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A nested analysis of variance combined with simultaneous component analysis, ASCA, was proposed to
model high-dimensional chromatographic data. The data were obtained from an experiment designed to
investigate the effect of production season, quality grade and post-production processing (steam
pasteurization) on the phenolic content of the infusion of the popular herbal tea, rooibos, at ‘cup-of-
tea’ strength. Specifically, a four-way analysis of variance where the experimental design involves nesting
in two of the three crossed factors was considered.

For the purpose of the study, batches of fermented rooibos plant material were sampled from each of
four quality grades during three production seasons (2009, 2010 and 2011) and a sub-sample of each
batch was steam-pasteurized. The phenolic content of each rooibos infusion was characterized by high
performance liquid chromatography (HPLC)-diode array detection (DAD). In contrast to previous studies,
the complete HPLC-DAD signals were used in the chemometric analysis in order to take into account the
entire phenolic profile.

All factors had a significant effect on the phenolic content of a ‘cup-of-tea’ strength rooibos infusion.
In particular, infusions prepared from the grade A (highest quality) samples contained a higher content of
almost all phenolic compounds than the lower quality plant material. The variations of the content of
isoorientin and orientin in the different quality grade infusions over production seasons are larger than
the variations in the content of aspalathin and quercetin-3-O-robinobioside. Ferulic acid can be used as
an indicator of the quality of rooibos tea as its content generally decreases with increasing tea quality.
Steam pasteurization decreased the content of the majority of phenolic compounds in a ‘cup-of-tea’
strength rooibos infusion.

& 2013 Elsevier B.V. All rights reserved.
1. Introduction

Typically, the analysis of food and beverages involves a quali-
tative or quantitative determination of specific chemical compo-
nents in order to explain changes that occur during processing and
loss of quality, amongst others. Recently, the analysis of herbal
chromatographic fingerprints and specifically a non-targeted
approach has been advocated and applied [1]. The main aims are
generally quality control of herbal products and elucidation of the
ll rights reserved.
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role of various factors on composition taking into account minor
and/or unidentified constituents.

The aim of this work was to evaluate the significance of the
effect of production season, quality grade and post-production
processing (steam pasteurization) on the phenolic content of the
infusion of the popular herbal tea, rooibos [2], prepared at ‘cup-of-
tea’ strength using chromatographic fingerprints. Several chemo-
metric methods that combine the statistical properties of analysis
of variance (ANOVA) and the advantages of a dimensionality
reduction technique like principal component analysis (PCA),
ANOVA–PCA or simultaneous component analysis (SCA), ASCA
for handling highly correlated multivariate data have been
described in the literature [3–6]. To date, all of these supervised
chemometric methods have mainly been used to analyze data
with fixed effects factors [7]. In this paper, we present a
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methodology based on the ASCA method which allows us to deal
with a high dimensional mixed-effects analysis of variance with
nesting. Furthermore, a permutation strategy for a test the effect of
each particular factor is also presented.

The phenolic composition of rooibos plays an important role in
its sensory (color, taste and astringency) and health-promoting
properties [8–11]. Joubert et al. [12] have studied the effect of
production season and quality grade on the content of 15 selected
phenolics of rooibos infusions, which were prepared from steam-
pasteurized fermented plant material and showed that the content
of some individual phenolic compounds significantly depends on
the production season and quality grade. Koch et al. [9] deter-
mined that steam pasteurization reduced the color and astrin-
gency of fermented rooibos infusions, yet no significant change in
the major phenolic compounds with the exception of aspalathin,
was observed, indicating that other compounds such as polymers
may be important. In the present study, a more comprehensive set
containing data from the same rooibos samples used in Joubert
et al. [12] and data from sub-samples that were not pasteurized
was analyzed using the methodology based on the ASCA approach
in order to consider all of the possible sources of variations related
to production season, quality grade and steam pasteurization.
Specifically, a four-way ANOVA where the experimental design
involves nesting in two of the three crossed factors is considered.
In contrast with the previous study, which focused on selected
compounds, the presented methodology allowed us to work with
data in which each sample was characterized by its complete
HPLC-DAD signal in order to take into account the entire phenolic
profile.
2. Experimental section

2.1. Design of experiments

Individual production batches of unrefined, fermented rooibos
plant material, originating from several locations (i.e. farms and
areas), were sampled during three production seasons (2009, 2010
and 2011) and classified into four quality grades, A, B, C and D. The
quality grading, based on sensory properties, was performed in-
house by a rooibos processing and marketing company in accor-
dance with their quality grading system as described by Koch et al.
[9]. Samples of 10 batches were then randomly selected from each
quality grade material in order to guarantee the representative-
ness of the samples. Samples were treated as described by Joubert
et al. [12]. In short, the samples were sieved to obtain the refined
plant material that is sold to the consumer, whereafter a portion of
the refined fraction 440 mesh and o10 mesh from each sample
was subjected to steam pasteurization following basically the
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Fig. 1. Scheme of the experimental design with four factors, e.g. production season, stea
are nested within the levels of the quality grade and production season factors. E
measurement.
same conditions as those used by the industry (steam exposure
796 1C for 2 min followed by drying to ca 10% moisture content).
Next, duplicate infusions filtered through Whatman no. 4 filter
paper (Whatman International, Ltd., Maidstone, U.K.) were pre-
pared from each sample (both the unpasteurized and pasteurized
material) at ‘cup-of-tea’ strength and aliquots of ca. 1.5 mL were
stored at −20 1C. Finally, the HPLC-DAD analysis of each infusion
was performed in duplicate.

The design of the experiment is presented schematically in
Fig. 1.

A total of 920 HPLC-DAD measurements were recorded for all
samples. Each ‘X’ in Fig. 1 represents one HPLC-DAD measurement
registered for one of the two injections from one of the two
infusions prepared for each pasteurized or unpasteurized sub-
sample. Specifically, 320 measurements were performed during
each of the first two production seasons (2009 and 2010). Only
5 sample batches of grade D rooibos plant material were collected
during 2011, and therefore, 40 measurements for those infusions
are missing (those marked with ‘o’ in Fig. 1). For the first two
seasons, 160 measurements were characteristic for pasteurized
plant material and 160 measurements were recorded for infusions
of unpasteurized plant material, while only 140 measurements
were performed for each of the two processing conditions for the
last production season. Considering two replicate measurements
for each rooibos infusion originating from each of the ten sample
batches and a definite quality grade (A, B, C or D), a total of 40
measurements were recorded for each type (unpasteurized or
pasteurized) of plant material per year, with the exception of grade
D samples in 2011 for which a total of 20 measurements per type
were recorded.

Such a design of the experiments allowed us to evaluate the
effects of three main factors–the production season, pasteurization
and quality grade–on the phenolic content of rooibos infusion.
Sample batches are nested within all of the combinations of the
levels of the quality grade and production season factors. Steam
pasteurization and quality grade are fixed factors, while the
production season and sample batches are considered to be
random factors.
2.2. HPLC-DAD methodology

HPLC analysis was carried out as described by Beelders et al. [13]
using an Agilent 1200 system (Agilent, Santa Clara, CA) equipped with
DAD (standard 13 μL flow cell and 10mm path length) to record the
UV spectra between 200 and 700 nm. Separation was performed at
37 1C on a 100�4.6 mm2, 1.8 μm Agilent Zorbax SB-C18 column
protected with an Acquity ultra-performance liquid chromatography
(UPLC) in-line filter (Waters, Milford, MA) and a 5.0 μm SB-C18 guard
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column (Agilent). The flow rate was 1.0 mL/min, and a multilinear
gradient was performed as follows: 10% B (0–2min), 10–14.8% B
(2–19min), 14.8−36.8% B (19–34min), 36.8–100% B (34–37min),
100% B isocratic (37–42min), 100−10% B (42–45min) and 10% B
(45–50min), with two solvents, 2% (m/v) acetic acid in water and
acetonitrile, respectively. The validation and optimization of the HPLC-
DAD method, the details of which are presented elsewhere [12],
showed that the values obtained for the relative standard deviation
(RSD) for intra- and inter-day precision, as well as sample stability
tests, were lower than 5%, which were deemed to be acceptable for
this study.
3. Theory

The general framework for the analysis of highly structured
multidimensional data consists of (i) selecting a model in accor-
dance with the provided design of the experiments for the
problem being studied, (ii) evaluating factor effects, collecting
these in respective factor matrices and significance testing of the
effects, and (iii) use of a dimensionality reduction technique to
interpret and visualize the information in the individual factor
matrices. This general scheme described by Smilde et al. [14] for a
high dimensional fixed-effects analysis of variance was generally
followed in this study for four-way analysis with nesting in two of
the three crossed factors.

3.1. Selection of a model in accordance with the provided design
of experiments

To simplify the description, let us assume a balanced experi-
mental design with four factors (Fig. 1) in which there are I (i¼1, 2,
…, I) independent rooibos tea samples, each of which is described
by a chromatogram with J (j¼1, 2, …, J) elution time measurement
points. The chromatogram for the i-th sample of the original data
organized as matrix X (I� J) is recorded at level k (k¼1, 2,…, K) of
the first factor (production season) with effect α, at level l (l¼1, 2,
…, L) of the second factor (quality grade) with effect β, at level n
(n¼1, 2, …, N) of the third factor (sample batches) with effect γ
and at level t (t¼1, 2, …, T) of the fourth factor (steam pasteuriza-
tion) with effect δ. The first, second and fourth factors are crossed
because every level in one of the factors occurs at every level of
the other two factors. The third factor of sample batches is nested
within all of the combinations of the levels of the ‘production
season’ and ‘quality grade’ factors, but crossed with the ‘steam
pasteurization’ factor. The first and third factors are random,
which implies that the interactions containing these factors are
also considered to be random. Thus, the linear four-way nested
analysis of variance (ANOVA) model for the j-th elution time
measurement recorded for the i-th rooibos tea sample at klnt
levels of the first, second, third and fourth factors, xikln t j of X, can
be written as follows:

xikln t j ¼ μj þ αkj þ βlj þ ðαβÞklj þ γnðklÞj þ δtj þ ðαδÞktj þ ðβδÞltj
þðαβδÞkltj þ ðγδÞnðklÞtj þ εikln t j ð1Þ

where μj is the mean value calculated for the j-th elution time
point and εikln t j is the error term. In this model, there are three
main one-factor effects, three simple two-factor interaction effects
and one simple three-factor interaction effect. These seven effects
are the most interesting in the study. The third factor that is nested
within the levels of the first and second factors additionally adds
one nested interaction effect to the model. Thus, in comparison
with the full four-way factorial model, the effects γnj; ðαγÞknj; ðβγÞln j

and ðαβγÞkln j are replaced by the nested main effect γnðklÞj and the
effects ðγδÞntj; ðβγδÞnltj; ðαγδÞkntj and ðαβγδÞknltj are replaced by the
nested interaction effect ðγδÞnðklÞtj. This means that the fifteen
effects in the factorial model are reduced to nine effects including
the nested sample batches effect.

The model described by Eq. (1) is not uniquely defined without
considering some constraints. In this study, we assumed an
unrestricted mixed model, which means that the sum of the
individual effects over the levels of a fixed factor are equal to
zero, while the sum of the mixed interaction effects over the levels
of the respective fixed effects are not equal to zero.

3.2. Evaluation of factor effects and significance testing

Next, the contributions to the variation of all I samples
described by J elution time points can be collected in the
respective effect matrices of dimensions I� J and this can be
presented as:

X¼Mþ Xα þ Xβ þ Xαβ þ Xγ þ Xδ þ Xαδ þ Xβδ þ Xαβδ þ Xγδ þ Xε

ð2Þ
The decomposition defined by Eq. (1) is applied to each elution

time point (column) of the original X data matrix. Hence each
matrix contains as many groups of identical mean vectors as the
levels of the respective factor. The mean matrix, M, comprises I
identical mean vectors, the elements of which are the respective
column means of X. After subtracting the corresponding column
means from each original element, e.g. after performing centering
(X−M), the elements corresponding to the first factor matrix can
be estimated as mean vectors of the K groups. This means that the
members of the k-th group in Xα are represented by the corre-
sponding row mean vector calculated on the centered matrix.
After deflation, the elements of the following effect matrix Xβ are
evaluated as mean vectors for L groups. Similarly, the elements of
all effect matrices are calculated. Finally, the individual sample
variation is collected in Xε matrix. The partition of the total
variation of original data is performed so that the column spaces
of all effect matrices are orthogonal. Therefore, the decomposition
of the sum of squares of X, SStotal, can be expressed as follows:

SStotal ¼ SSM þ SSα þ SSβ þ SSαβ þ SSγ þ SSδ þ SSαδ þ SSβδ
þSSαβδ þ SSγδ þ SSε ð3Þ

The key point of this methodology is the significance test of the
effect being investigated. A null hypothesis is defined for each
effect as for which there are no differences in the chromatograms
recorded for different conditions of a factor. Using the statistical
terminology, one tests the equality of several population means,
where the populations correspond to the groups defined by the
levels of a factor. When using the classic fixed-effects ANOVA
model [15], the null hypothesis is true when the ratio of the sum of
squares of a given factor with the respective degrees of freedom
(MS, mean squares) to error mean squares is smaller than the
critical value of the F distribution defined for a given level of
significance. An exact F-ratio denominator cannot be defined for
mixed models and designs with random effects. The F-ratios in
such cases are only approximately F distributed and in order to
construct an error mean square with the proper components of
variation, some mean square terms are added or subtracted. The
reason is that when there are random factors, there is no single
source of variation to be defined in the denominator, but there are
confounded sources of variation contributing to the variation of a
specific combination of factor levels. These complex F-ratios are
usually referred to as quasi-F-ratios in the literature [16]. In
general, to construct a proper test for any effect and interaction,
the lowest order interaction effect that contains all of the factors in
that effect should be considered as an error variance in the
denominator, while the nominator contains the mean squares for
the effect being tested. Accordingly, the degrees of freedom for the
denominator, dfdenominator, should be adjusted to these additions
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and subtractions of m mean squares [17] as follows:

df denominator ¼
ðMS17 :::7MSmÞ2

ðMS21=df 1Þ þ :::þ ðMS2m=df mÞ
ð4Þ

Considering analysis with classic ANOVA, one assumes that the
errors are normally distributed. This assumption is often not
fulfilled for real multivariate chemical data as the one presented
in this study. Therefore, the use of permutation tests for signifi-
cance testing of the effect terms is highly valued. Even though
normality of the errors is not a required assumption when using a
permutation test, the assumption that errors are identically and
independently distributed (i.i.d.) is still valid. Reviewing the
literature, a few works investigating the relevant strategies for
an approximate permutation testing of individual factor effects in
multiple linear regressions have been published [18–21]. The
results presented therein suggested that permutation of the
residuals under the reduced model is the best strategy to be used
in comparison with the permutation tests of the full-model
residuals and unrestricted permutations of raw data [21]. In our
study, a permutation test of the residuals under the reduced model
was used for each term of the ANOVA model defined by Eq. (1).
The terms of the ANOVA model that should be removed by
subtracting the respective group means when testing a particular
factor effect are presented in Table 1.

The null hypothesis for the tested effect is accepted when the
sum of the squares for the experimental data is smaller than the
sum of the squares for the permuted data for most of the cases,
indicating that there are no significant differences among group
means. The level of significance (P-value) is determined as the
number of permutations in which the sum of squares is larger than
the true experimental value of the sum of squares.

3.3. Interpretation and visualization of information in the individual
effect matrices using a dimensionality reduction technique

After the significance testing, analysis of each effect matrix (Eq.
(2)) of a significant factor is required in order to interpret and
visualize the relationship between the groups associated with the
effect and chemical information obtained from chromatographic
analysis. As mentioned earlier, each effect matrix is of dimensions
I� J, and contains as many groups of identical row vectors as the
levels defined by the factor studied. To observe the distribution of
samples and to interpret their relation to variables (elution times),
a dimensionality reduction technique like principal component
analysis, PCA [22], or simultaneous component analysis, SCA [23],
can be employed. Under orthogonality constraints, the results of
Table 1
Four-way ANOVA where the experimental design involves nesting in two of the
three crossed factors.

Effect in the ANOVA
model to be tested

Type of
the effect

Permutation test on reduced model

Terms of the model that should be removed
by subtraction of group means

α Random β, δ, βδ
β Fixed α, δ, αδ
αβ Random α, β, δ, βδ
γ Random α, β, αβ, δ, αδ, βδ, αβδ, δγ
δ Fixed α, β, αβ, γ
αδ Random α, β, αβ, γ, δ, βδ
βδ Fixed α, β, αβ, γ, δ, αδ
αβδ Random α, β, αβ, γ, δ, αδ, βδ, δγ
γδ Random α, β, αβ, γ, δ, αδ, βδ, αβδ
PCA and SCA are the same. Both methods decompose an effect
matrix into two matrices, a scores matrix T (I� f) associated with
the projections of samples in the space spanned by f orthogonal
vectors called principal components, PCs, and a loadings matrix P
(J� f) associated with the projections of variables onto f PCs. These
principal components are obtained by maximizing the variance of
the projected data. For example, the bi-linear model for the effect
matrix, Xα, of the first factor (production season) can be written as
follows:

Xα ¼ TαPT
α þ Eα ð5Þ

In this sub-model Eα is the error term associated with this
factor. Even though Tα is of dimensions I� f, it contains K groups of
identical projections for K production seasons. The rank of Xα

matrix is equal to the number of levels of the first factor minus 1,
K−1, indicating the number of PCs in this model. Bi-linear models
for the effect matrices of the other significant factors can be
constructed in the same manner and the projections of group
samples and variables are displayed on the so-called score and
loading plots.
4. Results and discussion

The first step undertaken before the analysis of the chromato-
graphic data was the preprocessing of all 920 HPLC-DAD signals.
The intensity of the 2D signal for each sample recorded at 102
wavelengths (from 298 to 500 nm) and 12,000 elution time
measurement points (from 1.70 min to 40.00 min) was considered.
An example of a HPLC-DAD signal is presented in Fig. 2a.

A single mean chromatogram for each sample was then con-
structed by averaging the intensities across the wavelengths as
shown in Fig. 2b. Thus, each sample of the whole data set of 920
was described by a mean chromatogram with 12,000 elution time
points. From Fig. 2c which displays all 920 mean chromatograms,
it is evident that the peaks are shifted along the elution time axis.
Therefore, a peak shift correction was required. The Automated
Alignment (AA) algorithm as described in [24] and Correlation
Optimized Warping (COW) [25] were adopted for this purpose.
The main idea in both algorithms is to warp all signals by
maximizing the correlation coefficient between a selected target
mean chromatogram and each of the remaining mean chromato-
graphic profiles. First, the target mean chromatogram was found
among all mean chromatograms as the one having the largest
mean value of the correlation coefficient with all of the studied
mean chromatograms [26]. Then the remaining signals were
warped using the AA algorithm optimizing the number of spline
basis functions in the range of 10–20. Even though most of the
signals were warped well with the AA algorithm, some of the
signals required further warping. COW warps two signals by
piecewise linear stretching and compression. Using COW, the
number of segments (or the section length of a signal), N, and
the slack parameter, s, should be optimized. The positions of the
end points of each section are in the range of −s and +s for a given
s value. Next, the asymmetric penalized least squares algorithm
described by Eilers [27] was applied for background estimation
and elimination. The first derivatives of signals were used to trace
signal smoothness and the λ parameter was set to 10,000.

In order to avoid an analysis of unbalanced data, the missing 40
mean chromatographic signals for five sample batches of grade D
collected in 2011 were estimated using the mean chromatograms
of the respective replicate measurements from the five sample
batches and assuming the same level of noise (uncertainty
estimation). The elution time points between 1.70 and 5.00 min
were removed from the warped mean chromatograms. Within this
time range the elution of ascorbic acid, added to all samples to
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Fig. 2. Data representations (a) A HPLC-DAD signal for one sample, (b) mean chromatogram in which the mean absorbance is obtained by averaging the absorbance over the
wavelengths, (c) a total of 920 unaligned mean chromatograms and (d) all 960 mean chromatograms (elution time from 5.00 to 40.00 min.) after warping and baseline
correction.
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prevent phenolic compound degradation during the time in the
HPLC autosampler, is observed and thus, this range was considered
as containing unimportant information for this study. The final
data set is of the dimensions 960�10,967 (Fig. 2d).

As described earlier, the experiments were designed in order to
evaluate the effects of production season (K¼3), quality grade
(L¼4) and steam pasteurization (T¼2) on the phenolic content of
rooibos infusion at ‘cup-of-tea’ strength. The third factor, e.g.
sample batches, is nested within the levels of the production
seasons and quality grades. A total of seven effects, e.g. the effects
of the three main factors and their interactions are the most
interesting. Therefore, firstly the permutation test on the residuals
under the reduced model was performed to check the statistical
significance of the effects for those factors. The group means that
should be subtracted from the centered experimental data are
presented in Table 1.

For example, to test the effect of production season, the effect
matrices for β, δ, βδ were subtracted from the centered data and
the reduced data were used to estimate the true sum of squares.
The true sum of squares was then compared with the distribution
of the sums of squares obtained from the reduced data with a
permuted order of objects. The null hypothesis, defined as that for
which there is no effect of the factor being studied, is true when
the sum of squares for the original data is smaller than the sum of
squares for the permuted reduced data for most of the cases. In
other words, there are no significant differences in the original
group means associated with the particular factor in comparison
with the group means calculated after the random assignment of
objects to these groups. The histograms constructed for 10,000
permutations for the effects of all factors and their interactions
(Eq. (1)) are shown in Fig. 3. The sum of squares for the true
reduced data is displayed as a vertical line in each of the plots.

The null hypotheses for these are defined as those for which
there are no significant effects of the factors and their interactions.
The true sums of squares for all factors tested are much larger than
the sums of squares for the permuted data. The P-values are 1/
10,000 (Table 2) and hence, the null hypotheses can be rejected
indicating significant effects.

In other words, the content of phenolic compounds related to
the antioxidant properties of rooibos tea significantly depends on
the production season, the use of steam pasteurization during the
production process, the quality and homogeneity of the plant
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Fig. 3. Histograms constructed for 10,000 permutations for (a) ‘production season’ effect, α, (b) quality grade’ effect β, (c) ‘production season�quality grade’ effect, αβ, (d)
‘sample batches within production season and quality grade’ effect, γ, (e) ‘steam pasteurization’ effect, δ, (f) ‘production season� steam pasteurization’ effect, αδ, (g) ‘quality
grade� steam pasteurization’ effect, βδ, (h) ‘production season�quality grade� steam pasteurization’ effect, αβδ and (i) ‘sample batches within production season and
quality grade� steam pasteurization’ effect, γδ.

Table 2
Results of the four-way mixed model ANOVA. P-values were obtained from
permutation tests.

Source of
variation

Degrees of freedom
for the effect

Sum of
Squares x104

Percentage of
variance [%]

P-Value

α 2 101 6.07 o0.001
β 3 251 15.09 o0.001
αβ 6 121 7.28 o0.001
γ 108 803 48.29 o0.001
δ 1 26.6 1.60 o0.001
αδ 2 27.3 1.64 o0.001
βδ 3 10.6 0.64 o0.001
αβδ 6 27.5 1.65 o0.001
γδ 108 179 10.76 o0.001
ε 720 116 6.98

Total
corrected

959 1663.0
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material of a certain quality that is collected from individual
farmers as well as on the effects of some combinations of those
factors.

The percentages of variance for each factor estimated with
respect to the corrected total sum of squares are listed in Table 2.
The corrected total sum of squares is calculated using the centered
data matrix. Since a balanced design of experiments was consid-
ered, the sum of individual parts of variation in percentages is
equal to 100. From the values presented in Table 2, the larger
percentage of variation among the individual factors is related to
the tea quality factor (β, 15.09%) followed by the production season
(α, 6.07%). The ‘steam pasteurization’ factor, δ, contributes much less
(1.60%) to the total percentage of variance. The nested factor, γ, which
is related to the homogeneity of the plant material from each quality
grade and each production season, has a variance of 48.29%. Variation
of 10.76%, is associated with the random effect of the two-factor
interaction between the sample batches within grades and
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production seasons, and steam pasteurization (γδ). This is not a
surprising observation since the content of the plant material may
change from year to year depending on the climate conditions.
Furthermore, the plant material was not collected from the same
plantations year after year and therefore, the natural variation among
plantations as a result of the use of seedlings is large.
The differences in the content of the different groups of tea
samples can be further investigated by constructing individual
component models for each effect matrix in Eq. (2). To simplify the
description, only the sub-models for the main effects and the
interaction effect that explain the largest part of the total variation
will be presented here. Even though the ‘steam pasteurization’



Table 3
Important phenolic compounds identified. Peak numbers are in retention
time order.

Peak
number

Name of the compound

1 Luteolin-6,8-di-C-glucoside
2 (S)-eriodictyol-6-C-glucoside
3 Carlinoside, isocarlinoside, neocarlinoside or isocarlinoside

isomer
4 Vicenin-2
5 (R)-eriodictyol-6-C-glucoside
6 Phenylpyruvic acid-2-O-glucoside (PPAG)
7 Isoorentin
8 Orientin
9 Aspalathin

10 Ferulic acid
11 Aspalalinin
12 Quercetin-3-O-robinobioside
13 Vitexin
14 Hyperoside
15 Rutin
16 Isovitexin
17 Isoquercitrin
18 Nothofagin
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factor explains only 1.60% of the total percentage of variance, it
will be considered in the interpretation. The reason is that only
pasteurized tea is sold commercially and it is of a great interest to
see what causes differences, if any, in the phenolic content of
infusions from samples with and without pasteurization.

The score and loading plots for the simple first factor effect
explaining 6.07% of the total model variance are shown in
Fig. 4a and b.

The number of components of this model is two because the
number of degrees of freedom for the effect is two (Table 2).
Similar to PCA, the results are interpreted combining information
from both the score and loading plots. The phenolic compounds
identified using data presented by Beelders et al. [13] are listed in
Table 3.

Knowing retention times for the important phenolic com-
pounds, and looking at the relative mean absorbance (loading
values) for the first and second component (Fig. 4b), it can be
pointed out that the infusions of samples collected in 2011 have
relatively higher contents of orientin, isoorientin and isovitexin as
well as somewhat lower contents of quercetin-3-O-robinobioside
in comparison with the samples from the other two production
seasons. The polymeric phenolic compounds, eluting as an unde-
fined “hump” between 22 and 35 min elution time, were also less
in samples from the 2011 production season. The rooibos tea
infusions from the other two production seasons (2009 and 2010)
can also be distinguished along Component 2 with respect to their
content of isoorientin, orientin and quercetin-3-O-robinobioside.
Higher contents of these phenolic compounds are characteristic
for the infusions of samples collected in 2009 compared to 2010. A
previous study, investigating only infusions of pasteurized fer-
mented rooibos noted higher levels of isoorientin, isovitexin and
PPAG with lower levels of nothofagin and rutin for 2011 samples
compared to the other production seasons [12].

The effect of quality grade is associated with 15.09% of the total
model variance, while the first two factors of the SCA explain
99.48% of the sub-model variance. In agreement with the previous
observations [12] that the greater quality of the plant material is
associated with the higher phenolic content, we came to a similar
conclusion analyzing the score and loading plots are presented in
Fig. 4c and d. The first component contrasts the content of almost
all phenolic compounds with positive relative mean absorbances
((S)-eriodictyol-6-C-glucoside, (R)-eriodictyol-6-C-glucoside, orientin,
isoorientin, aspalathin, quercetin-3-O-robinobioside, hyperoside, rutin,
isovitexin, isoquercitrin and undefined polymeric phenolic com-
pounds) with the content of vicenin-2, and ferulic acid with negative
relative mean absorbances. The second component is associated
mainly with the content of (R)-eriodictyol-6-C-glucoside, (S)-eriodic-
tyol-6-C-glucoside, orientin, isoorientin, and aspalathin (negative
relative mean absorbance) as well as vicenin-2 quercetin-3-O-robino-
bioside, hyperoside and isoquercitrin (positive relative absorbances).
The infusion of the highest quality rooibos (grade A) has a high
content of almost all phenolic compounds, including polymeric
phenolic compounds and the potent antioxidant aspalathin, but has
a somewhat lower content of ferulic acid in comparison with the
lower quality rooibos tea material B, C and D. The infusion of grade D
rooibos is also much lower in orientin, isoorientin and aspalathin in
comparison with the grade C rooibos. The higher ferulic acid content
of the lower quality grade material could potentially be explained in
terms of the release of ferulic acid from lignocellulosic structures
during over-fermentation, although both over- and under-
fermentation could be a reason for a sample obtaining of a low quality
grading. In addition, the ferulic acid content present in the plant
material prior to fermentation will also play a role.

One principal component from PCA is enough (explaining 100%
of the sub-model variation) to explain the differences in the
phenolic compositions of infusions of pasteurized and unpasteur-
ized samples. Fig. 4e and f present the score and loading plots
obtained for this sub-model. This principal component is asso-
ciated with the content of (S)-eriodictyol-6-C-glucoside, isoorien-
tin, orientin, aspalathin, aspalalinin, quercetin-3-O-robinobioside,
isovitexin and polymeric phenolic compounds (negative relative
mean absorbance). Compared to the infusion of pasteurized plant
material, a ‘cup-of-tea’ infusion from the unpasteurized material
has a higher content of these phenolic compounds. This indicates
that post-fermentation steam pasteurization causes a decrease in
the amount of phenolic compounds extracted from the tea leaves
during the infusion preparation. Previously, similar results were
shown by Koch et al. [9] and Beelders [28].

The following sub-model was constructed for the interaction
effect between production seasons and quality grades explaining
7.28% of the total model variance. The rank of this sub-matrix is six
(Table 2) indicating the maximum number of components.
The first two components explain 95.06% of the sub-model
variation. The score and the respective loading plots are presented
in Fig. 5.

Each of the two score sub-plots (Fig. 5a) shows the changes in
phenolic composition of the tea depending on the quality grade
over the different production seasons. The first component can be
associated mainly with the content of isoorientin and orientin,
while the second component is mainly related to aspalathin and
quercetin-3-O-robinobioside. Compared to the grade A infusions
obtained from the plantmaterial of production seasons of 2009 and
2011, the grade A infusions of 2010 are richer in isoorientin and
orientin. The content of these two compounds increases in the
infusions of grade B and C in the last two years (2010 and 2011) and
even a higher content than for the grade A infusions are observed in
2011. The content of isoorientin and orientin decreases in the
infusions of grade D rooibos over the years and the lowest content
is observed in 2011. The variation of aspalathin and quercetin-3-O-
robinobioside content (along Component 2) in the different grade
infusions over the production seasons is much smaller in compar-
ison to the variations along component 1. Compared to the grade B
infusions of 2009 and 2011, a larger content of aspalathin and
quercetin-3-O-robinobioside is found in 2010.

Finally, the score and loading plots for the error matrix (Xε)
were inspected and no particular residual structure was observed
in the space spanned by the first two components.
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5. Conclusions

In this paper, a mixed-effect model of ASCA that enables the
modeling and interpreting of high-dimensional data obtained
from a design in which one factor is nested within two of the
three crossed factors was presented. A scheme for the permutation
testing of each term in the analysis of variance model was
also shown.

Using the nested ASCA model, we came to the conclusion that
production season, steam pasteurization and the quality grade all
have a significant influence on the phenolic content of a rooibos
infusion at ‘cup-of-tea’ strength. By analyzing the individual sub-
models for different effect factors and the respective loadings, the
interpretation of the effects based on individual phenolic com-
pounds that were identified was possible. A major advantage of
analyzing the entire phenolic profile, instead of quantified indivi-
dual phenolic compounds, is that individual phenolic compounds
that could not be quantified and/or identified are included in the
data analysis. The effect of these factors on the polymeric phenolic
content, represented by an undefined “hump” at the end of the
chromatogram, could also be determined. Specifically, the infu-
sions from the grade A samples have the highest content of most
phenolic compounds in comparison with the infusions from lower
quality plant material. The variations in the content of isoorientin
and orientin in the different quality grade infusions over produc-
tion seasons are larger than the variations in the content of
aspalathin and quercetin-3-O-robinobioside. It seems that ferulic
acid may be used as an indicator of rooibos tea quality as infusions
from lower quality tea material are associated with a higher ferulic
acid content. Another important finding is that a ‘cup-of-tea’
strength rooibos infusion from pasteurized plant material has a
lower content of phenolic compounds, including polymeric phe-
nolic compounds.
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