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Abstract

Native starch derivatization with octenyl succinic anhydride (OSA) is a chemical modification designed to
enhance flavor microencapsulation performance. Hi Cap 100 and Capsul are two OSA starches derived from
waxy maize base, which are especially suited for encapsulation processes. This work performs for the first time
the encapsulation of vanilla extract with Capsul and Hi Cap 100 using both spray and freeze drying procedures.
The encapsulation efficiency was studied correlating the starch texture with the aroma retention. Texture analysis
was accomplished by means of grey level co-occurrence matrix feature extraction (GLCM), yielding image
parameters that clearly differ in function of the type of starch and the drying method used for the encapsulation
of the flavor. In parallel, the data recorded with a gas sensor array (e-nose) and analyzed by unsupervised
multivariate methods allowed to follow up the evolution of the aroma through the whole process. The joint
analysis of the GLCM and sensor array recorded data indicates that Capsul shows a higher capacity for vanilla
encapsulation than Hi Cap 100. In addition, the obtained converging information from GLCM and e-nose data
clearly indicates that particle texture and aroma encapsulation are connected.

Keywords: gas sensor array, OSA starches, GLCM texture analysis, spray and freeze drying, vanilla,
chemometric analysis, cluster and component analysis

1. Introduction

Chemical modification of native starches to enhance their performance in microencapsulation, a widely used
technique in the food industry, has been a topic of interest for many years. For example, starch derivatization
with octenyl succinic anhydride (OSA) disrupts the hydrogen bonding and reduces retrogradation of the starch,
while increasing its hydrophobicity. In this way, OSA modified starches have been used to stabilize emulsions
and to encapsulate sensitive ingredients (Bhosale & Singhal, 2006; Cova et al., 2010). Hi Cap 100 and Capsul
are two commercially available hydrolyzed OSA starches derived from waxy maize base, which are especially
suited for encapsulation processes. The only difference in structure between Hi Cap 100 and Capsul is that Hi
Cap 100 is a straight chain starch, whereas Capsul is a branched chain starch (Ratchahat et al., 2010). In Figure 1,
the general chemical structure of OSA modified starches is depicted.
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Figure 1. Schematical representation of the general chemical structure of OSA modified starches

Engineering aspects of microencapsulation such as the choice of the drying process and sample components will
determine the quality of the obtained powder, its topology, and the ultimate swelling of the final product. The
most common industrial method is the spray drying process, which is based on the atomization of a liquid
sample into a hot air stream (Gharsallaoui et al., 2007). Although the very short residence time and the relatively
low temperatures to which the materials are exposed to, does little to induce oxidation in starch materials, the
temperatures involved in this process may damage other components that are very sensitive to oxidation. To
avoid this, a less harmful procedure such as freeze drying may be used, although it is more expensive for mass
production (Anwar & Kunz, 2011). For example, in the pharmaceutical industry in which vanilla is used both as
an antioxidant and as a masking agent (Tai et al., 2011), the use of freeze-drying is almost mandatory in spite of
its higher cost. As such, lowering production costs is a challenging and important topic of ongoing research
(Pisano et al., 2011; Lopez-Quiroga et al., 2012).

In this work two main aspects of vanilla encapsulation are studied which may be functionally linked: the final
texture of the product (i.e., dried powder) and the efficiency of flavor encapsulation and release. To this end,
different proportions of vanilla extracts are added to the respective starches (i.e., 1%, 2.5%, and 5% in weight).
The characteristics of the obtained dried powders (i.e., particle size, shape, and texture) are determined by means
of an exhaustive inspection of scanning electron microscopy (SEM) pictures, and analyzed with a statistical
approach for image texture studies, which is called the grey level co-occurrence matrix (GLCM) technique. In
this technique, various textural features are extracted from a matrix that is derived from the information that is
contained in the pixels (i.e. the basic components of an image). These textural features are then used to
characterize the texture of the product. The advantages of using this relatively new tool, which implies a new
trend in image analysis for evaluating food quality, were discussed in the excellent review published by Zheng et
al. (2006), and this methodology was recently applied in several cases (Yu et al., 2012; Tournier et al., 2012;
Kamruzzaman, 2012).

The second aspect pertains to flavor encapsulation and release from the samples. To study this, sensor arrays,
called electronic noses (e-noses), are used; e-noses are devices composed of an ensemble of gas sensors which
mimic the sense of smell. In numerous studies, these devices have been demonstrated to be useful for evaluating,
both from a qualitative and a semi-quantitative point of view, the release of aroma as a whole from different
samples (Rodriguez et al., 2010).

The aim of this paper is to examine how, throughout the procedure of flavor encapsulation, the interaction
between the starch and the flavor develops along each step of the drying process (i.e., spray versus freeze drying)
and how this interaction is influenced by the molecular structure of the modified starches that are used (i.c.,
Capsul versus Hi Cap 100). The work intends to demonstrate that the combination of GLCM image texture and
e-nose measurements is useful for the evaluation of the encapsulation ability and the final recovery of the aroma
when using OSA modified starches. The performance of different drying processes, such as freezing and spray
drying is also evaluated. Through the paper, a careful chemometric analysis is adopted in order to ensure a
correct interpretation of the results, demonstrating the importance of the adopted multivariate techniques to
interpret the data (Peris & Escuder-Gilabert, 2009; Skov & Bro, 2005).
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2. Materials and Methods
2.1 Materials

Hi Cap 100 and Capsul (from National Starch and Chemical) starches were kindly gifted by Gelfix S.A.
(Argentina). Vanilla extract was purchased from E/ Castillo S. A. (Argentina). This vanilla extract has 5% of
ethanol content (certified by ANMAT: Administracion Nacional de Medicamentos, Alimentos y Tecnologia
Médica, Argentina).

2.2 Experimental Method
2.2.1 Preparation of Starch Dispersions in Water with Different Proportions of Vanilla Extract (S1 Samples)

To see above which threshold concentration the addition of vanilla extracts results in a modification of the
original starch structure, samples with different flavor to starch ratios were prepared. 15 g of the respective OSA
starch was dispersed into 38.75 ml of Milli-Q water (with a starch weight percentage of 30% in all cases) with a
mechanical stirrer at 1000 rpm within a water bath at 40°C for 40 minutes. Immediately, different aliquots of
vanilla extract (VE) were added to the slurry in order to obtain samples with 1%, 2.5%, and 5% of vanilla extract;
samples with 0% of vanilla extract were used as control samples. As the vanilla extract has a 5% ethanol content
(see Section 2.1), the percentage of ethanol that was initially incorporated in the sample (coming from the aliquot
of the added vanilla extract) was as low as 0.05%, 0.13%, and 0.26 % for the 1%, 2.5%, and 5%-samples,
respectively. The obtained samples are denoted as “S1 samples™ (i.e., first suspension of the starch with flavor
prior to any drying process).

2.2.2 Drying Process (S2 Samples)
2.2.2.1 Spray Drying

Each S1 sample was spray-dried using a laboratory scale device, Mini Spray Dryer Biichi B290 (Flawil,
Switzerland). The operational conditions of the drying process were: inlet air temperature of 170 £ 3°C, outlet air
temperature of 90 + 3°C, flow rate 8 mL/min, air pressure 3.2 bar, nozzle diameter 1.5 mm.

2.2.2.2 Freeze Drying

Each S1 sample was placed into a Petri dish and frozen at -18°C in a conventional freezer. Next, samples were
dried for 24 hours into a Christ ALPHA 1-2 LD plus freeze dryer (i.e., 12 hours in main drying mode at 0.63
mbar and 12 hours in final drying mode at 0.023 mbar).

In both cases, the obtained powders were collected into sealed polyvinylidene chloride bags and stored at about
18°C.

2.2.3 Re-Suspension of Dried Powders in Water (S3 Samples)

The dried powders (i.e., S2 samples) were mixed with Milli-Q water until complete homogenization, resulting in
the same starch concentration as for the S1 samples. The obtained samples are called S3 samples.

2.2.4 Weight Percentage of the Retained Vanilla Extract by Encapsulation in S2 Powders

To extract vanilla from S2 powders, 0.1 g of each powder was extracted with 10 ml of ethanol in a sealed vial
during 90 min under magnetic stirring. After the extraction, the supernatant was filtered with 0.44 um pore size
and the absorbance was measured at a wavelength of 277 nm with a 760 PG Instruments spectrophotometer. In
order to determine the required total extraction time (90 min), prior tests were conducted by taking small aliquots
of supernatant from the extraction vial at different times until the UV absorbance of two consecutive spectra
reached its plateau (i.e., no more vanillin was extracted).

2.2.5 Scanning Electron Microscopy (SEM) to Study Powder Characteristics

Few milligrams of the S2 samples were placed on a SEM aluminium holder, which was supported on conductive
carbon tape. The samples were coated with gold by using a sputter coater (Cressington Scientific Instruments 108)
and examined at different magnifications using a Zeiss Supra 40 Gemini and an acceleration potential of 5 kV.

2.2.6 Image Texture and Statistical Texture Analysis by the Grey Level Co-Occurrence Matrix Technique

A grey-scale image, as obtained with microscopy, can be represented as a matrix that contains in every cell a
grey value that may range from 0 to 255. From this image, after defining the step size or distance d and the angle
6 (0°, 45°, 90°, and/or 135°), a grey level co-occurrence matrix (GLCM) may be obtained. The resulting GLCM
contains 256 rows and columns, with each column and row representing a grey tone between 0 and 255, and
each cell of the GLCM containing the frequency of finding a pair of values (given d and ) with those grey tones
indicated by the associated row and column.
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In order to study the texture of the obtained dried starch samples, five different representative features are
extracted from the GLCM matrix. First, the angular second moment (ASM), which is defined as a measure of the
homogeneity of the image: an image with a smooth surface (i.e. few grey transitions) will give a lower value of
ASM than an image of a sample with a larger roughness (inhomogeneous image). Second, the contrast parameter
(CT), which represents the amount of local variations given by differences in the grey values in the image:
smooth surfaces will result in lower CT values than rough surfaces. Third, the correlation value (CR), which is a
measure of grey tone linear dependencies in the image depending on the direction of the measure (different 6s):
an image can have a low CR value in one direction and a higher CR value in another direction. Fourth, the
inverse difference moment value (IDM), which, similar to ASM, quantifies the homogeneity of the image,
however, using a different equation. Finally, the entropy parameter (ET), which is a measure that is inversely
related to the order given by the grey tones in the image: a smooth surface will show a lower value of ET than a
rough surface (Arzate-Vazquez et al., 2012; Zheng et al., 2006).

To compare the texture, frames of 200 x 200 pixels from SEM images of S2 samples (8000x in all the cases) of
Capsul and Hi Cap 100 with 0% and 5% of vanilla extract (VE) were used. Control samples were selected from
perfectly smooth spherical particles, randomly chosen among both starches with and without VE. The ImageJ
software was used to perform the GLCM features extraction.

2.2.7 E-Nose Measurements to Study the Flavor Pattern Released by the Samples

A sensor array (e-nose) prototype developed in our laboratory was used. The device is composed of twelve
commercial gas sensors based on polycrystalline tin dioxide (Figaro, Inc); more technical information can be
found in Rodriguez et al. (2010). The different stages S1, S2, and S3 of each sample for both drying processes
(i.e., spray and freeze) were analyzed with the e-nose device.

For S1 samples, an aliquot of 5 ml of the slurry was put in a Petri dish and placed into the e-nose chamber, and
the aroma was registered. For S2 samples (consisting of the whole amount of dried powder obtained from the S1
samples after drying), the Petri dish with the powder was put into the e-nose chamber and the aroma of the
headspace was measured. The S3 samples were obtained by re-suspension of the S2 powders in Sml of water. As
a consequence, the initial starch concentration is recovered. The S3 samples were placed again in a Petri dish in
the sensor chamber and the aroma release was measured in the same way than for the S1 and S2 samples, as
described in the beginning of this paragraph. In all cases, the e-nose baseline was resettled by pumping pure air
and the temperature of the chamber was controlled at 20°C by a circulating water bath. Measurements were
performed by triplicate, until sensor's signals reached a steady response, which took about 20 minutes (i.e., 1,200
seconds). Note that e-nose measurements were only performed for samples with a 2.5% vanilla to starch weight
ratio, because this proportion allows visualizing the evolution of the changes in odour intensities without a very
fast saturation of the sensors readings.

2.3 Data Analysis

The raw sensor’s recordings were used for data analysis. Normalization of the data was not used in any case
because in this study the signal intensity is a key variable along the encapsulation/re-suspension process.

2.3.1 Two-Way Component Methods: Principal Component Analysis/Unfolded Principal Component Analysis

Principal Component Analysis (PCA) is a well-known method for determining similarities among the objects in
a two-way data set (e.g., samples by sensors). To this end, the relative locations of the samples on the most
important principal components in a two- or three-dimensional plot are compared (Jolliffe, 2002). PCA on the
covariance matrix was performed using the Infostat/p2011 software.

When having a three-way data set (e.g., samples by sensors by time points), unfolded PCA (also called
multi-way PCA, Nomikos & MacGregor, 1994) may be performed, which consists of applying PCA to the
two-way matrix that is obtained by unfolding the three-way matrix by concatenating the different slices of the
three-way matrix horizontally (Kiers, 2000).

2.3.2 Cluster Analysis (K-Means Method)

In Cluster Analysis (CA), a set of objects (in this case each recorded data from the e-nose measurements of the
samples) is assigned to a number of groups (i.c., clusters), specified by the user, in such a way that objects
belonging to the same cluster are more similar to each other than objects belonging to different clusters (Johnson
& Wichern, 2002). We performed a K-means analysis, using the Infostat/p2011 software.
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2.3.3 Three-Way Component Methods: PARAFAC- and PARAFAC2-Analysis

To analyze the three-way data set which contains the sensor’s signals for each sample at different time points,
one may use PARAFAC (Harshman, 1970; Carroll & Chang, 1970) or PARAFAC2 (Harshman, 1972), which
can be conceived as two related generalizations of PCA to three-way data. As in PCA, a limited number of
components are obtained and scores for the samples, sensors, and time points on these components can be
determined. We performed a PARAFAC- and PARAFAC2-analysis with two components, using the MATLAB
N-way toolbox (Andersson & Bro, 2000).

2.3.4 Multivariate Analysis of Variance (MANOVA)

Multivariate ANOVA (MANOVA) is a statistical method that is used to test differences among means of several
groups with respect to more than one dependent variable. MANOVA is aimed at examining the differences
across multiple dependent variables by simultaneously testing the null hypothesis that the population means of
the groups are equal to one another for all the dependent variables under study (Haddi et al., 2011). In this study,
MANOVA analysis was performed on the data set presented in Table 1 (note that Table 1 only shows the mean
values for each group and for each dependent variable).

3. Results
3.1 Image Texture Analysis: Characteristics of the Powder

When the texture of the SEM images from freeze-dried S2 samples were analyzed, no measurable differences
between the Hi Cap 100 (Figure 2, part a) and Capsul (part b) starches showed up. In particular, both starch types
yielded irregular thick sheets, and the addition of the extract did not introduce any noticeable change (pictures
not shown).

When using spray drying, on the contrary, clear textural differences were obtained for particles belonging to
different starch types. In Figure 2 ¢ and d in which the SEM images of S2 Capsul (c¢) and Hi Cap 100 (d) are
presented, Capsul clearly showed particles with a much rougher surface than Hi Cap 100.

200 °m EHT = 200 kV WD = 7.2mm Mag = 20.00 K X Signal A = InLens

| JEm EHT = 5.00kV WD = 24 mm Mag= 2000KX  SignalA=nlens i | Jum EHT = 5.00 kv WD = 22mm Mag= 2000KX  SignalA=InLens [ ‘

Figure 2. SEM images obtained from S2 samples of freeze (a and b) and spray-dried (c and d) particles of Capsul
(a and c) and Hi Cap 100 (b and d) starches, respectively, without Vanilla extract. The surface topography of the
dried powders is showed at a magnification of 20000x
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To confirm these visual differences, texture analysis was performed using GLCM on the spray dried particles
(see section 2.2.6). Note that the GLCM textural parameters should be interpreted as follows: larger ASM, CR,
and IDM values indicate less roughness, whereas larger CT and ET values indicate more roughness.

In Table 1, for d =1, 8= 0°, and 8= 90°, the average values and their standard deviations for the five textural
parameters are displayed as a function of the starch type without and with 5% of vanilla extract added. Note that
similar results were obtained for d =5, 8 = 0°, and 6 = 90 (data not shown).

Table 1. Average values and standard deviations of textural feature parameters extracted from the GLCM (d =1)
from S2 spray-dried samples of Capsul and Hi Cap 100 (and control) starch samples with (5%) and without the
addition of vanilla essence

Textural features

Starch VE ASM CT CR IDM ET
samples* weight % (x 10% (x 10%)
d= Capsul (4) 0% 2.8+0.1 205 +23 50£02 0.12+0.01 8.7+0.1
0=0° Capsul (4) 5% 27402 158+9 43405 0.13+0.01 8.7+0.1
Hi Cap (4) 0% 40+09 97+12 55+£09 0.15+0.01 84+0.2
Hi Cap (4) 5% 3.8+04 93+6 54+£02 0.15£0.01 83+0.2
Control (11) # 16.4+0.8 28+9 74.7+£55 021+0.02 6.8+0.5
d= Capsul (4) 0% 2.1+0.1 343+ 17 48+02 0.10+£0.01 89=+0.1
0=90° Capsul (4) 5% 2.1+£0.2 271436 42+05 0.10+0.01 89+0.1
Hi Cap (4) 0% 3.0£0.7 175+ 19 55£09 0.11£0.01 8.6+0.2
Hi Cap (4) 5% 29+0.3 154 £ 24 53+£02 0.11+0.01 8.6+0.1
Control (11) # 13+7 53+15 60 +31 0.16+0.02 7.1+£0.5

ASM: angular second moment; CT: contrast parameter; CR: correlation value; IDM: inverse difference moment;
ET: entropy parameter (for a detailed description of each parameter, see section 2.2.6);

* The number of samples used in the analysis is denoted between parentheses;

# Samples were randomly chosen among perfectly smooth particles from both starches with and without VE.

From Table 1, it appears that Capsul samples, in comparison to Hi Cap 100 samples which showed less rougher
particles, yielded larger CT and ET parameter values and lower ASM, IDM, and CR parameter values; this result
is supported by a MANOVA (F(5,20) = 16.7, p < .0001). Further, for the five textural parameters, the control
samples clearly differed from the Capsul and Hi Cap 100 samples, with a MANOVA yielding the same result
(F(5,20)=178.5, p <.0001).

Cluster analysis with two clusters yielded a perfect classification of the samples into control smooth samples, on
the one hand, and Capsul and Hi Cap 100 particles, on the other hand. Moreover, when choosing three clusters,
the samples were grouped with a success rate of 100% in Capsul, Hi Cap 100, and smooth control samples.

After the addition of flavor, some changes were observed in the texture parameters for samples from the same
starch type, with these changes being the largest for the contrast parameter CT. In particular, CT decreases,
which suggests that adding the flavor especially decreases the roughness of the powders/samples. Note that, to a
lesser extent, a similar pattern is obtained for the other texture parameters. However, when five clusters were
selected in CA (i.e., two starch types with and without VE, and the control smooth samples), the observed
differences are not large enough to get the five groups perfectly separated (i.e., 36% misclassifications).

A final question pertains to the effect of adding flavor on the average value of the particle’s size distribution. In
order to confirm this, particles were randomly selected from different 1000x SEM images and their diameters
were measured. Four selected SEM pictures are displayed in Figure 3, showing the change in the size
distribution.
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Mag= 100K X

Figure 3. SEM images obtained from S2 samples of Capsul (part a and b) and Hi Cap 100 (part ¢ and d) without
(a and c) and with (b and d) the addition of 5% of vanilla extract. In all cases, the magnification was 1000x

The numerical results of the diameters evaluation confirm that adding vanilla extract to the starches significantly
decreases the average diameter of both Capsul and Hi Cap 100 particles obtained by spray drying. When adding
2.5% of VE, the average diameter of Capsul particles decreased from 8.3 £ 5.5 um to 5.5 £ 3.4 um, as indicated
by a t-test: #896) = 9.3, p < 0.001, whereas for Hi Cap 100 particles the diameters decreased from 6.5 + 3.4 pm
to 6.1 £ 2.6 um for Hi Cap 100, also demonstrated with t-test: #921) = 1.9, p < 0.05. This effect becomes more
pronounced when adding 5% of vanilla extract: the average diameter of Capsul particles decreased from 8.3 +
5.5 um to 4.8 £ 3.4 um, and Hi Cap 100 from 6.5 + 3.4 um to 5.6 = 3.4 um, as demonstrated with a t-test: #(891)
=11.6, p < 0.001 (for Capsul) and #443) = 2.8, p < 0.005 (for Hi Cap 100). On the other hand, the addition of
the lowest proportion of vanilla extract (1%) did not introduce significant changes in the average size of spray
dried particles.

3.2 Aroma Pattern, Encapsulation Efficiency, and Flavor Release

In Figure 4, two characteristic plots of e-nose measurements are shown. In part a, the (typical) increasing
response signal for all 12 sensors (i.e., one line for each sensor) is displayed against the time of measurement, in
this case for the aroma released from Hi Cap 100 with 2.5% of VE in the stage of re-suspension (S3) after a
spray-drying process.

In the radar plot displayed in part b, for each sensor, the signal at the final time point (i.e., second 1200) is
presented for the S1, S2, and S3 samples (i.e., S1 = the initial slurry, S2 = the powder obtained after drying, and
S3 = the re-suspension of the powder in water to get the same initial starch concentration as in S1 samples). The
whole process of obtaining S1, S2, and S3 samples is outlined in the scheme placed at the left of the radar plot.
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Figure 4. (a) Typical e-nose measurements for a spray-dried sample of Hi Cap 100 with 2.5% of vanilla extract.
Each line represents the increasing signal of a single sensor over time. (b) Radar plot of the sensor signal of the
last measurement time point for each sensor (numbered from 1 to 12) for a S1 (red dashed line), S2 (blue solid
line), and S3 (black dotted-dashed line) sample of a Hi Cap 100 starch with 2.5% of vanilla extract along the
spray-drying process

The S1 samples of this radar plot have been flavored with 2.5% of vanilla extract (see section 2.2.1). In this plot,
one can clearly see that, for all sensors, the largest signal was recorded for the S1 sample. When this S1 sample
is dried, becoming the S2 sample (powder), the signals of all sensors decreased dramatically, encircling a very
small area near the origin (pointed by the blue arrow). The S3 sample, obtained by re-suspension of the S2
sample in water, recovered a significant portion of the initial intensity of the sensor’s signals, resulting in a radar
plot with equal shape to the one of the radar plot for the S1 sample.

It is important to remark again that the shape of the S1 and S3 radar plots in Figure 4b are extremely similar, the
only difference being the intensity of the signals. In particular, the relative units of the signal of each sensor are

43



www.ccsenet.org/jfr Journal of Food Research Vol. 2, No. 2; 2013

lower for the S3 samples (i.e., re-suspension of the S2 powder) than for the original suspension S1. For example,
for sensor number 3, the signal for S1 has a value around 2400 whereas for S3 the value lowers down to about
1300. Note that the natural flavor contains about 90% of pure vanillin (4-hydroxy-3-methoxybenzaldehyde) and
only a small percentage (traces) of other components (Bettazzi et al., 2006). Because the extract has one main
component in a very high ratio with respect to the others, the radar plot changes only the area/intensity but not
the shape. A detailed analysis concerning the relationship between shape and intensity was previously discussed
(Rodriguez et al., 2010).

To confirm that the lower sensor’s signals for the S3 samples are due to a partial loss of flavor during the drying
process, the flavor encapsulated in the S2 powder was extracted during one and a half hour with ethanol and the
amount of vanilla encapsulated was determined spectrophotometrically. The methodology is described in detail
in section 2.2.4. The results showed that Capsul (Hi Cap 100) encapsulated 64% (56%) and 42% (39%) of the
initially added vanilla when using spray and freeze drying, respectively, confirming that a part of the flavor is
lost during both drying processes.

In order to investigate whether a molecular interaction between the starch and the vanilla takes place in the first
slurry (S1), resulting in the initial aroma being differentially affected depending on the used starch, the raw
e-nose data were analyzed by means of PCA and CA on the sample by sensor data, with only taking information
regarding the last measurement (i.e., second 1,200) into account. The results showed that S1 samples cannot be
discriminated by the type of starch used. The two starch types got mixed up in the component plot and a cluster
analysis with two clusters resulted in 38% of misclassifications (i.c., 38% of the samples were assigned to the
wrong starch type cluster). Next, in order to determine whether including information about earlier time points
would allow us to better discriminate among the starches in the first suspension stage, we repeated the analysis
using the sample by sensor by time point data. First, applying unfolded PCA to the three-way data resulted in a
better resolution than applying PCA to the two-way data. However, Capsul and Hi Cap 100 S1 samples still got
mixed up. Next, in order to corroborate the results obtained with PCA and U-PCA, we applied a PARAFAC
(Harshman, 1970) and a PARAFAC2 (Harshman, 1972) analysis to the three-way data. The reason for doing this
was to obtain a more adequate, robust, and interpretable model (Bro, 1997). Nonetheless, applying PARAFAC
and PARAFAC?2 (with two components) to the three-way data did not result in a clear discrimination of the S1
samples into the two starch types.

At the contrary, analyzing the S3 samples (i.c., re-suspension after drying) with PCA (with two components) and
CA (with two clusters) resulted in a clear separation of the samples into two groups which correspond to the
freeze and spray dried samples. In particular, in the component plot presented in Figure 5, the two separated
groups of samples, which are surrounded by ellipses, can be clearly seen. Moreover, as can be seen in Figure 5,
both within the freeze and spray dried group of samples, the two starch types can be clearly distinguished. In
particular, applying a CA with 4 clusters resulted in a perfect classification of the samples into the four sample
types (Capsul spray dried, Hi Cap 100 spray dried, Capsul freeze dried, and Hi Cap 100 freeze dried). Further, it
appears that the differences between Hi Cap 100 and Capsul starches are more subtle when freeze-drying has
been adopted than when spray drying has been used. Note that although the first component explains almost all
the variance in the data, the addition of the second and third components, as can be seen in Figure 5, clearly
improves the (visual) discrimination of the four sample types. The reason for this is that the components that
explain the most variation in the data are not necessarily the components that best discriminate the samples,
resulting in less important components (i.e., that do not explain much variance) sometimes being needed to
discriminate the samples well (for more information, see Vicki & Kiers, 2001).
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Freeze

Figure 5. Plot of the sample scores on the first three components (PC1, PC2, and PC3) obtained from a (principal
axis) PCA analysis of the sensor signals (last second) of the S3 samples (i.e., re-suspension), which are indicated
as follows: Freeze dried Capsul (B); Freeze dried Hi Cap 100 (¥); Spray dried Capsul (®); Spray dried Hi Cap
100 (®). The amount of variance that is explained by each component is indicated between parentheses

4. Discussion

The present study points out that valuable information can be obtained about the development of the molecular
interaction between vanilla extract and OSA starches by means of GLCM texture analysis of SEM images and
sensor array detection of the aroma released by the samples.

The information obtained by the SEM images shows that freeze drying yields powders without significant
differences among Capsul and Hi Cap 100, while the spray drying method produces particles with textural
features that clearly differ among both starch types. The SEM images for both starches show that most of the
particles exhibit concavities on the surface. These concavities, which are called dents, are produced by a
phenomenon known as surface indentation. This phenomenon has been frequently observed with wall materials
consisting of polysaccharides. The formation in the particles has been attributed to atomization and drying
parameters, uneven shrinkage at early stages of drying, and to the effect of a surface tension-driven viscous flow
(Sheu & Rosenberg, 1998).

The texture analysis of SEM images yields additional information in that the GLCM parameters clearly show
that, for spray dried samples, Capsul yields rougher particles than Hi Cap 100. In Table 1, the contrast parameter
CT is the most sensitive parameter for changes in roughness. Moreover, the CT parameter indicates that the
addition of vanilla contributed to modify (reduce) the roughness in both Capsul and Hi Cap 100 particles. These
differences, however, were not significant, at least not for the number of samples that were tested in this work.
Furthermore, the addition of flavor results in, for both starch types, the average size of the particles being
significantly decreased when compared to control samples (see Figure 3).

The use of a gas sensor array (e-nose) provided additional and complementary information, which considerably
enriched the overall analysis. The three consecutive stages that a sample went through during the whole
encapsulation process revealed different stages of the interaction between the flavor and the starches which can
be easily discriminated. When analyzing the sensor readings by a multivariate data analysis method, no
differences in headspace aroma released by the two starch types were found in the initial starch plus extract S1
slurry. This indicates that for the two particular starch types that were used in this study, the flavor does not
interact closely with the starch in a way that allows detecting a change in the aroma.

Thus, the results clearly show that the real interaction between vanilla and the starch occurs when samples are
dried, either by freeze or spray drying. This is reasonable since during the drying steps, the loss of the hydration
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of sample’s components allows the intimate molecular contact which is needed for the adsorption process to
occur, favored in this case by the OSA modification which enhances starch hydrophobicity (Cova et al., 2010).

Additionally, the e-nose data show that drying processes with the OSA modified starches produce powders
which efficiently trap the flavor, as demonstrated by the sharp decrease of all sensors’ signals for S2 samples
(see Figure 4b) which is irrespective of the starch type and the used drying method. As expected, little or no
measurable volatiles are detected by the e-nose, due to the vanillin (and the other trace components) low vapor
pressures.

Re-suspension of the S2 samples in water (i.e., S3 samples) results in the aroma being released again. As a
consequence, the radar plots for both samples have exactly the same shape, however with a lower intensity for the
S3 samples, which can be explained by the loss of flavor during the drying processes. This is confirmed by an
extraction and a spectrophotometric quantification of vanillin, which indicate that the spray drying methodology
yields a more efficient vanilla encapsulation than freeze drying. Moreover, Capsul is more efficient than Hi Cap
100 for vanilla encapsulation. The latter difference among both starch types is also reflected in that, for spray
dried samples, Capsul yields higher aroma signals than Hi Cap 100, that is, all sensor signals of Capsul S3
samples are higher than those obtained with Hi Cap 100 in matching conditions.

These results are in line with the evidence obtained from the textural parameters extracted by GLCM (see Table
1), which demonstrate that Capsul particles are much rougher than Hi Cap 100 particles. In this regard, previous
reports also indicate that a higher surface area favors larger flavor retention with different types of starches
(Boutboul et al., 2002).

It would be an interesting topic for further study to vary wall composition and drying parameters with the aim of
determining the optimal operating conditions for these two OSA starches, and to evaluate thereafter its influence
in the encapsulation efficiency of flavors and the modulation of the released aroma.

5. Conclusions

We compared the encapsulation performance of vanilla extract by two different OSA modified starches Capsul
and Hi Cap 100 by spray and freeze drying procedures. The results clearly state that Capsul has a better capacity
for vanilla encapsulation than Hi Cap 100. The combination of GLCM image texture analysis and e-nose
measurements allowed us to demonstrate that the efficiency of the encapsulation and the recovery of the final
aroma depend on the texture properties produced by a combination of the starch structure and the chosen drying
process.

Furthermore, this work describes a useful and systematic tool that may stimulate new studies about the molecular
interactions of scent molecules and carbohydrates, with the expectation of the aroma release being modulated by
manipulating the drying process and the molecular structure of the starch.
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