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We report an application of data fusion for chemometric classification of 135 canned samples of Chinese
lager beers by manufacturer based on the combination of fluorescence, UV and visible spectroscopies.
Right-angle synchronous fluorescence spectra (SFS) at three wavelength difference Dk = 30, 60 and
80 nm and visible spectra in the range 380–700 nm of undiluted beers were recorded. UV spectra in
the range 240–400 nm of diluted beers were measured. A classification model was built using principal
component analysis (PCA) and linear discriminant analysis (LDA). LDA with cross-validation showed that
the data fusion could achieve 78.5–86.7% correct classification (sensitivity), while those rates using
individual spectroscopies ranged from 42.2% to 70.4%. The results demonstrated that the fluorescence,
UV and visible spectroscopies complemented each other, yielding higher synergic effect.

� 2015 Elsevier Ltd. All rights reserved.
1. Introduction

Beer is the most widely and largest consumed alcoholic bever-
age in the world, and the third most popular drink overall, ranking
after water and tea (Nelson, 2008). It is produced by the brewing
and fermentation of starches, mainly derived from malted barley,
while certain adjunct crops such as wheat, maize and rice maybe
used. Beer is flavored with hops, which contribute bitterness and
act as a natural preservative. China owns the largest beer produc-
tion and consumption in the world (Li, Xu, Schwarz, & Gu, 2007).
The most popular type of beer in China is American style lagers.
Numbers of manufacturers produce tens of brands of lager beers
with varied price and quality in Chinese market, however, little
effort has been spent on the authentication of Chinese beers, espe-
cially the differentiation of manufacturers (Li et al., 2007).

The classification of beers, according to different types, brands
and factories has aroused continuous interest, based on the
determination of characteristic compounds in beers by various
analytical instruments (Alcázar, Jurado, Palacios-Morillo, de
Pablos, & Martín, 2012; Cajka, Riddellova, Tomaniova, & Hajslova,
2010; da Silva, Augusto, & Poppi, 2008; Li et al., 2007; Mahmood,
Petraco, & He, 2012; Siebert, 2005; Siebert & Stenroos, 1989), or
the utilization of electronic tongues (Cetó, Gutiérrez-Capitán,
Calvo, & del Valle, 2013; Ghasemi-Varnamkhasti et al., 2012;
Gutiérrez et al., 2013) and sensor arrays (Zhang, Bailey, & Suslick,
2006). Recently, there was a notable growth for various spectro-
scopies including near-infrared (NIR) (Biancolillo, Bucci, Magrì,
Magrì, & Marini, 2014; Di Egidio, Oliveri, Woodcock, & Downey,
2011; Li et al., 2009), mid-infrared (MIR) (Biancolillo et al., 2014;
Engel, Blanchet, Buydens, & Downey, 2012; Vera et al., 2011),
and UV–visible (Biancolillo et al., 2014; Vera et al., 2011;
Weeranantanaphan & Downey, 2010) in beers authentication
application.

To discriminate a unique target from other types of beers,
for example, a Trappist beer from non-Trappist beers, an individual
spectroscopy may be competent (Engel et al., 2012;
Weeranantanaphan & Downey, 2010). However, regarding to a
group of highly similar beers of a same type, a single spectroscopy
solely may not be sufficient. In such circumstance, data fusion of
different techniques with improved classification ability as com-
pared with the use of individual techniques provides an alternative
solution (Gutiérrez et al., 2013; Vera et al., 2011). A recent excel-
lent example was the differentiation of a high quality Italian craft
beer (Reale) from other beers based on the data fusion of
thermogravimetry, NIR, MIR, UV and visible spectroscopies
(Biancolillo et al., 2014). Fluorescence (Karoui & Blecker, 2011;
Poryvkina, Tsvetkova, & Sobolev, 2014; Sergiel, Pohl, Biesaga, &

http://crossmark.crossref.org/dialog/?doi=10.1016/j.foodchem.2015.03.085&domain=pdf
http://dx.doi.org/10.1016/j.foodchem.2015.03.085
mailto:ztjiang@tjcu.edu.cn
mailto:ztjiang@yahoo.com
http://dx.doi.org/10.1016/j.foodchem.2015.03.085
http://www.sciencedirect.com/science/journal/03088146
http://www.elsevier.com/locate/foodchem


Table 1
Detailed information of the investigated Chinese lager beers.

Manufacturer Sample
codea

Draft
styleb

Original
gravity (�P)c

% ABV (alcohol by
volume)c

A A1 No 10.0 3.6
A2 No 9.0 3.3
A3 No 9.1 3.6
A4 No 9.7 3.6
A5 Yes 8.0 3.1

B B1 Yes 8.0 2.5
B2 No 11.0 3.7
B3 No 12.0 4.1
B4 No 8.0 2.5
B5 No 9.0 3.3
B6 No 10.0 3.3
B7 No 10.0 3.3

C C1 No 11.0 4.3
C2 No 10.0 4.0

D D1 No 11.0 4.3
D2 No 10.0 3.6

E E1 No 11.0 4.3
E2 No 11.0 4.3

F F1 No 11.1 4.3
F2 No 10.3 4.0

G G No 11.5 4.5
H H No 8.0 2.5
I I Yes 10.0 3.6
J J1 No 10.0 3.3

J2 Yes 10.5 3.7
K K1 Yes 10.0 3.6

K2 No 10.0 3.6
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Mironczyk, 2014; Sikorska, Górecki, Khmelinskii, Sikorski, & De
Keukeleire, 2006; Sikorska, Górecki, Khmelinskii, Sikorski, &
Kozioł, 2005; Sádecká & Tóthová, 2007; Sádecká, Tóthová, &
Májek, 2009) and UV–visible (Acevedo, Jiménez, Maldonado,
Domínguez, & Narváez, 2007; Azcarate, Cantarelli, Pellerano,
Marchevsky, & Camiña, 2013; Di Anibal, Rodriguez, & Albertengo,
2014; Di Anibal et al., 2012; Souto et al., 2010) spectroscopies have
shown their great capability and convenience in classification of
diverse foods and beverages. Fluorescence spectroscopy is of high
sensitivity and selectivity, however, only a small portion of com-
pounds exhibit fluorescence. Correspondingly, though UV–visible
spectroscopy is limited to its relative low sensitivity and spectra
overlap, many organic compounds can absorb UV or visible light.
Thus, they are complementary to each other on certain occasions,
for example, when used as detectors for liquid chromatography.
The data fusion of fluorescence and UV–visible spectroscopies is
anticipated to be effective. However, there is little attention paid
to such kind of data fusion for food authentication.

Herein, we report the chemometric classification of Chinese
lager beers according to manufacturer based on the data fusion of
fluorescence, UV and visible spectroscopies. The objective of this
study is not only to establish a model to differentiate Chinese beer
manufacturers, but also to utilize the synergy between different
spectroscopies, to show that fluorescence, UV and visible spectro-
scopies provide complementary information, and to reveal the
extent the data fusion can improve the discrimination performance.
a Codes ‘‘A–K’’ refer to the beer manufacturers. Subscript values ‘‘1, 2, . . .’’ indi-
cate the different brands of the same manufacturer and are randomly distributed to
each brand. Samples from different manufacturers with the same subscript value
have no connection with each other.

b Means unpasteurized.
c Indicated on the labels of the beer cans.
2. Materials and methods

2.1. Beer samples

A total of 135 canned (330 mL) samples of 27 beer brands (each
represented by five cans) from eleven Chinese manufacturers were
purchased in three different local supermarkets. Three cans of each
brand were bought in Jun 2014 (all the production dates on the
cans were prior to Jun 2014) and the other two in Nov 2014 (the
production dates were between Jun and Oct 2014). Thus the five
cans of each brand are believed to be able to represent the natural
variability of beer products to some degree. As all the samples are
America style lagers, their colors are pale yellow with tiny differ-
ence between them which is hard to discern by naked-eye. The %
ABV (alcohol by volume) and original gravity (�P) of these samples
ranges in 2.5–4.3% and 8.0–12.0 �P, respectively, as shown on the
labels of the beer cans. The detailed sample information is listed
in Table 1. Eleven manufacturers are identified by letters from A
to K. All the beers were analyzed after collection immediately.
Prior to spectroscopy measurement, beers were ultrasonicated
for 15 min to eliminate the interference from dissolved carbon
dioxide and then filtrated via 0.45 lm membrane filters to circum-
vent the influence of bacteria and large insoluble particles as much
as possible.
2.2. Fluorescence spectroscopy

Fluorescence spectra were obtained with a 970CRT spectrofluo-
rometer (INESA, China) with a 150 W xenon lamp source for excita-
tion. The slit widths for excitation and emission were both 5 nm.
The acquisition interval and the integration time were set at
1 nm and 0.1 s, respectively. The right-angle geometry was used
for the spectra acquisition with a 1 cm fused-quartz cuvette. All
the fluorescent spectra were measured on undiluted beer samples
except for additional statement. Excitation–emission matrices
(EEMs) were obtained by recording the emission spectra in the
range from 290 to 700 nm, excited from 250 to 550 nm with
10 nm intervals. For synchronous fluorescence spectra (SFS), the
excitation and emission in the 300–600 nm range with a wave-
length interval of 1 nm were scanned simultaneously with a con-
stant wavelength difference Dk between them. Spectra were
recorded at the Dk values of 30, 60 and 80 nm for each sample.
Fluorescence intensities were plotted as a function of the excita-
tion wavelength. No pretreatment was applied to the fluorescence
spectra prior to statistical analysis other than auto-scaling of fluo-
rescence intensities at each excited wavelength separately toward
all the samples. Auto-scaling was executed to give variables with
zero means and unit standard deviation, that is, each entry was
subtracted by column means, and then divided by column stan-
dard deviations.
2.3. UV–visible spectroscopy

UV–visible spectra were recorded on a U-3900 spectrophotome-
ter (Hitachi, Japan). The scan speed and slit width were
240 nm min�1 and 2 nm, respectively. Due to the different molar
extinction coefficients of beers in UV and visible spectra, UV signals
in the range 240–400 nm were acquired after diluting each beer
sample with ultrapure water by 1:25 (v/v), while visible spectra
in the range 380–700 nm were collected directly on undiluted beer
samples. UV and visible spectra were pretreated with first-deriva-
tive to correct for baseline shifts. The first-derivative of the spectra
was taken using the Savitzky and Golay (1964) method with sec-
ond-order smoothing polynomials through seven smoothing
points.
2.4. Statistical analysis

Principal component analysis (PCA) was initially employed for
exploratory spectral analysis, and subsequently, Fisher-linear
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discriminant analysis (Fisher-LDA, Belhumeur, Hespanha, &
Kriegman, 1996) was used to derive a classification rule according
to manufacturer based on PCs scores (Berrueta, Alonso-Salces, &
Héberger, 2007). In low-level data fusion, all the data of SF, UV
and visible spectroscopies were grouped into a new matrix, and
then PCA and LDA were executed sequentially (Vera et al., 2011).
In mid-level data fusion, PCA was firstly carried out toward SF,
UV and visible spectra separately, and then LDA was run on the
combination of the scores of the yielded PCs (Vera et al., 2011).
In all the analysis, PCs with eigenvalues higher than one explaining
more variance than average were considered to be significant and
were used as variables for LDA. It is one of the criteria that have
been used to select significant PCs (Berrueta et al., 2007; Cajka
et al., 2010; Li et al., 2007; Siebert, 2005). All the statistical analysis
was performed using IBM SPSS, version 19.0 (IBM, USA).
2.5. Method validation

The PCA–LDA classification model was validated by cross-val-
idation with five cross-validation groups (k = 5). All the samples
were randomly split into five subsets of approximately the same
size, where a given subset was left out to be used as an evaluation
set while the remaining four subsets were used to yield the classi-
fication rule. The process was repeated for five times until each
group was left out once.
3. Results and discussion

3.1. Fluorescence spectroscopy

In application of fluorescence spectroscopy in food analysis,
EEMs and SFS are often depicted (Guilbault, 1999; Poryvkina
et al., 2014; Sergiel et al., 2014; Sikorska, Górecki, Khmelinskii,
Sikorski, & De Keukeleire, 2004; Sikorska, Górecki, et al., 2006;
Sikorska et al., 2005; Sádecká & Tóthová, 2007; Sádecká et al.,
2009). They contain more useful information about the fluorescent
species than conventional excitation and emission spectra.
Regarding to the fluorescence of beers, it was reported that right-
angle geometry for diluted beer samples and front-face geometry
for bulk beer samples enabled the observation of an intense
short-wavelength fluorescence in diluted samples and a weak
emission at longer-wavelength in bulk samples (Sikorska,
Górecki, et al., 2006).

In the present study, the right-angle geometry for both the bulk
and diluted (3% v/v, beer:water) beer samples were measured. The
right-angle fluorescence of the undiluted samples did not show
significantly decreased and distorted fluorescence spectra which
may be possibly encountered when applying right-angle fluores-
cence to concentrated solutions (Karoui & Blecker, 2011). Thus,
to maintain the original organization of the sample matrix and
enable the obtained results to be extrapolated to the native bulk
samples, the right-angle geometry of undiluted beer samples was
recorded. The tested samples showed similar shape of fluorescence
spectra. As illustrated in Fig. 1a, an intense emission band with
excitation at 370 nm and emission at 440 nm, and a less intense
emission band with excitation at 450 nm and emission at 520 nm
are observed, which can be ascribed to iso-a-acids, phenolic com-
pounds and vitamin B group (Christensen, Ladefoged, & Norgaard,
2005; Sikorska, Górecki, et al., 2006; Sikorska et al., 2008). The less
intense emission band with maximal excitation at 450 nm and
emission in the range 500–600 nm was reported to be attributed
to riboflavin (vitamin B2) (Sikorska, Gliszczyńska-Świgło, et al.,
2008).

The fluorescence of diluted beers (3% v/v, beer:water) showed
similar but less intense fluorescence. Surprisingly, the
characteristic band belonging to aromatic amino acids (Sikorska,
Górecki, et al., 2006), which could not be observed in the bulk beer,
was also not found in the diluted beers. This may be caused by the
fact that the beers were not diluted enough, or the likely lack of
aromatic amino acids in the studied Chinese lager beers. As it
has already been able to offer useful information, the right-angle
geometry of undiluted beers was directly recorded and the further
dilution was not performed. The benefits of doing this are the easy
sample preparation without dilution and avoidance of additional
device for front-face geometry which has not been widely
equipped in many laboratories.

Although containing less information than EEMs, SFS is simpler
and faster to collect, and has been widely employed in classifica-
tion of various foods and beverages. It has been shown that the
SFS of beers obtained at Dk = 30 and 60 nm reflect the major fluo-
rophores in beers and hence yield stronger fluorescence intensities
(Sikorska, Gliszczyńska-Świgło, et al., 2008). As can be seen from
Fig. 1b, for SFS at Dk = 30 nm, three overlapping bands with max-
ima at 395, 420 and 475 nm are observed. The fluorescence max-
ima shifts to shorter wavelengths with increasing Dk, and the
SFS at Dk = 60 and 80 nm show higher intensity, which is related
to the Stokes shift for vitamin B group (3500 cm�1 for riboflavin)
(Sikorska, Górecki, et al., 2006). For Dk = 60 nm, an obvious band
broadening results in only two bands with maxima at 393 and
466 nm, and along with the further increase of the Dk to 80 nm,
only one band at 393 nm is observed and the peak at 466 nm
changes to a shoulder peak.

PCA was firstly applied to the SFS of the beers (Figs. 2, S1 and
S2). As can be seen from Fig. 2b, the beers from different manufac-
turers are totally intermingled with each other. Replicate samples
of the same brand are grouped in cluster, some of which are over-
lapped and others not, indicating the batch-to-batch variation.
Although the SFS at different Dk reflect various fluorescent species
in beers to differed degrees, the PCA plots of Dk = 30, 60 and 80 nm
show similar location patterns for all the samples. The selection of
Dk here does not affect the PCA results significantly.

The PCA loading plot expresses the extent to which the gener-
ated PCs correlate with the original variables. As shown in
Fig. 2c, the most relevant variables to the first PC are the fluores-
cence intensities at excitation from 400 to 500 nm, which is in
agreement with the excitation of riboflavin (Sikorska, Górecki,
et al., 2006), while those to the second PC are the fluorescence
intensities from 320 to 380 nm, which is closely to the excitation
of iso-a-acids (Christensen et al., 2005). Thus it could be presum-
ably concluded that the differentiation of the beers by the PCA
derived from the SFS relies on the disparity of the contents of ribo-
flavin and iso-a-acids in different beer samples, while the former
plays a more dominant role than the latter. Such diversity of these
organic compounds in beers may stem from different raw materi-
als such as yeasts and hops and processing technology employed
by different manufacturers.

In all the three PCA score plots derived from the SFS, it is note-
worthy that the draft style beers (samples ‘A5’, ‘B1’, ‘J2’ and ‘K2’)
are distinguished from the common pasteurized ones from the
same manufacturers. The scores of the draft style beers are located
in the right side in the first PC compared with the corresponding
pasteurized ones. Such result can be explained by their relative
higher fluorescence which may be related to the ‘cold pasteuriza-
tion’ (filtration) in the production of canned draft style beers that
would leave them with more vitamin B than the pasteurized ones.

3.2. UV and visible spectroscopies

The investigated Chinese lager beers showed in general similar
UV and visible spectra to other types of beers (Biancolillo et al.,
2014; Weeranantanaphan & Downey, 2010). For UV spectra



Fig. 1. (a) Contour map for the excitation–emission matrix (EEM) of sample ‘A1’. The wavelength interval was 10 nm. (b) Synchronous fluorescence spectra (SFS) of sample
‘A1’. The wavelength interval was 1 nm. Right-angle geometry of undiluted beers was recorded for both EEM and SFS.

Fig. 2. (a) Synchronous fluorescence spectra (SFS) at Dk = 30 nm of the beers. The wavelength interval was 1 nm. Right-angle geometry of undiluted beers was recorded. (b)
The corresponding principal component analysis (PCA) score plot toward 135 samples using the SFS data at Dk = 30 nm as variables (27 brands � 5 cans � 301 wavelengths).
Eleven manufacturers are identified by letters from A to K. (c) The corresponding plot shows the loadings to the first two PCs.
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(Fig. 3a), a strong band from 250 to 300 nm and a weak band from
300 to 350 nm are observed. The typical compounds that can
absorb the light in these wavelength regions are iso-a-acids, vita-
min B group and phenolic compounds (Christensen et al., 2005).
For visible spectra (Fig. 3d), the beers show lower absorbance
owing to smaller molar extinction coefficients, and the absorbance
decreases with the increase of wavelength. The representative
components absorbing visible light in beers include riboflavin
and phenolic compounds such as flavonols (Vera et al., 2011).
Although the peak assignments in UV and visible spectra to specific
compounds are hard to achieve due to the peak overlap, they can
provide comprehensive information which may be complementary
to fluorescence spectra.

PCA was employed to the obtained UV and visible spectra,
respectively. As presented in Fig. 3, the beers from different manu-
facturers are still severely overlapped with each other. The vari-
ables highly associated with the first PC are the absorbance from
300 to 400 nm in UV section, which is partially related to ribofla-
vin, and from 400 to 600 nm in visible region, which refers to the
beer color. The absorbance in such broad wavelength ranges is
the composition of numbers of organic compounds which are all
responsible for the discrimination but to varied degrees.

3.3. Data fusion

The comparison between the LDA results according to manufac-
turer using individual procedures and data fusion is listed in
Table 2. The classification results for each class expressed in terms
of sensitivity (true positive rate) and specificity (true negative rate)
are shown in Supplementary data (Tables S1�S22). Neither SF nor
UV and visible spectra could individually afford highly correct clas-
sification of the studied beers by manufacturer. The sensitivity of
cross-validation is 42.2�47.4%, 70.4% and 58.5% for SFS, UV and
visible spectra, respectively. The LDA score plots (Figs. 4a and S3)
show that beers from different manufacturers are totally intermin-
gled, rendering the accurate classification by manufacturer
impossible.

In low-level data fusion, the individual spectra obtained from
the three spectroscopies were combined into a new matrix com-
posed of 135 samples and 783 variables. As Fisher-LDA cannot
work with such a large number of variables, PCA was firstly applied
to the matrix and Fisher-LDA according to manufacturer was then
executed on the scores of the PCs with eigenvalues higher than
one. The PCA loadings (Figs. S4�S6) show that the variables rele-
vant to the first PC are iso-a-acids for SFS, riboflavin for UV spectra
and beer color for visible spectra. It is noteworthy that the first two
PCs of SFS are interchanged compared with using the individual
observations which is shown in Fig. 2. The low-level data fusion
combines all the data and re-generates new orthogonal PCs.

Compared with those using the individual observations, the
LDA in low-level data fusion using the new PCs offers better results
as the sensitivity of cross-validation significantly enhances to
83�86.7%. As can be seen from Fig. 4b, although not completely
separated, the samples of each manufacturer are concentrated into
different clusters, with the partial overlap across several manufac-
turers, for example, ‘B’ mixed with ‘K’, and ‘J’ mingled with ‘C’ and



Fig. 3. UV (a) and visible (d) spectra of the beers. Diluted (1:25, v/v) and undiluted beers were test for UV and visible spectroscopies, respectively. The wavelength interval
was 1 nm. The corresponding principal component analysis (PCA) score plots using the UV (b, 27 brands � 5 cans � 161 wavelengths) and visible (e, 27 brands � 5 cans � 321
wavelengths) spectra. Eleven manufacturers are identified by letters from A to K. The corresponding plots show the loadings to the first two PCs of UV (c) and visible (f)
spectra.

Table 2
Results of LDA classification according to manufacturer from individual procedures and data fusion.

Procedure Dkc UV Vis Sensitivity (%) Specificity (%) Number of PCs used (cumulative
proportion of variability they
account for, %)

Calibration Cross-validationd Calibration Cross-validationd SFe UV Vis

Individual spectroscopy 30 – – 57 42.2 95.7 94.2 7 (98.5) – –
60 – – 57.8 43.7 95.8 94.4 5 (99.1) – –
80 – – 57 47.4 95.7 94.7 5 (99.3) – –
–

p
– 82.2 70.4 98.2 97 – 7 (98.6) –

– –
p

71.1 58.5 97.1 95.9 – – 9 (97.3)
Low-level data fusiona 30

p p
98.5 86.7 99.9 98.7 20 (98.3)f

60
p p

99.3 84.4 99.9 98.4 19 (98.6)f

80
p p

99.3 83 99.9 98.3 19 (98.6)f

Mid-level data fusionb 30
p p

100 83 100 98.3 7 (98.5) 7 (98.6) 9 (97.3)
60

p p
98.5 80.7 99.9 98.1 5 (99.1) 7 (98.6) 9 (97.3)

80
p p

98.5 78.5 99.9 97.9 5 (99.3) 7 (98.6) 9 (97.3)

a Combination of individual spectroscopies.
b Combination of PCs of individual observations.
c Wavelength interval in synchronous fluorescence spectra (nm).
d Divided into five cross-validation groups.
e Synchronous fluorescence.
f New PCs of the combined data of synchronous fluorescence, UV and visible spectra.
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‘I’. Although still not perfect, the improved performance of the
low-level data fusion shows that combining results from different
procedures adds more useful information, leading to better
classification.

Unlike low-level data fusion, feature reduction in mid-level
data fusion is usually performed on the PCs obtained individually
for each original data matrix. In the present study, taking the
mid-level data fusion of the SFS at Dk = 30 nm, UV and visible
spectra as an example, the PCs used in the fusion are the first
seven PCs of each SFS and UV spectra and the first night PCs of
the visible spectra. All the selected PCs cumulatively account for
at least 97% of the total variance for each spectroscopy. Fig. 4c
shows the obtained LDA score plot. The partial overlap of samples
from different manufacturers still persists as in the low-level data
fusion. Samples ‘B’ and ‘K’ are still severely intermingled, and two
of the sample ‘G’ fall in the region of class ‘F’. The sensitivity of
cross-validation ranges from 78.5% to 83% and decrease a bit
compared with those in the low-level data fusion. It is somewhat
surprising since low-level data fusion is normally less competent
than the mid-level one (Biancolillo et al., 2014). Such result could
be explained by the fact that the first PCs of SFS, UV and visible
spectra are all relevant to riboflavin, and the second PCs of SFS
and UV spectra are both associated with iso-a-acids. Thus the
LDA based on the combination of these PCs in mid-level data
fusion suffers from information redundancy. However, in low-
level data fusion, PCA is applied to the combined data and new
orthogonal PCs are generated, and hence such redundancy is
eliminated.



Fig. 4. Linear discriminant analysis (LDA) score plots for classification of the beers according to manufacturer based on the synchronous fluorescence spectra (SFS) at
Dk = 30 nm (a), the low-level (b) and mid-level (c) data fusion of SFS at Dk = 30 nm, UV and visible spectra. Eleven manufacturers are identified by letters from A to K.
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The LDA score plots for the low-level and mid-level data fusion
involving SFS at Dk = 60 and 80 nm (Fig. S7) exhibit similar dis-
tribution patterns to those at Dk = 30 nm. However, it should be
noted that although the SFS at Dk = 80 nm offers the highest
sensitivity (47.4%) among the LDA of an individual SFS, the data
fusions involving it obtain the lowest rate (83% and 78.5%) among
the three Dk. Such observation may be attributed to the fact that
the SFS at k = 80 nm would neglect some fluorescent species with
small Stokes shift and hence could not provide as much informa-
tion as those at k = 30 and 60 nm. Such omission may just be
needed for UV–visible spectra and hence reduces the synergic
effect in data fusion. Contrarily, the SFS at Dk = 30 and 60 nm could
reflect more fluorescent compounds in beers, although maybe to a
lower degree for some species with larger Stokes shift, for example,
riboflavin (Sikorska, Górecki, et al., 2006). Such comprehensive
reflection of fluorescent species makes the SFS at Dk = 30 and
60 nm preferred in data fusion. The exact nature and extent of
the effect of selection of Dk in SFS on classification in data fusion
deserve further investigation.

Comparing the LDA results between an individual spectroscopy
and the data fusion of three spectroscopies, it can also be found
that the UV and visible spectroscopies contribute complementary
information to fluorescence spectroscopy. In the LDA of individual
data of SFS, sample ‘B1’ was wrongly categorized into class ‘A’. This
incorrect recognition could be ascribed to higher content of vita-
min B in sample ‘B1’ as it is a draft style beer. However, the sample
wrongly classified was correctly identified in data fusion. The high
similarity of the beers from the same manufacturer in UV–visible
spectra compensates for their difference in SFS.

Except the classification by manufacturer, the discrimination of
different brands of the same manufacturer was also attempted. As
there are only one or two brands commercially available for manu-
facturer C–K each, the discrimination of beer brands was limited to
manufacturer A and B. No obvious separation between samples
related to brand was observed. Several brands of beers made by
the same manufacturer could not be differentiated in either PCA
or LDA score plot. Such observation may be related to the high
similarity in raw materials and processing technology employed
by the same factory.

4. Conclusions

In conclusion, this study achieved satisfactory discrimination
among Chinese lager beers made by different manufacturers based
on the data fusion of fluorescence, UV and visible spectroscopies.
The PCA preliminarily separated the samples and revealed the
PCs and relevant variables to the discrimination, while the LDA
with cross-validation allowed the qualitative classification by
manufacturer with relatively high accuracy. The main compounds
responsible for the classification were presumed to be iso-a-acids,
phenolic compounds, and vitamin B group such as riboflavin.
Compared with individual spectroscopy, the data fusion showed
better discrimination ability. The coupling of fluorescence and
UV–visible spectroscopies overcame the constraints when used
individually. The selection of Dk in SFS did not have significant
influence on the PCA results; however, it affected the PCA–LDA
results in data fusion. The data fusion involving the SFS at a certain
Dk which can reflect more fluorescent compounds may yield
higher synergic effects. The data fusion of fluorescence, UV and
visible spectroscopies, and maybe with the addition of other com-
plementary spectroscopy or other kinds of technique, is promising
for food authentication application and is worth further
investigation.
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