

data set. The main function of PCA is to reduce the dimensions of

the multivariate data to a few manageable dimensions, called

principal components. These principal components, also called

latent variables, are built by linear combinations of the originally

detected X variables. PCA is useful to detect outliers and common

groupings between samples to evaluate relationships between

samples and variables, and between variables themselves. In

contrast to PCA, PLS is a supervised technique because apart from

the information on the X variables measured, the available knowl-

edge on a dependent response Y variable (e.g., storage time) is

applied to obtain a latent variable model that optimally describes

the response variable. However, often the response variable is a

discrete variable or, in other words, a categorical variable (e.g.,

processing technology). In this case, PLS-DA offers an algorithm to

deal with this typical data structure by replacing the response

variable by a set of dummy variables, each describing a sample

class. The resulting latent variable model will maximally describe

the separation between the sample classes in the multivariate space

according to their class membership.

In general, to visualize the multidimensional data structure,

relying on the selected latent variable model, projections of the

samples/objects and variables can be graphically represented in

score and loading plots, respectively. By combining scores and

loadings, bi-plots graphically illustrate how samples relate to each

other (scores) and what was the importance of each variable to the

separation (difference) between classes (loadings) (see Figure 3 in

main text). Qualitatively, the further away a variable is projected

from the center of the graph and the more close to a particular class,

the higher abundance this variable had in that class and vice versa.

However, using a bi-plot, it is difficult to quantitatively rank the

importance of the variable for each class. As a quantitative measure

for selection of discriminant variables, VID coefficients can be

calculated. These values, between –1 and 1, correspond to the

correlation coefficient between each original X variable and the

response Y variable as predicted by the selected PLS-DA model.
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be obtained on the importance of the food matrix for the
process-induced differences observed. Following a similar
approach, the potential of, for example, LC-MS to finger-
print different liquid food extracts as well as NMR-based
approaches should be fully exploited. Whatever approach
is used, the amount of data generated using a fingerprint-
ing approach might be overwhelming [18,23,27]. MVDA
techniques are most appropriate for extracting important
information out of these large data sets by reducing the
dimensions of the multivariate data to a few manageable
dimensions (i.e., latent variables) (Box 1). Over recent
years, we have developed an applied fingerprinting
approach in the context of food processing and preservation
(Figure 3). Real-food matrices were treated with different
preservation methods aiming for a defined equivalent level
of microbial inactivation [20–22]. Repetitions of treatment
were taken into account. Immediately after processing or
as a function of shelf-life, the product headspace was
fingerprinted by solid-phase-microextraction GC-MS.
The chromatograms obtained were deconvoluted and auto-
matically exported to a spreadsheet consisting of samples
(rows) versus variables (column) of which the detected
peak areas were calculated. In addition, each sample
was linked to a particular sample class (e.g., processing
technology). The resulting spreadsheet was used as input
for the MVDA. All data were mean-centered and the vari-
ables were weighed by their standard deviation to give
them equal variance. First, principal component analysis
(PCA) (Box 1) was used as an unsupervised, exploratory
learning tool to detect outliers. Second, a supervised
method was used [27]. On the one hand, to study quality
changes during storage, the knowledge on the dependent
response variable, storage time, was used to obtain a
partial least squares (PLS) regression model (Box 1) that
optimally described the effect of storage. On the other
hand, to compare the process impact of different technol-
ogies, taking into account the preservation methods as
different categorical variables, partial least squares
discriminant analysis (PLS-DA) (Box 1) was used to maxi-
mally describe the separation among the sample classes in
the multivariate space. To qualitatively investigate impact
differences among classes based on the selected models,
bi-plots (Box 1) were generated. Even though bi-plots also
graphically illustrate the importance of each variable
for the classification, it is not straightforward to quantita-
tively rank the component’s relevance (K. Ooms,
3
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Figure 3. Schematic representation of different steps to take into account when fingerprinting a particular food extract. Chromatograms should be deconvoluted and

combined to data tables consisting of samples (rows) versus variables (columns) of which the detected peak areas are calculated. The resulting spreadsheet is used as an

input for the multivariate data analysis (MVDA) (Box 1). Variable Identification (VID) coefficients are a good basis to quantitatively select fingerprint markers. Fingerprint

markers should be identified.
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PhD dissertation, Katholieke Universiteit Leuven, 1996).
As a quantitative measure for selection of discriminant
variables, we calculated Variable Identification (VID) coef-
ficients (K. Ooms, PhD dissertation) (Box 1). Different
conclusions can be drawn from VID coefficients: (i) the
higher the absolute VID value, the higher the discrimina-
tive power of the variable for that class and vice versa; (ii)
positive VID values can be linked to higher concentration
of the selected discriminant compound for that preserva-
tion method compared to the other method(s) or, in the
context of evolution during shelf-life, they can be linked to
a compound for which concentration is increasing as a
function of storage and vice versa. In our work, variables
with an absolute VID value exceeding the threshold value
of 0.800 were selected as discriminant variables.

It should be clear that fingerprinting to zoom in to
particular discriminative variables is not a result in its
own [26,28]. In the end, discriminative markers should be
identified. In the context of GC-MS, spectral databases are
well established, and when retention indices are included
these libraries enable identification with high security even
without the injection of purified compounds. Unfortunately,
this is not equally true for LC-MS for which food-related
spectral libraries are far less widely accessible and for which
it is still difficult to compare spectral data between different
matrices, between different analytical equipment, and con-
sequently between laboratories. Solving this deficiency
would remove one of the most important obstacles while
using LC-MS fingerprinting following an analogous
approach. To date, LC-MS fingerprinting can be used as a
starting point for selecting important peaks from the chro-
matograms, and it can be combined with other analytical
methods for the identification of the selected peaks.

Step 2. Interpretation of the identity of the selected

discriminant compounds

Even after compound identification, the assessment of the
relevance and consequences of the detected differences
4

might still be a difficult task [26]. Food quality change is
more than compound change and the importance of inter-
actions should not be overlooked. Sometimes direct litera-
ture information is available on the importance of the
compound in relation to flavor, nutritional value, color,
etc. In these cases and depending on the research study
objective (e.g., the need for a simple matrix-specific model),
the choice to immediately go for a single-response kinetic
study of that specific component or of the related food
attribute (Step 4) may be taken, making Step 3, in which
generic insight can be obtained, redundant [9,10]. How-
ever, only when discriminative compounds are linked to
the complex network of food reactions basic insight can be
obtained. By the latter interpretation, in our work, impor-
tant process-induced reactions (e.g., fatty acid oxidation,
Maillard reaction, carotenoid degradation) could be sug-
gested, which clearly proceeded differently using different
methods of processing [20–22]. In addition, markers for
changes during shelf-life could be attributed to, for exam-
ple, microbial growth and/or enzyme activity, indicating
the cause of the differences observed [20]. By elucidating
the reactions that are clearly proceeding differently over
the conditions to be compared, fingerprinting and inter-
pretation of the identity of the marker can be the first steps
towards unbiased process and product optimization. How-
ever, in order to understand, quantify, control, and predict
process-induced changes, a kinetic study under a wide
range of processing conditions will always be the essential
next step (Steps 3/4).

Step 3. Multiresponse kinetics of a particular complex

food reaction

Reactions in foods often do not occur isolated but rather
within a complex network, in which several precursors,
reaction intermediates, and end-products take part
[15,29]. Measuring multiple responses of such a reaction
system at particular combinations of processing conditions
and using all available information when modeling experi-
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Figure 4. The multiresponse modeling approach requires the proposition of a reaction mechanism. This mechanism is translated into a mathematical model by setting up

the associated differential equations.

Opinion Trends in Biotechnology xxx xxxx, Vol. xxx, No. x

TIBTEC-1134; No. of Pages 7
mental data is much more powerful than considering a
single response only [29–32]. A first step towards quanti-
tative multiresponse studies is the implementation of an
appropriate analytical platform to accurately detect abso-
lute concentrations of reactants, intermediates, and end-
products. In addition, because particular compounds react
very fast to other compounds, performing kinetic studies
under documented dynamic processing conditions might
be indispensable [15,19]. Multiresponse kinetics yields not
only insight into the rate constants of particular reaction
steps and their dependence on secondary processing vari-
ables (e.g., temperature, pressure), but also mechanistic
understanding. The multiresponse modeling approach
requires the proposition of a reaction mechanism
(Figure 4) [15,19]. This mechanism, representing a reac-
tion network, is translated into a mathematical model by
setting up the associated and coupled differential equa-
tions. Subsequently, kinetic parameters (e.g., rate con-
stants, activation energy, and activation volume) can be
estimated by fitting the model into the multiresponse
experimental data [15,19,32]. Techniques are at hand to
evaluate the performance of a model including inspection
of residuals, parity plots, and judgment of parameter pre-
cision by 95% highest posterior density intervals
[15,31,33]. Although principles of multiresponse kinetics
and modeling have been suggested in food science since the
1990s, only a few authors took the challenge to exploit this
approach in their studies. Some examples include: (i)
acrylamide formation reactions [19,32,33], Maillard reac-
tions [29], and caramelization reactions [34]; (ii) enzyme-
catalyzed conversions [35]; (iii) pigment changes [36]; and
(iv) the degradation of micronutrients such as 5-methylte-
trahydrofobic acid [37], ascorbic acid [38], and carotenoids
[31]. Frequently, the reaction mechanism is unraveled by a
multiresponse kinetic study in a model system in which the
particular complex reaction can be studied in a more
isolated way [31,37]. The corresponding set of differential
equations can be used as a starting point for multiresponse
kinetic studies in real-food systems, and reformulation of
the model and/or re-estimation of the kinetic parameters
may be required. Finally, a clear insight into the reaction
rate determining steps can be obtained. Control and pre-
diction of the rate determining step of key quality-related
reactions is a strategic decision towards process optimiza-
tion.

Step 4. Single-response kinetics of a particular

compound or food quality attribute

The realization of Step 4 is case-dependent. When a parti-
cular compound of interest is already embedded in the
multiresponse study (Step 3), it might not be necessary to
experimentally perform a single-response study: by reduc-
tion from the multiresponse model, a simple model can be
obtained. However, as indicated above, it could also be that
selected multiple responses can be linked to a specific
integrated functional food property (e.g., texture, color,
and flavor). In the latter case, by evaluating the selected
single property as a function of all processing variables in a
relevant processing domain, clear insight into its depen-
dency on the extrinsic variables can be obtained [10–
14,16]. In practice, most single-response kinetic studies
have been performed under static conditions (i.e., constant
temperature, constant pressure, etc.) [16]. Given that for
reaching these static conditions in most cases some
dynamic processing phase needs to be overcome, the start-
ing point of the kinetic study is mostly taken after an
equilibration period [11–14]. Under static conditions, very
explicit insight into the individual effect of the processing
variables on the quality changes can be obtained, facilitat-
ing the proposition of an appropriate kinetic model equa-
tion [16]. However, ideally and in combination with the
consideration of the full sample processing history, a one-
step regression approach is used in which model para-
meters are determined in a single step by performing
5
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nonlinear regression analysis on the data obtained [16].
This global regression procedure yields the most precise
parameter estimates [15,16]. When the model performance
and parameter accuracy is approved by checking the model
evaluation criteria listed in Step 3, single-response studies
of selected key food quality attributes in real-food systems
can be used directly for process control, design, and opti-
mization [16].

Concluding remarks and future challenges
Historically, the study of food quality changes during
processing, preservation, and storage has evolved from
targeted single-response studies towards studies relying
on a targeted multiresponse and untargeted multivariate
analytical approach. In our opinion, future approaches
should be based on a zoom-in approach in which finger-
printing is used as a multivariate, hypothesis-free starting
point to screen for key quality differences in food extracts of
differently processed, preserved, and stored foods. By
interpreting the identity of selected fingerprint markers
in terms of their relevance and consequences for a specific
application or connecting the markers to particular food
reactions, in a kinetic study, mechanistic as well as quan-
titative insight into the effect of extrinsic processing vari-
ables on quality changes can be obtained. Intelligent
processing relies on models enabling process control,
design, and optimization. Of course, food quality change
is more than compound change and the importance of
interactions should be considered.

We would like to introduce and define ‘processomics’
(i.e., fingerprinting of processed food matrices) as a hypoth-
esis-free screening for differences among processed food
matrices. Besides using this fingerprinting technique to
screen for differences in process impact and storage of a
particular matrix, ‘processomics’ can be useful in other
applications that are not yet reported in literature. For
example, comparing different matrices processed by a
selected technology and intensity would enable identifica-
tion of process-induced reactions that are clearly matrix
dependent. This would allow the evaluation of the suit-
ability of specific matrices for particular processing condi-
tions and could facilitate intelligent mixing of matrices to
obtain optimal product designs for new and existing unit
operations. The importance of intrinsic product variables
for process-induced changes was highlighted in relation to
the food processing and preservation reactor and should
not be overlooked. In this context, aside from the chemical
composition of food matrices, their structures might also
greatly determine the degree to which process-induced
reactions take place.

Given the power of fingerprinting in the detection of as
many compounds as possible in the food fraction and in
which marker compound identification is an indispensable
step, in the future, analytical progress improving resolu-
tion, sensitivity, identification power, analysis time, etc.,
should be highly encouraged.
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