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A B S T R A C T

Evaluating the possibility of extending shelf life of rice germ (a by-product of rice milling process) by reduc-
ing water activity in combination with storage atmosphere packaging, without any heat treatment, is the aim of
the present study. Samples at different water activities (0.55, 0.45 and 0.36) were packed in air, argon or un-
der vacuum, and stored at 27 °C for 150 days. To the aim, a non-targeted approach was applied by means of
an FT-NIR spectrometer in reflectance with a rotating sample holder and a portable electronic nose, equipped
with 10 non-specific sensors. For understanding the impact of the factors under study on the rice germ shelf life,
a modified mid-level data fusion approach was applied to enhance the information most correlated with time.
Moreover, Principal Component Analysis was applied on fused data to follow samples evolution during storage
and identify different clusters according to the storage conditions. The rice germ case study allowed to better
understand the information captured by the non-specific sensors: a 2D correlation map was developed combining
the e-nose data with the NIR spectral information, highlighting relationships among NIR absorption bands and
classes of chemical compounds inducing e-nose responses. A data fusion approach highlighted the importance of
water activity on rice germ storage, while no interesting differences were ascribable to storage atmosphere pack-
aging systems. In terms of correlation, the sensors could be divided in two groups, negatively inter-correlated:
sensors ascribable to aromatic compounds (WC) and correlated with the NIR band around 4800–4900cm−1 (N–H
bending of primary amides, typical for peptides coming from protein hydrolysis); broad-range response sensors
(WS), linked with the NIR band at 5128cm−1 (second overtone of C O stretching of esters).

1. Introduction

During brown rice milling, a by-product containing bran layers and
germ is obtained. This by-product, usually intended for animal feed, con-
tains about 16–20% of rice germ, an interesting material for human con-
sumption as a source of proteins, fibres, minerals, vitamins, lipids rich
in unsaturated fatty acids and bioactive phytochemicals, like γ-orizanol,
tocopherols, and tocotrienol useful for their health-promoting proper-
ties and antioxidant activity [1]. Rice germ may have a broad range
of application, such as in baked products, snack foods, breakfast ce-
reals, or for oil extraction for food and cosmetic industries. However,
the high fat content of germ, ranging from 20 to 25%, and the pres-
ence of unsaturated fatty acids and lipolytic enzymes promote the on-
set of hydrolytic and oxidation phenomena causing the development
of off-flavours, responsible for the germ quality decay and the reduced
shelf life. Stabilisation processes have been widely applied to rice bran
just after milling. Literature refers that, in most of the cases, heat is

applied through different technological procedures: dry heating or ex-
trusion [2], steaming [3], infrared radiation [4], microwave [5] or
ohmic heating [6]. Other techniques proposed to slow down oxidations
include refrigeration, acidification or storage at low temperatures [7]. A
potential solution to extend the shelf life of rice germ or bran is the use
of storage atmospheres, coupled with packaging materials that can ex-
ert a barrier effect against light, moisture and oxygen [8]. To study the
quality decay of food having high fat content, such as rice germ, many
techniques have been applied.

The electronic nose (e-nose) to some extent mimics the human sense
of smell and, in this work, it has been applied for the first time as
simple, fast and non-destructive method to follow the evolution of
rice germ volatile profile during storage. E-nose technology is based
on an array of sensors for gases, whose outputs are integrated by ad-
vanced signal processing to rapidly evaluate the odour fingerprint of
the analysed products [9,10]. According to previous works, e-nose is
suitable for the discrimination of olive oil [11] and of different stages
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of lipid oxidation on vegetable oils [12–14]. On rice samples, e-nose has
been applied for odour classification [15], for quality assessment during
storage at different temperatures [16] and for discriminating different
damages of rice plants [17].

Vibrational spectroscopy in the near infrared (NIR) region
(12,000-4000cm−1) is a non-destructive analytical method, widely ap-
plied for qualitative and quantitative determinations of chemicals in
several fields, including environmental [18], pharmaceutical [19,20]
and food applications [21]. Moreover, Fourier-transform NIR (FT-NIR)
spectroscopy has been applied for characterising rice in terms of chem-
ical composition [22], authentication [23] and automatic inspection
[24]. No evidences about the application of such a spectroscopy for the
study of rice germ shelf life are encountered in the literature; until now,
FT-NIR has been applied on rice bran oil samples only for the quantita-
tive determination of γ-oryzanol [25].

This study explores the possibility of extending the shelf life of rice
germ by reducing water activity in combination with storage atmos-
phere packaging, without any heat treatment. In order to assess the qual-
ity of this by-product during storage, a non-targeted approach was ap-
plied by combining a portable e-nose and an FT-NIR spectrometer. To
this aim, the information embodied in e-nose signals and FT-NIR spectra
was joint by a modified mid-level data fusion approach. Data fusion is
a robust method for creating multi-block data sets [26], already applied
for merging FT-NIR data and e-nose responses [27,28]. In the present
study, for the first time, variable compression, needed for a mid-level fu-
sion, is performed taking into account the time trend; in this way, sam-
ple evolution was strongly highlighted in both of the subsets of data be-
fore combination.

The study of the correlation between the two subsets of data is
another innovative task of this work, which allows to understand the
chemical information carried by the e-nose sensors. The building of
a Pearson's correlation map between FT-NIR spectra and MOS sen-
sor responses highlights strength and direction of correlation between
the most important absorption NIR bands and the sensors considered
as crucial for explaining rice germ shelf life [29]. This step of data
processing, in fact, allows to understand the relation between differ-
ent non-selective analytical techniques, in terms of characterisation of

a specific set of samples. In this way, a joint interpretation of the whole
information is made possible, permitting a straightforward comprehen-
sion of a phenomenon/process from a chemical point of view. This ap-
proach is especially powerful when the analytical techniques considered
are complementary and just one of them is not enough for a complete
characterisation. Thanks to the chemometric protocol proposed, a chem-
ical understanding of rice germ modification during storage is outlined.

2. Materials and method

2.1. Experimental plan

Rice germ was provided by Società Agricola Cooperativa Rondolino
(Livorno Ferraris, Vercelli) and separated from the bran through sifting
to a purity degree of 86%.

In order to understand the influence of water activity (aw) and stor-
age atmosphere (SAP) on rice germ shelf life, the two factors were set
at three different levels, as reported in Fig. 1. To reduce moisture, rice
germ was dried in a vacuum oven (WIPA, etc.) at 40 °C, from the original
moisture value of 9.71±0.11g/100g (coded with A) to 7.82±0.15g/
100g (coded with B), and 6.86±0.08g/100g (coded with C). Germ
moisture was determined gravimetrically, as the average of two deter-
minations, after drying at 105 °C until constant weight. According to
germ moistures, different water activities were obtained: 0.55 (corre-
sponding to moisture codified with A), 0.45 (corresponding to mois-
ture codified with B), and 0.36 (corresponding to moisture codified with
C). Water activity values were determined by using an Aqualab 3TE
(Decagon Devices Inc., USA) previously calibrated with a standard solu-
tion (aw =0.50).

Germ with the highest moisture content (A) was packed only in air
(coded with 1) as it represents the low-cost commonly used strategy to
store rice germ, while samples B and C were packed also under vac-
uum (coded with 2) and in argon (coded with 3). All samples (130g
each) were packed in 210mL aluminium cans. A total of 70 cans were
prepared and stored at 27 °C±1 for 150 days and 5 sampling times
were studied (T1, T2, T3, T4, T5 after 30, 60, 90, 120, and 150 days of
storage, respectively). Samples were identified with one letter (A, B, C)

Fig. 1. Graphical representation of the experimental plan.

2



UN
CO

RR
EC

TE
D

PR
OO

F

C. Malegori et al. Talanta xxx (xxxx) xxx-xxx

related to aw and one number (1, 2, 3) according to the type of modi-
fied atmosphere packaging; two cans were analysed for each combina-
tion of aw level and SAP type, for a total of 14 samples at each sampling
time (samples A1, B1, B2, B3, C1, C2, C3 in replicates). It is important
to point out that rice germ at the three different aw was analysed also
before packaging for a total of 6 samples, two technological replicates
(cans) for each aw condition.

The detailed sampling plan is detailed in Table 1.

2.2. E-nose analysis

Volatile profile of rice germ samples was determined by a Portable
Electronic Nose (PEN2, Win Muster Airsense Analytics Inc., Schwerin,
Germany). The device consists of a sampling apparatus, a detecting
unit with a sensor array, and an appropriate software (Win Muster
v.1.6) for data recording. The sensor array is composed by 10 metal
oxide semiconductor (MOS) type sensors [28]: W1C (aromatic); W5S
(broad-range); W3C (aromatics); W6S (hydrogen); W5C (aromat-
ics–aliphatics); W1S (broad-methane); W1W (sulphur-containing com-
pounds); W2S (broad-alcohol); W2W (sulphur-containing and chlori-
nated compounds); W3S (methane-aliphatics).

For the determination of the aromatic profiles of rice germ, 3g of
sample were placed in a 30mL airtight glass vial fitted with a pierce-
able silicon/Teflon® septum. After 4-h equilibration at room temper-
ature, headspace measurements were performed according to the fol-
lowing conditions: flow rate 300mL/min, injection time 60s, flush time
180s (during which the surface of the sensors was cleaned with air fil-
tered through active carbon). All samples were analysed in duplicate
and the averages of sensor responses were used for subsequent statistical
analysis.

Table 1
Sampling plan.

TIME
TOTAL DAYS OF
STORAGE

N. OF
SAMPLES

SAMPLE
IDENTIFICATION CANS

T1 30 14 A1, B1, B2, B3, C1,
C2, C3

2

T2 60 14 A1, B1, B2, B3, C1,
C2, C3

2

T3 90 14 A1, B1, B2, B3, C1,
C2, C3

2

T4 120 14 A1, B1, B2, B3, C1,
C2, C3

2

T5 150 14 A1, B1, B2, B3, C1,
C2, C3

2

Germ water activity: A=0.55; B =0.45; C=0.36.
Packaging atmosphere: 1= air; 2=under vacuum; 3=argon.

2.3. FT-NIR acquisition

For acquiring the spectroscopic data, a Fourier Transform NIR spec-
trometer (MPA device – Bruker Optics, Milan, Italy) equipped with a
rotating sample holder was used; spectra were acquired in the range
12,000–4000cm−1, with a 8cm−1 resolution, and 64 scans for both sam-
ples and background. For obtaining a representative spectrum of each
sample, the whole content of rice germ coming from each can was
placed in a glass Petri dish at room temperature (20–22 °C) before per-
forming the rotational acquisition.

2.4. Data processing

2.4.1. Data fusion
Focusing on FT-NIR data, the pseudo-absorbance spectra were

pre-processed by means of the standard normal variate (SNV) transform
[30] to reduce the effect of total intensity, as presented in Fig. 2a; in
this work, a tailor made data centering (called t0 centering) is proposed
to minimise differences among batches, enhancing the information re-
lated with the time trend (Fig. 2b). The t0 centering is performed sub-
tracting the mean spectrum at t0 from the FT-NIR profiles along time, at
the same aw; to better clarify this approach, for example, from all the B
samples (at different SAP and time), the mean spectrum of two B1 cans
at t0 was subtracted. The same approach was followed also on e-nose
data. In this way, after pre-processing, samples of t0 coming from the
two blocks of data were mathematically set at zero, in the same way as
the global mean for a traditional mean centering. To the aim of under-
standing the rice germ shelf life, with t0 centering, the changes along
time were highlighted while differences among storage conditions were
reduced.

In this study, a non-targeted approach based on the combination be-
tween e-nose and FT-NIR was applied. In fact, the e-nose device is de-
voted to the evaluation of volatile fraction while the NIR spectrometer
allows to understand chemical composition of the samples under study;
the combination of these different sources of information gives a com-
prehensive understanding of rice germ characteristic evolution.

To properly combine the two blocks of data, a modified mid-level
data fusion was proposed; this approach, firstly, extracts some relevant
features from each block separately and, then, concatenates the fea-
tures into a single array, suitable for further multivariate data process-
ing [26]. According to this procedure, the FT-NIR spectra were mod-
elled by Partial Least Squares (PLS) regression using, as the response
variable, a vector containing the sampling time. Thanks to this super-
vised approach, new variables (called latent variables – LVs) are com-
puted as the direction of maximum covariance between FT-NIR data
and time, strongly emphasising chemical modifications that occurred
during rice germ storage. For these reasons, the regression approach
was more appropriate, as a data compression step, than an exploratory
method such as PCA. Regarding the e-nose responses, a modification
of the mid-level procedure is proposed for the first time. In fact, for e-

Fig. 2. NIR spectra: a) raw signals, b) SNV-transformed signals, c) t0 centered data.
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nose block, the data reduction was performed not by compression algo-
rithms (like PLS for FT-NIR data) but by means of data selection: the
sensors submitted to data fusion were the ones most strongly correlated
with time. Strength and direction of the correlation were calculated as
Pearson's correlation coefficient, ranging from −1 (negatively strongly
correlated) and 1 (positively strongly correlated), where 0 represents
the absence of correlation [29]. In Fig. 3, a scheme of the modified
mid-level data fusion proposed in this work is outlined, to better ex-
plain the contribution of each data block in understanding the rice germ
shelf life. On the two blocks of data, properly fused, a final PCA was ap-
plied as an unsupervised exploratory approach; the joint evaluation of
score and loading plots allowed to observe trends and groupings within
samples and to understand relationships between the two blocks of vari-
ables.

The whole data processing was performed under the Matlab® en-
vironment (The MathWorks, Inc., Natick, MA, USA, Version 2017a),
thanks to the implementation of customised algorithms.

2.4.2. Correlation matrix
A key task in the present study was the ascription of a chemical

meaning to the MOS non-specific sensors; to the aim, a correlation map
between sensors and NIR variables was built. The map is a graphical rep-
resentation of Pearson's correlation coefficient calculated between cou-
ples of variables. This coefficient expresses the type of sample distribu-
tion in the bivariate space defined by each couple of variables; as pre-
sented in paragraph 2.4.1, it can vary between −1 and 1. This procedure
was applied for understanding both the correlation between sensors and
FT-NIR spectra, and the correlation between one sensors and all the oth-
ers. In this way, patterns/families of sensors were identified, evaluating
if correlated sensors were also united by the same chemical information.
This approach was already used in a previous research work for studying
correlation between fingerprint signals, such as near- and mid-infrared
spectra [31], but no evidences were found in the literature for correla-
tion maps between spectral data and e-nose responses.

3. Results and discussion

In the following paragraph, results are presented separately in two
sections focusing, one by one, on the two main aims of the study.
The first section deals with rice germ shelf life, intended as the

evaluation of storage factors (aw and SAP) on sample degradation; the
second one is aimed at attributing a chemical meaning to the non-spe-
cific MOS sensors, thanks to the correlation with FT-NIR data. The un-
derstanding of such analytical evidences allows a comprehensive discus-
sion about rice germ chemical modifications along time, together with
an in-depth understanding of the non-targeted approach applied.

3.1. Rice germ shelf life

For understanding the influence of aw and SAP on rice germ shelf
life, a preliminary PCA on fused data was performed. The data array
that was submitted to exploratory analysis was built combining the 4
MOS sensors most related with time and the 4 lowest-order latent vari-
ables of the PLS model (computed with FT-NIR data as the predictors
and the time vector as the response). The Pearson's correlation coeffi-
cients between time and the 10 non-specific sensors of the e-nose are
the following: W1C=−0.76; W5S=0.15; W3C=−0.76; W6S=0.05;
W5C=−0.69; W1S=0.30; W1W=0.24; W2S=0.53; W2W=0.10;
W3S=0.09. Only the 4 sensors with a correlation coefficient higher
than 0.5, as absolute value, were selected as interesting for describing
rice germ shelf life; the selected sensors are: W1C, W3C, W5C and W2S.
According to the number of variables chosen for the e-nose data block,
also for the FT-NIR block, only 4 latent variables were retained; in this
way, the two data blocks had the same weight in the multi-block ar-
ray, now suitable for further data processing. Moreover, the error in
cross-validation (5 deletion groups) was almost the same (around 5
days) for model complexity lower then 5LVs and showed a noticeable
increase for higher LV numbers, as reported in Fig. 3.

In Fig. 4, results of PCA on fused data are presented. In more de-
tail, score plots and loading plots of PC1 vs. PC3 are presented allow-
ing to identify sample patterns and variable imputation, respectively.
The score plot (Fig. 4a), explaining 71.7% of the whole variance of
the multi-block array, shows a trend of the rice germ samples accord-
ing to the storage time. This trend is clearer along PC1 and, in par-
ticular, samples at the beginning of the storage are located at positive
values of the component, moving at negative values with the progress
of time. The fact that PC1, explaining the highest amount of variance
(57.3%), is imputable to the time trend was expected according to the
type of centering applied on multi-block data; t0 centering, in fact, al-
lowed to minimise the differences among batches, highlighting the time

Fig. 3. Scheme of the modified mid-level data fusion approach.
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Fig. 4. Outcomes of PCA on fused data: a) score plot PC1 vs. PC3; b) scatter loading plot PC1 vs. PC3.

trend. Variables more accountable for this trend are evidenced in red
in Fig. 4b, in which PC loadings are reported; the MOS sensors are the
variables that permit the separation of samples according with time. In
more detail, sensors belonging to the WC series (W1C, W3C and W5C)
are located in the fourth quadrant of the scatter loading plot; the WC se-
ries sensors gave higher response for fresh samples (t0, t1 and t2), while
rice germ stored for longer time was characterised by the W2S sensor.

In Fig. 5a, scores of the second component (explaining 22.8% of the
variance) are reported as scatter plot of PC2 vs. PC3; this plot highlights
two groups of samples delimited by the ones analysed before storage
(t0), which are located close to the axis origin due to t0 centering. No
interesting differences are present among samples stored with different
SAPs; it means that samples with the same aw and codified with 1, 2 or
3 are overlapped in the same region of the score plot. Rice germ samples
located in the left-bottom corner of the orthogonal space are the ones
having higher aw (samples codified with A), while samples B and C (hav-
ing aw equal to 0.45 and 0.36, respectively) are scattered in the opposite
portion of the Cartesian space. A joint interpretation with the loading
scatter plot (Fig. 5b) shows that this separation is mainly imputable to
the FT-NIR block, represented by LV1, LV3 and LV4; these variables are
positively related to samples with a lower aw, while they present a neg-
ative correlation with samples with a higher aw.

Thanks to the reconstruction of loadings of the FT-NIR original vari-
ables [32,33], in Fig. 5c it is possible to visualise which NIR bands
are mainly involved in defining these LVs. In the line loading plot,
two important bands can be highlighted: one around 5700cm−1, with
a high-negative weight in the construction of the new variables, and
one around 4000cm−1, positively related with LVs. Adding this informa-
tion to the joint interpretation between scores and loadings presented

in Fig. 5a and b, it is possible to associate the high absorbance around
5700cm−1 to rice germ samples codified with A, while a high ab-
sorbance around 4000cm−1 is linked to samples B and C.

3.2. Correlation between FT-NIR and e-nose sensors

In Fig. 6, the study of correlation between FT-NIR spectra and
e-nose sensors is presented. In more detail, the correlation map (Fig.
6a) shows, in a graphical way, the Pearson's correlation coefficients be-
tween all the 10 MOS sensors and the whole spectra in the NIR region
(4000 - 10,000cm−1). In the left part of the map, it is possible to vi-
sually compare sensors and spectra, while, in the right part, the corre-
lation coefficients between couples of sensors are represented. For an
easier understanding of the correlation extent, a colour scale was used.
It ranges between blue, codifying negative-strong correlation equal to
−1, to red, identifying positive-strong correlation equal to 1, passing
throw green for absence of correlation (0); intermediate colours repre-
sent weaker correlations. For clarifying the discussion about correlation
between families of sensors and NIR bands, the map of a single sensor
along the entire spectrum was built. Sensor W2S, as a representative of
the WS series (being positively correlated with sensors W1S, W3S, W5S
and W6S), and W1C, as a representative of the WC series (being posi-
tively correlated with sensors W3C and W5C), are presented in Fig. 6b
and c, respectively.

From a comprehensive evaluation of the results presented until now,
it is possible to highlight that the W2S sensor is sensitive to com-
pounds characterised by O–H functional groups, which can be con-
sidered as markers for sample degradation, in particular as a conse-
quence of lipid oxidation. In more detail, the sensor is positively cor-
related with two small bands around 6950cm−1 and 10,160cm−1 re-
lated with absorption of phenols and alcoholic compounds, respectively.

Fig. 5. Outcomes of PCA on fused data: a) score plot PC2 vs. PC3; b) scatter loading plot PC2 vs. PC3; c) FT-NIR loading reconstructed.
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Fig. 6. Outcomes of correlation between FT-NIR and e-nose sensors. a) correlation map between FT-NIR spectra and MOS sensors; b) correlation of sensor W2S with NIR spectrum; c)
correlation of sensor W1C with NIR spectra.

NIR bands that are positively correlated with this sensor are those at
around 4800–4900cm−1, which are ascribable to N–H bending of pri-
mary amides, typical for peptides coming from protein hydrolysis. Con-
versely, a negative strong correlation of W2S with the NIR band at
5128cm−1, imputable to the second overtone of C O stretching of es-
ters, is encountered; the negative correlation indicates that ester bonds
undergo degradation during time [34]. Moreover, W2S, is characterised
by high negative values of loadings on PC1 (Fig. 4b), which describe
sample trend along time; as a confirmation of the band attribution, it is
possible to observe that W2S distinguishes the oldest samples.

For the WC series, an opposite pattern is highlighted, characterised
by a negative correlation with the NIR band related to protein degrada-
tion, and a positive one with the ester band. This correlation feature de-
scribes samples with well-preserved nutritional values. Moreover, all the
sensors belonging to the WC series were located in the same quadrant of
fresh samples along PC1 (Fig. 4b), corroborating correlation inferences.

Looking at PC2 vs. PC3 scores (Fig. 5), jointly with the correlation
maps (Fig. 6a), it is possible to notice that the NIR variables mainly re-
sponsible for grouping according to aw are also correlated with families
of sensors.

Summarising, samples with a lower aw present higher intensity of
the band around 4000cm −1 (ascribable to phenolic compounds and
aromatic derivatives) together with higher responses in the WC sensors
(W1C and W3C); for this reason, they can be considered fresh and well
preserved. Conversely, samples at higher aw have a higher absorption
in the band at 5700cm−1 (imputable to the first overtone of methylene
C–H stretching) and are strongly related with W2S sensor, proving that
they underwent degradation along time. In other words, these spectral
bands are not directly ascribable to water absorption but to other com-
pounds involved in the chemical pattern of the preservation/degrada-
tion state of rice germ samples.

4. Conclusions

This work presents the multiple advantages arising from combining
and understanding correlations between non-targeted analytical tech-
niques, with an immediate evidence in the rice germ case study. This
approach allowed to evaluate the influence of storage factors on

rice germ shelf life, thanks to the combination of two fingerprint meth-
ods like spectroscopy and e-nose. The multivariate data processing was
the cornerstone for extracting information from a multi-block data ar-
ray. A data centering was proposed for highlighting the evolution of
samples over time, making comparable batches of rice germ stored un-
der different conditions of aw and SAP. The traditional mid-level data
fusion approach was modified to enhance the information related with
time; PCA on fused data made possible to understand that aw, as ex-
pected, is the crucial factor for rice germ preservation: the higher aw, the
faster the degradation. Regarding SAPs, no interesting differences were
highlighted between air, argon and vacuum for samples having the same
aw. Correlation maps allowed to study the relationship between FT-NIR
bands and e-nose non-specific responses, ascribing to the MOS sensors a
chemical meaning. In more detail, the W2S sensor, positively correlated
with the band around 4800–4900cm−1, was ascribable to sample decay
and, in particular, to protein degradation, while the WC sensors (W1C
and W3C), positively related with the absorption band at 5128cm−1,
was related with less deteriorated samples.
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