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In this work we present a multivariate statistical analysis of the evolution of the volatile fraction of Portuguese
beer over an extended period of 1 year under standard shelf storage conditions, using gas chromatography
coupled with mass spectrometry (GC-MS). A systematic methodology is proposed for detecting the onset of
meaningful changes in chemical composition during shelf storage and to monitor its evolution along time. We
also put forward and discuss chemometric procedures for analyzing the contributions of different chemical com-
ponents in the definition of dynamic ageing trends. In summary, the chemometric analysis reveals that the chem-
ical composition of beer presents a statistically meaningful deviation from the reference scenario after a period of
7 months, although the deviation trend has its onset during the 6th month. The analysis performed also under-
lines the limitations of current variable contribution methods, and an alternative procedure was proposed based
on the analysis in the original domain which finally led to a consistent and interpretable clustering structure of
the volatile fraction compounds. Esters and higher alcohol compounds stand up on a cluster arrangement sug-
gesting that their strict control can effectively point out meaningful changes on beer aroma. Organic acids, name-
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ly caprylic, capric and acetic acids can also be very helpful in that sense.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Brewery industry has been well-succeeded in dealing with a wide
variety of relevant quality issues in its products. Quality aspects related
with beer appearance and safety, namely colloidal stability, haze forma-
tion or microbiological spoilage, are now considered to be completely
under control. Currently, the most important quality parameter and
the shelf-life-limiting quality aspect is beer flavor [1-4] and efforts
have been conducted towards maximizing and predicting beer shelf
life taking into account flavor information.

Several compounds have been pointed out as key agents of beer
sensory changes and suggested as deterioration markers during
ageing, in particular diacetyl [5], acetaldehyde and ethyl acetate [6],
(E)-2-nonenal [7], Iso-a-acids [8], riboflavin and amino acids [9] and
5-hydroxymethylfurfural [10]. However, the evaluation of beer shelf
life should be more comprehensive and take into account the heteroge-
neity of chemical volatile groups presented in beer, which can either
individually or simultaneously, influence the beer stale flavor in a
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synergistic or antagonistic sense [11]. Furthermore, beer aroma is also
an important aspect in customer preferences and loyalty, since the typ-
ical beer consumer, once he/she has approved and selected a given
brand, expects the same “degree of excellence” (i.e., quality) from the
product on future experiences [6,12-15].

Aware of the importance of aroma evolution during ageing, brewers
and the scientific community have been developing approaches to eval-
uate the overall beer aroma quality as well as strategies to verify the ac-
complishment of expected attributes in the final product. Electronic
sensors have deserved special attention in that sense. A number of pa-
pers have proposed the use of electronic tongue devices for quality con-
trol, in particular regarding the prediction of beer sensory attributes
frequently evaluated according to the brewers' panel list [16-19]. Re-
sults achieved in these works suggest that e-tongue can be used as a
fast screening tool to check quality control parameters in a routine
way. Electronic nose systems have also been tested to evaluate aroma
fingerprint changes in beer during the ageing process. M. Ghasemi-
Varnamkhasti et al. reviewed the last applications of e-nose in brewery
applied to quality assessment [20], reporting applications for hop's
quality assessment [21], on-line process control [22], monitoring the
odor and taste of active compounds [23] and as a brand authenticity
checking tool [24,25]. All works reported in this review take advantage
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of the use of multivariate techniques for data analysis, being reported a
plethora of techniques used in exploratory data analysis, calibration and
pattern recognition tasks. The information of spectroscopy techniques
(FTIR, NIR, RMN) combined with chemometric modeling has also gener-
ated good results on monitoring the fermentation process [26,27] and
on assessing quality control parameters [28]. Other works explored
the information of beer aroma obtained from chromatography tech-
niques to discriminate products by brands, categories and production
areas [17,29-31]. Chemical composition underlying beer deterioration
has also been analyzed. Most of the work has been conducted under
ageing acceleration conditions, namely by submitting beer samples to
high temperatures [32-35]. In these cases, the classification models typ-
ically achieve good discrimination performances concerning the differ-
entiation of fresh and matured beer. Multivariate tools applied to
classification and calibration models also elucidate the flavor character-
istics responsible for the differences identified during ageing. However,
and notwithstanding the value of the information reported in these
studies, to the best of our knowledge, no strategy or methodology is
yet available for specifically addressing the key issue of beer shelf life.
This is the focus of the presented work, where a methodology is pro-
posed for determining the period of time after which beer fresh features
start to change in a statistically significant way under standard shelf
storage conditions and, accordingly, all degradation phenomena begins
to accelerate. In this study, bottles were maintained at normal ageing
conditions and the entire analysis carried out during one year. This is
another differentiating feature of the present study, with the purpose
to make the whole assessment as realistic as possible, mitigating the
risks in the transfer of results to the industrial practice.

The remaining parts of this article are organized as follows: Section 2
describes the experimental protocol and the analytic and chemometric
methods. Section 3 presents the analysis workflow and the main results
obtained. In Section 4, we discuss relevant aspects of the analysis and
some of its implications. Finally, in Section 5, we summarize the main
findings in this work and address future work worth undertaking in
the sequence of the results reported in this article.

2. Materials and methods
2.1. Beer samples

A total of 39 lager beers were analyzed in this study. Samples were
kept at room temperature, within 12 months on amber glass bottles of
330 mL. The analysis of volatile compounds was done monthly, for
three different bottles randomly selected. All samples were kindly sup-
plied by the Empresa de Cervejas da Madeira, Lda, and collected from the
same production batch to minimize inter-batch variability.

Throughout the text, samples will be denoted by the month in which
each bottle is open and analysis carried out and, when necessary, a letter
(A, B and C) will be used to distinguish among the replicates analyzed
for the same ageing time.

2.2. Analytical procedures

The analysis of volatile compounds was carried out on a TRACE GC
Ultra gas chromatograph equipped with the ISQ single quadrupole
(electron impact mode) and the TriPlus autosampler (liquid mode)
from Thermo Scientific (Hudson, NH). The extract injected was obtained
through solid phase micro-extraction as described elsewhere [36]. A
total of 70 volatile compounds were identified and quantified in terms
of the relative area with respect to the internal standard (3-octanol).
The identification of compounds was made by comparison of the mass
spectra obtained with those present in NISTO8 and Wiley 6.0 MS library
databases, and comparing the obtained Kovats indices with those stated
in the NIST Chemistry WebBook [37].

2.3. Chemometric methods

Chemometrics encompass a wide range of methodologies and ap-
proaches for extracting useful information from complex data sets orig-
inated in analytical instrumentation and industrial processes. There is
no standard and universal protocol to conduct a chemometric analysis,
and the specific path to follow is always dependent on the problem in
hand, goals to achieve and the data structure originated by the analyti-
cal procedure adopted. In fact, chemometrics can be seen as an integral
part of the scientific method when it comes to analyzing chemical infor-
mation with modern instrumentation.

For the current problem, the collected data is structured in a two-
way table, where one mode stands for the different components quan-
tified with resource to gas chromatography coupled with mass spec-
trometry, GC-MS, ( columns' mode) and the other mode regards time
information relative to the moments where bottles from a homoge-
neous group were randomly opened and analyzed ( rows' mode). The
existence of such two meaningful modes in the data structure implies
that one should select and adopt data analysis methodologies with the
potential to extract and explore the fundamental pieces of information
relative to both the composition and time modes, and eventually their
interaction, if relevant. In this section we present the main frameworks
employed in the chemometric analysis, which will integrate the
workflow presented in Section 3.

2.3.1. Principal component analysis (PCA)

Principal component analysis is a well-known methodology to ex-
tract the linear correlation structure shared by multiple variables
[38-40]. It essentially aims at explaining most of data variability using
as few linear combinations of all variables (called variates) as possible.
The linear combinations of the variables constitute new transformed
variables, the principal components, PC,, whose values are the scores,
stored in (n x 1) column vectors t,, (where n stands for the number of
observations in the data set — in this work it is the total number of
beer samples collected after storage in shelf conditions and analyzed
in the laboratory). The coefficients of the linear combination are called
loadings, which for each PC can be stored in the (m x 1) column vector
lj (where m is the number of variables — in the present work it corre-
sponds to chemical compounds). As a scale-dependent technique, PCA
is usually applied after proper pre-processing of the original (n x m)
raw data matrix, X. The resulting pre-processed matrix with the same
size, Z, presents better properties to achieve the purposes of analysis.
In this work we applied autoscaling (centering to zero mean followed
by scaling to unit variance) in order to provide all components with
the same a priori weight in the PCA procedure.

In mathematical terms, the scores and loading vectors are gathered
in matrices, called the score matrix, T, and the loading matrix, L, leading
to the following decomposition of the pre-processed data matrix:

Z-T-L' +E 1

where T and L are (n x a) and (m x a) matrices, respectively, a is
the number of retained components, also known as the pseudorank
(a<<m)andEis a (n x m) residual matrix, with information that is
orthogonal to that described by the retained principal components.
In practice, an analyst looks for information regarding the variable mode
in PC loadings (such as groups of correlated variables) and concerning
the observation mode in the scores (such as trends and clusters of
observations).

By construction, PCA is entirely focused on the variable mode and
has no built-in capacity to describe or incorporate any part of the obser-
vation structure in its implementation. It tacitly assumes samples to be
generated from an independent and identically distributed multivariate
distribution (the usual iid assumption). Even its evolution to cope with
the time-related mode, dynamic principal component analysis (DPCA),
consists of using the trick of adding artificial variables corresponding to
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lagged or shifted versions of the original variables, forming an expanded
raw data table and implementing the usual PCA methodology over it
[41]. However, it can be shown that such an approach is incapable of re-
moving entirely the autocorrelation in the scores, meaning that time
structure is not yet being fully taken into account [42]. This means that
one has to find a complementary way to extract and analyze the relevant
information contained in the time mode. This will be achieved through
clustering analysis, as explained further ahead in the text (Section 2.3.3).

2.3.2. Change point detection in high dimensional systems

The main goal of the present work is to develop a data-driven ap-
proach to monitor the evolution of the chemical composition of Portu-
guese commercial beer and to propose a systematic way to detect the
point after which its properties begin to change beyond what could be
interpreted as a normal variation corresponding to the early stages of
storage. In this context, the aim is not to develop a dynamical model
for the evolution of the chemical composition, but a procedure for de-
tecting the instant after which, with high probability, a change may
have occurred in the beer composition, indicating a potential seed of
deterioration.

In order to do so, the framework of multivariate statistical monitor-
ing will be employed after adaptation to the specific conditions of this
work. Multivariate statistical monitoring encompasses a class of differ-
ent methodologies for monitoring multivariate systems, including the
use of Hotelling's T? statistic [43] for low dimensional systems and of la-
tent variable frameworks, such as PCA and PLS (partial least squares) es-
pecially suited for handling a large number of correlated iid variables
[44-47]. As the data set under analysis consists of 70 correlated vari-
ables, a latent variable multivariate process monitoring approach
based on PCA will be employed.

For such, let us consider again the PCA decomposition presented in
Eq. (1). This numerical decomposition of the matrix Z can be
reinterpreted as a statistical description of the variability exhibited by
the variables in its columns. According to the latent variable interpreta-
tion, such model suggests that the variability presented by the variables
is originated at the level of several (q, the pseudorank of the system) la-
tent variables or scores, T, which are also affected by the additional in-
terferences from unstructured sources of variation, E. Therefore, by
assigning suitable statistical descriptions to specify the behavior of the
terms T and E, the statistical behavior of the variables in the Z matrix
is obtained. With such a reference model structure, one can finally im-
plement a confirmatory-like analysis in order to evaluate if a given sam-
ple is consistent with the statistical model considered to properly
describe the system, or alternatively decide that it defers considerably
(at a given significance level, specified a priori). This amounts to a se-
quence of statistical hypothesis tests, which is the foundation of the sta-
tistical monitoring approach adopted here.

The monitoring procedure based on PCA consists of: (i) first estimat-
ing a PCA model representing the normal behavior of the process under
supervision (in this case, regarding the initial stages of storage, before
degradation); (ii) specifying the statistical limits of detection (for a
given level of significance); and (iii) implementing the process monitor-
ing procedure by computing the pair of monitoring statistics (see
below) for each new incoming sample and evaluate if the process is nor-
mal or instead some significant change has occurred (in which case a
subsequent diagnostic stage is usually conducted).

For each sampling time, the following pair of monitoring statistics is
computed:

(i) Hotelling's T? statistic of the PCA scores to monitor variability
within the PCA subspace, verifying whether the projections of
new samples onto this a-dimensional subspace fall inside or
outside the region of normal behavior:

T2 (k) — . t,-z(k)i —1g Ty T
pea(k) = Z = X(k)LA, 'L x(k) 3)

i=1

where t;(k) is the kth entry of the ith score (k stands for the cur-
rent time index, where the statistic is to be computed), A; ! is the
inverse of the diagonal matrix with the a largest eigenvalues in
descendent order of magnitude along the main diagonal, and
x(k) is the (1 x m) row vector with X data for the current multi-
variate observation.

(ii) Q statistic (also referred as SPE — square prediction error)
measures the deviation (squared Euclidean distance) between
each multivariate observation, x(k), and the PCA subspace.

Q=ele=(x—%)"(x—%) =x" (I—LLT)x 2)

where x(k) = T(k)L is the (1 x m) row vector corresponding to
the projection of x onto the PCA subspace. Therefore, contrary to
the T2 statistic for the PCA scores that monitors the variability of
the projected samples, i.e., within the PCA subspace, the Q statis-
tic strictly addresses the variability around the PCA subspace.
With this pair of monitoring statistics it is possible to follow the
behavior of an arbitrarily large number of variables without in-
curring in collinearity problems, as it happens with the
Hotelling's T? statistic. In fact, with this statistic, the inversion
of the covariance matrix may become ill-conditioned or even un-
feasible, due to the presence of highly collinear variables. This
will not happen with the current monitoring scheme, as the
scores are uncorrelated by design and only contemplate the
main contributors to the X variability (large eigenvalues). Thus,
the computation of the Hotelling's T? for the scores offers no
problems in such conditions, nor will the computation of the re-
sidual statistic, Q, which is not prone to any numerical computa-
tional issues.

The control limits for the T2 and Q statistics, that define the upper
limits for the normality region, are usually computed as follows
[45-49]. The upper control limit (UCL) of the T? statistic is given by:

an—1)(n+1)

UCL;2 =
T n2—na

Foan-—a 3)
where Fo 4, — o is the upper « percentile of the F distribution with a and
n — a degrees of freedom. On the other hand, The UCL for the Q statistic
(UCLy) is computed through the corresponding percentile of a weighted
i distribution, g * y%, whose parameters are estimated from the first
(i) and second ((3%) empirical moments of the values of Q obtain-
ed from reference data [50]:
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There is a mild assumption of Gaussianity in the derivation of these
statistics, which is quite reasonable in most circumstances as the scores
result from the contribution of many variables which makes them more
Gaussian than each of the isolated variables, due to the Central Limit
Theorem (CLT). Furthermore, the behavior of the measurements col-
lected from the beer samples undergoing shelf storage during the initial
period is quite stable and thus amenable to be described by a static
model such as the one implicitly considered in the above described mul-
tivariate statistical approach for detecting the early onset of meaningful
changes in the chemical composition of beer.

However such control limits tend to be somewhat optimistic in the
assessment of multivariate variability, leading to some underestimation
of the actual multivariate variability. In order to protect against this
feature, the control limits were computed using the same formulas
presented above but using data obtained through a leave-one-out
procedure.
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2.3.3. Clustering

Another class of methodologies employed in the chemometric anal-
ysis of the data generated in the experimental procedure conducted in
this work is clustering. Like PCA, clustering is another unsupervised ma-
chine learning methodology, but now focused on identifying natural
groups of objects. The objects can be either variables or samples.
When addressing the clustering of samples, one seeks to find groups
of observations that present similar behavior or identical patterns,
from the standpoint of the variables characterizing them. On the other
hand, clustering variables usually address the identification of groups
of variables presenting strong mutual associations and that, conjectural-
ly, could be closely related or even involved in the same phenomenon.
Both perspectives will be employed in this work.

There are several classes (and sub-classes) of clustering
algorithms [51-53]. In this work we will use agglomerative hierarchical
clustering. In this technique, there are initially as many clusters as ob-
jects. Then, the procedure successively groups similar objects into clus-
ters, and similar clusters into new larger clusters, until only one big
cluster exists that contains all the objects. As the groups are merged
into larger clusters, the similarity of the objects in the same cluster
tends to decrease. Therefore, there is usually an intermediate level of ag-
glomeration that should be used in order to identify the natural clusters
present in the data. The identification of this level is facilitated with
the analysis of the so called dendrogram, which is a two dimensional
diagram where the history of agglomeration of all the variables and
clusters is represented and the hierarchical structure in which the suc-
cessive clusters were formed is made explicit (in hierarchical clustering,
once a given object is assigned to a cluster containing a set of objects,
they will all be maintained together until the end). Also presented in
this plot is the distance at which two groups merge into a new cluster.
It represents a measure of the difference between the objects in the
two clusters: clusters that merge at short distances are more similar
while those that only do so at larger agglomeration distances are com-
posed with more diverse objects.

The fundamental aspects to define before implementing an agglom-
erative hierarchical clustering (AHC) technique are: (i) the measure of
distance and (ii) the agglomeration criterion. The first aspect defines
how we want similarity to be assessed. Considering two objects,
X1, X € M| (m-dimensional column vectors), one may want to call
“similar” those objects that are characterized by identical values of
their m properties, in which case the Euclidean distance (dg) or the
city-block distance (dcg) may be suitable choices.

%y (i) —%, (1)) (5)

dp(x1,%,) =

-

I
-

m

deg(x1.%;) = Y%y () =%, () (6)

i=1

But we may also be interested in identifying objects whose proper-
ties are strongly correlated, in which case a measure of similarity
based on the scale-free Pearson correlation coefficient, (d,), is more
appropriate:

dp(xl:x2) =1—]p(x1,%;)|. (7)

The second aspect establishes the way clusters are combined
into larger clusters, by defining the rule to compute the distance be-
tween two clusters of objects. Common options include: single linkage
(minimum distance, as specified in i. between objects in the two
clusters; also known as nearest-neighbor); complete linkage (maxi-
mum distance between objects in the two clusters; also known as far-
thest neighbor) and average linkage (or average distance between all
pairs of points in the two clusters).

As referred above, natural clusters are identified by analyzing the
dendrogram and establishing a threshold on the agglomeration dis-
tance: the clusters defined at such a distance will be the ones considered
for analysis (see for instance Fig. 3a). The consistency of the clusters
assigned to each object, should also be evaluated. This can be carried
out by computing the so called “silhouette” score for each object x;,
S(x;), defined by:

_ (min(AVER BETWEEN(x;, k)) —AVER WITHIN(x;)) @®
~ ‘max(AVER_WITHIN(x;), min(AVER BETWEEN (x;, k)))

S(xi)

where, AVER _ WITHIN(x;) stands for the average distance from object
X; to the other objects laying in the same cluster, and
AVER _ BETWEEN(x;, k) is the average distance between object x; and
all other objects from cluster k. The silhouette score for object x; pro-
vides a relative measure of the closeness of one object belonging to
one group from the objects grouped in other clusters. This measure
ranges from + 1 (for objects that are distant from those belonging to
neighbor clusters, indicating a well-defined clustering structure), to
—1 (for objects whose attribution to a given cluster is not so clear, or
that were eventually assigned to the wrong cluster). An example of a
silhouette plot can be found in Fig. 3b.

3. Results

This work addresses the development of an effective procedure for
monitoring and detecting meaningful changes in the chemical composi-
tion of Portuguese beer, during the period it undergoes shelf storage. In
this section we present the main results obtained in this study. Aligned
with the main goal, the chemometric analysis conducted was centered
on detecting the early onset of meaningful changes in chemical compo-
sition (detection task) and then on the analysis and characterization of
the evolution of groups of compounds (diagnosis task). The data analy-
sis workflow followed is schematically presented in Fig. 1.

The results of the detection task will be presented in the next subsec-
tion, after briefly addressing the exploratory data analysis (EDA) task.
Then, in the following subsection we report on the results of the diagno-
sis task.

3.1. Large-scale monitoring of the evolution of chemical composition
(detection task)

We begin our study with a global analysis of the experimental data
set consisting of compositions collected for a wide variety of chemical
components (70 analytes overall) quantified through GC-MS, corre-
sponding to beer samples taken over time for a period of 12 months in
shelf storage conditions (including a sample taken at the beginning of

Exploratory data analysis
(EDA)

N

Large-scale monitoring of
chemical composition
(Detection task)

Discovering evolution trends
of chemical compounds
(Diagnosis task)

Fig. 1. Data analysis workflow.
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the period, amounting to a total of 13 samples with 3 replicates each).
Performing a PCA analysis of the entire data set one obtains the results
presented in Fig. 2 (data was preliminarily autoscaled). From the analy-
sis of the scree plot (Fig. 2a), the presence of a strong correlation struc-
ture is evident, with the first component gathering the equivalent
variation of over 35 original autoscaled variables (50% of the
compounds quantified by the analytical methods). The 2D scatter plot
(Fig. 2b) illustrates a “smile”-like shape for the dynamic behavior of
chemical composition when projected onto the first two PCA scores,
starting from the top right region of the plane, moving to the left, down-
wards and then upwards. There are however some areas where several
samples collected at different times overlap, indicating that some varia-
tion may exist along higher dimensions that is not being properly cap-
tured by the low dimensional 2D projection. With the 3D scatter plot
one is able to discern some of these trends (Fig. 2c). From the analysis
of the scores behavior it is apparent that, after an initial period where
the evolution is rather weak or almost absent (with the exception of
the first sample), the system undergoes a change, indicating a modifica-
tion of the original chemical composition.

This remark can be further investigated with resort to an agglomer-
ative hierarchical clustering (AHC) analysis performed on the observa-
tions. In this analysis, the time sequence is not considered at all, and
the grouping is made strictly on the basis of the similarity between
the observations (replicates of the 12 samples collected over time).
Even so, the results obtained clearly indicate that the first 6 samples
(or 18 observations) form a natural cluster (Fig. 3a), which confirms
the similarity between such samples and consubstantiates the conjec-
ture of an essentially static behavior in the initial period of shelf storage.
The consistency of this grouping is high, as can be appreciated from the
silhouette plot presented in Fig. 3b, where the scores of the observations
are essentially located above 0.5 and none is less than 0.

Variance Explained (%)

1 2 3 4 5 6 7 8 9 10
Principal Component

3 pC

1% PC

In this context, the first 6 samples were considered to represent the
variability one expects to obtain under normal storage conditions with-
out any significant evolution of chemical composition, constituting the
reference set. All the reminding observations are gathered in the so-
called, test set. The reference subset of normal condition observations
was used to develop a new PCA model which faithfully describes the
multivariate variability in such conditions. This model was then used
to implement the change point detection procedure for high dimen-
sional systems presented in Section 2.3.2, as described next.

First the number of latent variables to retain in such PCA model was
selected, using a stratified 3-fold cross-validation approach (in order to
assure that in each subgroup left aside during the cross-validation pro-
cedure, always a replicate from each sample will be found; this is neces-
sary to guarantee the representativeness of the data set in each cross-
validation trial). The cross-validation plot is presented in Fig. 4, based
on which 10 principal components were selected.

Then, with the normal conditions PCA model estimated, the same
reference set of observations was used to estimate the control limits
for the T? and Q detection statistics, using the formulas presented before
and a leave-one-out procedure. Finally, each observation in the test set
was projected onto the PCA models after proper pre-processing (using
the sample processing parameters as the reference samples), and the
corresponding values of the T? and Q detection statistics computed
and plotted in the respective charts (called control charts). The results
obtained are presented in Fig. 5. In this figure, one can verify that the
first detection, i.e., the first statistically significant deviation from nor-
mal conditions, occurs at observation 25 (9th sample, corresponding
to 8 months of shelf storage) for the T? statistic and at observation 22
(8th sample) for the Q statistic.

In summary, the chemometric analysis reveals that the chemical
composition of the beer begins presenting a statistically meaningful

2M pC

Fig. 2. Results of the PCA analysis performed on the entire experimental data set: a) Scree plot and b) 2D scatter plot of the scores of PC1 and PC2; 3D scatter plot of the scores of PC1, PC2

and PC3.
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Fig. 3. Clustering observation in the beer data set: a) dendrogram and b) silhouette plot. The distance measure used is the city-block distance and the agglomeration criterion was average

linking.

deviation from the reference scenario after a period of 7 months, al-
though the deviation trend has its onset during the 6th month.

3.2. Discovering evolution trends of chemical compounds (diagnosis task)

Having established the procedure for detecting the onset of the dy-
namical trend in chemical composition, the chemometric analysis
turns the focus now to the characterization of such trend and the dis-
covery of correlated groups of compounds that might share some phe-
nomenological affinity (diagnosis task). Thus, contrary to the analysis
in the previous section which was mainly focused on the samples
mode, now it will be essentially concerned with the variable or com-
pound mode of the two-way data table.

140 T T . .
—+— Cross-validation

120

—— — Calibration

100 -

80

60

Mean RMSE

40

20

0 L L L L L L L
0 2 4 6 8 10 12 14 16 18 20

Number of principal components

Fig. 4. Cross-validation plot for the selection of the number of principal components to re-
tain in the normal conditions PCA model built with the reference data set.

In the scope of principal component analysis, contribution plots are
well-known tools to explore this type of research question [54,55].
Namely, they are instrumental in finding out the variables that may be
driving a given change observed at the scores or residuals level, such
as those observed in the T2 and Q charts. The contributions of each var-
iable, j, to the square of the normalized score i at the kth replicate is
computed as follows:

T G -
Cij= éli.j (Xj_XREF‘j)v 9)

cik) =1 (k) (10)

where Xpe ; represents the average value of the jth variable in the ref-

erence set and sfi is the estimated variance of the latent variable t; in
the reference set (also given by the corresponding eigenvalue). The
total contribution of each variable is obtained by summing the contribu-
tions arising from all a retained principal components, as given by
Eq. (10). Similarly, the contribution of the individual variable, j, for a
change in the Q statistic is given by:
(k) = [xj(k)—xj(k)]z 11
where xj(k) is a vector containing a new observation and x; (k) is an es-
timate of the new observation obtained by multiplying its scores and
the transpose of the loading matrix (L, with a latent variables).

Even though quite widespread, the application of contribution plot
analysis is rather limited to the present situation, namely because: i.
The information provided by contribution plots is essentially univariate,
but the underlying phenomena most likely encompass the collective be-
havior of several components varying together; ii. The overall dynamic
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Fig. 5. Control charts for the T? and Q statistics (vertical lines delimitate sequences of three replicates). The first clear out-of-control point for the Q statistics occurs at observation 22. Some
future observations are not presented because the deviation is so high that it becomes out of scale in this plot.

profile is not considered, as the analysis is based solely on the change
verified from a reference scenario to another condition; what happens
in between or afterwards is not incorporated in the analysis; and iii.
Contribution plots suffer from the so-called smearing effect [55],
which consists of a propagation of the estimated effect due to a change
in one variable, to several other variables highly correlated with it.
Given the above limitations of contribution plots, two alternative
procedures were developed with the ability to overcome the problems
described above: i) an improved dynamic variable contribution analysis
and ii) a variable clustering approach conducted in the original domain.

3.2.1. Dynamic variable contribution analysis

Analyzing variable contributions to displacements in the score space
or changes in the Q statistic using the current available procedure
presents the drawbacks of being univariate and neglecting information
regarding the specific trend in analysis. Therefore, a new framework is
proposed here that addresses such limitations, called dynamic variable
contribution analysis.

The proposed approach consists in considering the set of samples
representing normal conditions (in the present case all the replicates
from samples 1-6, i.e., replicates 1-18) and use the centroids in the
score space and residual space as the reference points kept fixed when
computing the respective contributions. Then, for the first observation
of the test set (i.e., not belonging to the reference set), one computes
the contribution of each variable to the change observed in the score
space on one hand, and in the complementary residual space, on the
other, and register them in one row of two separate tables: one for the
variable contribution to the scores, table CS, and another for the variable
contribution to the residuals, table CR. This procedure is repeated for the
next observation in the test set, and the variable contributions saved in
the second row of tables CS and CR. Proceeding in this way to all the s
test observations (in our case, all the replicates from samples 7 to 13
(i.e., replicates 22-39; see also Fig. 6), one obtains finally the complete
(ngest x m) CS and CR tables of variable contributions.

Tables CR and CS have in each column, all the contributions of a
given variable to the successive deviations obtained from sample to
sample relatively to the same reference point. Fig. 7 illustrates the pro-
files obtained for the contributions of each variable in the two comple-
mentary spaces. Analyzing this figure, it is possible to appreciate the
existence of some common trends in the contributions profiles. In fact
the proposed procedure and the way the two tables were constructed,
potentiates the identification of clusters of variables with similar dy-
namic patterns. This feature will be further explored.

This analysis also enables a richer assessment of the relative impor-
tance of each variable in the establishment of the entire trajectory in the
test set. In other words, it provides information on the importance of
each chemical component in the changes observed in the score and re-
sidual spaces. For such, we computed the ranking of the contribution of
each variable in explaining the change observed in each observation in

the test set regarding the reference condition. Again, one variable will
have a ranking score for each test set observation, and in the end it
will have as many rankings as test observations. Table 1 present the
average ranking for each variable in decreasing order of importance, re-
garding the analysis of the contributions in the score space, and Table 2
presents the corresponding information regarding the contributions in
the residual space.

As referred before, analyzing the isolated importance of the contri-
butions of each variable may bring some useful information, but still
of a univariate nature. Most often chemical phenomena originates
correlated changes in the components, for which reason it is particularly
interesting to develop a procedure that is able to identify such occur-
rences. This can be accomplished within the framework of the proposed
analysis, by performing clustering of variables on the CS and CT tables.
Variables (i.e., chemical compounds) whose contributions to the change
in each space share similar patterns would be naturally gathered in the
same group. In order to do so, an appropriate distance metric should be
adopted that reflects the similarity concept one aims to implement:
similar variables present strongly correlated profiles. One appropriate
distance metric for this scenario is the correlation distance d,(x1, X2)
(Eq. (7)). The dendrograms obtained from clustering of variables in
the CS and CR tables are presented in Figs. 8 and 9.

Analyzing the dendrograms presented above, one can observe that
there is a larger cluster of highly correlated variables or chemical com-
ponents, to which other variables join in at larger agglomeration dis-
tances. However, there is no clear separation between the highly
correlated variables and others and even looking at the original vari-
ables, some of the associations are not clearly justifiable. Moreover, var-
iables highly correlated in terms of their contribution to changes in the
scores are not necessarily identified as such when analyzing the

NOC data
(replicates 1-18)

C19,1-18

Replicate 19

Replicate 20 -
Cao1s
Replicate 39

Fig. 6. Schematic representation of the procedure followed to build the 2-way table used in
dynamic variable contribution analysis.
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Fig. 7. Contribution profiles for all variables regarding changes in the (a) score space and (b) residual space (in this case, tables CS and CR also contain information of the contributions
regarding the initial reference samples to compare with those after the beginning of the change).

dendrogram for the contributions in the residual space. This brings am-
biguity to the analysis and conclusions, which may also be promoted by
the smearing effect referred before.

Therefore, we conclude that the analysis of contribution plots on cor-
related data with dynamical patterns is rather involved and the decom-
position of such an analysis into two complementary spaces introduces
one more difficulty in the process. In fact, the final aim is to access the
importance of each chemical component in the changes observed and
the identification of groups of correlated components, an analysis that
can be properly conducted in the original space, as described in the
next subsection.

3.2.2. Clustering variables in the original domain
Instead of adopting the chemometric framework of contribution
plots to analyze the influence of a given chemical component in

Table 1

Mean ranking for each variable (in decreasing order, i.e., from the most important in aver-
age to the less important), regarding their contributions to changes in the score space rel-
atively to the reference condition.

explaining an observed change in the score and residual spaces, sepa-
rately, an alternative procedure explored in this work was to analyze
the change in chemical composition in the original domain. In fact, the
aim of analyzing the contributions in both the scores and residuals
after a PCA decomposition is precisely to take into account all sources
of variation. The natural alternative is therefore to analyze directly the
structure of the original space, namely the similarity of the component
profiles using a similarity metrics defined by the correlations distance.

Fig. 10 presents the dendrogram that results from conducting a
clustering analysis in the original uncompressed domain, where it is
possible to observe a strong clustering structure with two clearly iden-
tifiable clusters plus a series of other smaller clusters or individual in-
stances at larger agglomeration distances representing components
with rather different variation profiles (see description in Table 3).
Rather interesting is the similarity in the trends found in each cluster,

Table 2

Mean ranking for each variable (in decreasing order, i.e., from the most important in aver-
age to the less important), regarding their contributions to changes in the residual space
relatively to the reference condition.

Component ID Meanrank  Component ID Mean rank Component ID Mean rank Component ID Mean rank
Isopentanol 6.8 1-Decanol 36.3 Unknown 5 9.8 Ethyl 3-hexenoate 37.1
Nerolidol 7.3 Phenylethyl butyrate 36.6 Ethyl caproate 11.5 Heptyl acetate 383
Myrcenol 9.4 Furfural 36.9 3-Methyl-1-hexanol 12.4 Ethyl capronate 38.7
Acetic acid 9.5 Pelargonic acid 371 Nerolidol 13.2 Caproleic acid 38.7
Isoamyl acetate 113 Difurfuryl ether 37.8 Linalool 13.8 Ethyl phenylacetate 39.2
Linalool 11.7 Hexyl acetate 38.8 1-Hexanol 14 Isobutanol 40
Ethyl caproate 12.1 2-Methylcaproic acid 394 Ethyl 5-methylhexanoate 14.1 3-damascenone 40.3
Caprylic acid 124 Ethyl caprylate 40.7 Furfuryl alcohol 15.6 Agidol 403
Isobutanol 14.3 Unknown 4 438 6-Methyl-2-heptanone 17.7 2-Propyl-1-pentanol 42.8
1-Heptanol 14.7 Ethyl valerate 438 Myrcenol 19 2-Decanol 429
Nonanal 16.5 3-Octanone 444 Unknown 6 20 Phenylethyl butyrate 43
Isobutyl acetate 17.4 Dimethyloctanol 444 Lauryl alcohol 20.3 Furfural 441
Phenethyl alcohol 17.4 Unknown 1 448 Nonanal 22.6 Unknown 2 442
Citronellol 17.5 1-Hexanol 452 Ethyl 2-nonenoate 22.8 1-Decanol 442
Caproic acid 17.7 Octyl acetate 46.3 Unknown 1 229 Hexyl acetate 444
Ethyl acetate 19.4 Ethyl hydrocinnamate 46.4 Isoamyl acetate 239 Citronellol acetate 451
Phenyl ethyl acetate 226 3-Methyl-1-hexanol 46.7 1-Heptanol 24.5 2-Methylcaproic acid 454
Ethyl butyrate 23 Linalool tetrahydride 471 Isobutyl acetate 24.8 3-Octanone 45.7
Ethyl phenylacetate 24.6 p-Cymene 47.3 Caproic acid 25.1 Methyl geraniate 46.3
Vinylguaiacol 24.6 Ethyl 3-hexenoate 473 Phenethyl alcohol 253 Linalool tetrahydride 47.2
Propyl laurate 24.7 Heptyl acetate 49.3 Carbitol 253 Unknown 3 47.5
Agidol 25.8 Ethyl capronate 494 Citronellol 25.5 Ethyl caproate 48.1
2-Propyl-1-pentanol 26.6 Decanal 50 Pelargonic acid 25.5 1-Octanol 48.2
Unknown 3 28.5 Myrcene 50.4 Ethyl caprylate 28 Octyl acetate 48.7
Geranyl acetone 289 Citronellol acetate 51.3 Isopentanol 283 Ethyl 9-decenoate 49
1-Octanol 29 Furfuryl alcohol 53 Ethyl butyrate 29.6 Ethyl valerate 493
Unknown 5 29.1 {3-damascenone 54.1 Geranyl acetone 30.1 Isoamyl butyrate 51
2-Decanol 29.2 Lauryl alcohol 58.3 Acetic acid 30.8 p-Cymene 52.1
Capric acid 323 6-Methyl-2-heptanone  62.0 Difurfuryl ether 31 Ethyl acetate 52.4
Ethyl 5-methylhexanoate 33 Methyl geraniate 62.6 Vinylguaiacol 31 Propyl laurate 53.7
Ethyl 2-nonenoate 34 Ethyl caproate 63 Capric acid 34.8 Ethyl pelargonate 56
Unknown 6 34.2 Isoamyl butyrate 63.6 Ethyl hydrocinnamate 34.8 Unknown 4 59.6
Caproleic acid 34.2 Ethyl 9-decenoate 64 Caprylic acid 36.4 Myrcene 60
Ethyl pelargonate 349 Furfuryl acetate 64.8 Dimethyloctanol 36.5 Furfuryl acetate 61.5
Unknown 2 35 Carbitol 68.4 Phenyl ethyl acetate 36.5 Decanal 62.7
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Fig. 8. Dendrogram for the clustering of variables made on the variable contribution table for the scores (CS).

as depicted also in Fig. 10, which are all of the same type despite in
Eq. (7) one is using the absolute value of the correlation coefficient in
the definition of the distance metric.

The clustering of components obtained with this approach is there-
fore much more consistent than that obtained using the PCA analysis
based on the residuals, even considering the improvements implement-
ed in dynamic variable contribution analysis.

4. Discussion

The main focus of this paper is the analysis of the evolution of the
volatile profile of lager beer during 12 months at regular conditions of
storage. The GC-MS analyses of thirty nine samples lead to the identifi-
cation of 70 volatile compounds, from several chemical families, namely
25 esters, 15 alcohols, 7 acids, 6 aldehydes and ketones, 7 terpenes, 4 fu-
rans and other 6 compounds. One relevant question is to find out,
among this array of compounds, those with an important role regarding
the evolution of product quality.

The proposed procedure detects statistically meaningful differences
in the chemical composition of future observations, regarding those of
the initial reference set. However, a statistically meaningful deviation
does not necessarily mean that the product is not conforming to the
consumer requirements. Statistical significance is evaluated on the
basis of natural variation present in the process under monitoring,
whereas consumer requirements and perception of quality depend on
factors external to the production process. Therefore, the statistical
limits of variation for the detection statistics are fundamentally different
from the specification limits for product acceptance. One important

0.5
0.45 —
0.4
0.35 —
03—
0.25 —

02

Distance (1-|p[)

0.15 —

0.1~

0.05 —

problem, however, is the absence of consensus or guidelines on specifi-
cation and requirements of the chemical composition of commercial
beer. In this context, the data-driven approach presented here has the
potential to bring more information to process owners and R&D&I per-
sonal on the dynamic evolution of beer composition along time, increas-
ing their understanding and awareness on the chemical phenomena
and their time scale (evolution kinetics), which ultimately will allow
them to correlate such features with consumer requirements.
Regarding the analysis based on contribution plots, we would like to
point out that they are the chemometric tool commonly used to inves-
tigate the influence of variables in the appearance of step perturbations
or other simple changes in the scores or residuals. Under certain condi-
tions they perform reasonable well, especially in stationary systems.
However, this work brings out their limitations when addressing intrin-
sically dynamic trends. In fact, they were unable to provide a reasonable
clustering of the components with a well-defined structure and mean-
ing. Not even the proposed improved methodology of dynamical contri-
bution plots was enough to achieve a reasonably good clustering
performance in this case. Given their failure, we have turned the analy-
sis to the original domain, which finally led to a clear and interpretable
clustering structure. There is not, in our opinion, any formal inconsisten-
cy in adopting this procedure. In fact, the monitoring procedure based
on PCA, follows the entire variability of data through the two comple-
mentary statistics, T? and Q. In other words, it performs a monitoring
of the full domain, after properly decomposing it into two complemen-
tary subspaces which are monitored simultaneously. The same applies
to the contribution plot analysis, where, once again, the influences of
variables in both the scores and residuals of the PCA decomposition
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Fig. 9. Dendrogram for the clustering of variables made on the variable contribution table for the residuals (CR).
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Fig. 10. Identifying groups of correlated compounds through clustering of variables in the original domain.

was conducted simultaneously, which altogether constitute an analysis
of the original domain. In this context, our clustering analysis of the
components according to the correlation of their dynamic trends in
the original domain is entirely consistent with the endeavor of the anal-
ysis carried out with the chemometric tools previously applied, and fur-
thermore leads to good results. We believe that this is an interesting
outcome of this work, worthwhile to be retained and further explored
in future applications.

Focusing on our analysis in Table 3, it is possible to summarize the
chemical compounds evolution for lager beer under study. Cluster 2 is
formed essentially by esters compounds (about 40% of the esters quan-
tified are in this clusters). For lager beer, high esters concentration are
generally undesirable, hence production process parameters like wort
concentration and aeration, temperature and oxygen levels should be
controlled to supervise and monitor their levels. Nevertheless, when
present at lower concentrations and below their odor thresholds they
contribute positively to the beer flavor [56,57]. For example, ethyl ace-
tate flavor varies from a light pear-like character to solvent-like in
high concentrations [58]. Cluster 2 gathers ester compounds with a sim-
ilar evolution trend, namely after an initial period during which their
concentration is low and follows a period with an increase in concentra-
tion levels. The isoamyl acetate, the ethyl caproate and the ethyl
caprylate reached concentrations higher than their odor threshold (a
rough estimate was obtained from an internal standard concentration,
3-octanol) and therefore during ageing they can contribute negatively
to the flavor and beer deterioration. Most of the remaining ester com-
pounds do not have a clear pattern of evolution, and therefore their ex-
pression on the beer's global aroma depends on synergies with other
compounds. Cluster 2 also includes the most abundant organic acids
found in this beer, the caprylic acid and capric acid. Both compounds
are responsible for caprylic flavor [59] that resembles the odor of a
goat. Despite being abundant, none of these acids exceeded their flavor
thresholds, 15 mg/L to caprylic acid and 10 mg/L to capric acid, but their
trends after the 6th month deserve special attention. About 80% of

higher alcohols are located at clusters 1 and 2. In the beer analyzed it
is estimated that none of these compounds exceeded their odor thresh-
olds. In general terms, for a balanced flavor, it is expected that the ratio
of the amount of higher alcohol to esters is about 1:2,5-3 [56]. At the 7th
month, the concentration seems to depart from this scenario, which can
be in line with the onset detected for meaningful changes. Furfural, a
typical marker of beer flavor deterioration [60] does not present a
clear trend during the storing period analyzed, been quantified at
about five times less of its odor threshold. The remaining furanic com-
pounds also do not present clear trends. However, their combined effect
is supposed to contribute to beer staling during the later months.

From our analysis, there is no single resulting compound that can be
identified as a unique ageing marker, but rather two sets of compounds
acting in a synergistic or antagonistic way to produce meaningful
changes on fresh beer flavor. This result reinforces the idea that aroma
deterioration requires a comprehensive analysis, not centered in a spe-
cific marker but analyzing the combined effect of several volatile
substances.

5. Conclusions

In this article we presented a data-driven approach to monitor the
evolution of the chemical composition of Portuguese commercial beer
and proposed a systematic way to detect the point after which its prop-
erties begin to change significantly (i.e., beyond what could be
interpreted as the normal variation corresponding to the early stages
of storage). Furthermore, we proposed and discussed chemometric pro-
cedures for analyzing the contributions of different beer components in
the definition of the dynamic ageing trends: dynamic contribution plots
and analysis in the original domain.

The study is based on experimental data on the volatile fraction of
beer obtained from gas chromatography coupled with mass spectrome-
try, GC-MS. Samples were collected over an extended period of 1 year
under standard shelf storage conditions.

Other clusters

Table 3

Clusters of variables identified in the analysis in the original chemical compounds’ domain (component codes).
Cluster 1 Cluster 2
(Downward trend) (Rising trend)

(No clear pattern)

Ethyl valerate; myrcene; 3-octanone; p-cymene; ethyl
5-methylhexanoate; 3-methyl-1-hexanol; unknown
1; 1-hexanol; 1-heptanol; 2-propyl-1-pentanol;
decanal; ethyl pelargonate; ethyl 2-nonenoate;

propyl laurate; unknown 3; agidol; lauryl alcohol;
unknown 4; unknown 5; unknown 6

caprylic acid; capric acid

Ethyl acetate; isobutyl acetate; ethyl butyrate;
isobutanol; isoamyl acetate; isopentanol; ethyl caproate;
hexyl acetate; ethyl capronate; ethyl caprylate; acetic
acid; 1-octanol; 1-decanol; phenyl ethyl acetate;
myrcenol; carbitol; 2-methylcaproic acid; unknown 2; phenethyl alcohol; phenylethyl butyrate; nerolidol;

6-Methyl-2-heptanone; isoamyl butyrate; difurfuryl ether;
ethyl 3-hexenoate; heptyl acetate; nonanal; linalool
tetrahydride; octyl acetate; furfural; linalool; furfuryl acetate;
2-decanol; ethyl caproate; dimethyloctanol; citronellol
acetate; furfuryl alcohol; ethyl 9-decenoate; methyl
geranate; citronellol; ethyl phenylacetate; 3-damascenone;
caproic acid; geranyl acetone; ethyl hydrocinnamate;
pelargonic acid; vinylguaiacol; caproleic acid
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In summary, the chemometric analysis reveals that the chemical
composition of the beer presents a statistically meaningful deviation
from the reference scenario after a period of 7 months, although the de-
viation trend has its onset during the 6th month. The analysis per-
formed underlines some limitations of contribution plots methods and
an alternative procedure was put forward based on the analysis of
data in the original domain, which finally led to a consistent and inter-
pretable clustering structure of the volatile fraction.

As to future work, we will extend the use of the proposed methodol-
ogies to the analysis of ageing behavior in other economically relevant
beverages, namely the potential of using dynamic contribution plots
and the analysis in the original time domain. Furthermore, the following
interesting aspect may also be explored. In this work, we have not
adopted a sub-group statistical approach and therefore incorporated
some inter-sample variability in the normal condition model. However,
an alternative procedure, widely used in statistical process monitoring
that retains the classical consideration of inter-sample variation as a
faithful representation of process variation may also be considered.
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