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Rice quality is based on chemical guttysical properties affecting its and stickiness to lips (STICKI) were related to deep-milled samples and
appearance, flavor, and texture characteristics. Sensory quality can pesitively correlated to amylose, whiteness, and milling degree. The
assessed by a combination of descriptive sensory and physicochemiedfribute roughness (ROUGH) was related to ligiiteth samples and
property evaluations. The purpose of the present study was to assess plsitively correlated to protein and negatively correlated to amylose. The
potential of near-infrared reflectance spectroscopy (NIRS) and NIRS imain variation in sensory attributes was a result of amylose and protein
combination with other physicochemical measurements for the determgontents of the rices. A noise-compensation value, relative ability of
nation of sensory texture attributes in whole-grain milled rice samplerediction (RAP), was used to express the degree of prediction (1.0 =
Six rice samples representing combinations of variety and growing locdest possible prediction). NIRS gave the best prediction results for the
tions received treatments of two degrees of milling and five drying contexture attributes: MADHES, VADHES, and STICKI with an RAP of
ditions to achieve final moisture levels of 12 or 1596=(120). Quéty 0.57, 0.54, and 0.56, respectively. NIRS is best at predicting texture char-
measurements of the cooked rice included sensory and instrumental tegcteristics of cooked rice perceived in the visuatilegcand initial oral
ture analyses. Quality measurements of theooked rice included phases of sensory evaluation. The calibration of NIRS plus physico-
amylose and protein (chemical reference), whiteness, transparency, actiemical variables did not improve the predictability of sensory texture
degree of milling (appearance units of milled rice), and NIRS analysesver NIRS alone. The prediction of sensory texture in rice by NIR needs
Partial least squares (PLS) regression was used to reveal the relationshipde further investigated on a large number of samples with different
between the different types of measurements. The sensory texture attrilarieties, growing locations, cultivation rhetls, harvesting methods,

utes: manual adhesiveness (MADHES), visual adhesiveness (VADHESNd processing after harvesting.

The economic vaue of rice can be recognized by the increased
interest in rice varieties and products found in supermarkets.
Quality indexes are necessary to allow breeders to efficiently
select the appropriate varieties that perform well for specific
growing regions and that provide the necessary quality for con-
sumers. Sensory quality is based on chemical and physical prop-
erties that initiate from the original stock, the growing and
harvesting conditions, and postharvest processing and storage
conditions. Control of final appearance, flavor, and texture char-
acteristics of cooked rice begins long before the kernels are
cooked. A multidisciplinary approach to definition and control of
food quality must account for all these stages.

Assessment of quality of cooked rice can be determined by a
combination of evauations of physical, chemical, and sensory
properties and by seeking an understanding of how they inter-
relate. Proximate composition (i.e., fat, moisture, protein), amy-
lose content, whiteness, and hardness are determined on the raw
kernels by various individual procedures. Sensory properties are
studied by descriptive analytical sensory analysis or discrimina-
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tive methods for relationships with consumer preference-acceptance
tests. Traditional physicochemical methods are slow and generally
lead to chemical waste production. Likewise, sensory anaysis
must be conducted under strict conditions of control. Overall
quality assessment relies on the integration of all these properties.

Near-infrared reflectance spectroscopy (NIRS) is a rapid
method for measuring some constituents of materials without requir-
ing extensive sample preparation or producing chemical waste.
NIRS has also been shown to produce accurate and reliable results
to determine apparent amylose content (Villareal et al 1994),
amino acids (lwamoto et a 1986), lipids (Stermer et a 1977),
moisture (Iwamoto 1987), and the degree of starch gelatinization
(Onda et a 1994) in milled rice. Recently, Delwiche et a (1996)
reported on the ability for NIRS reflectance analysis of whole-
grain milled rice to predict apparent amylose, protein, whiteness,
transparency, milling degree, and paste viscosity characteristics.

Few studies have addressed the potential of NIRS to determine
sensory attributes. Prediction of sensory quality based on NIRS has
been reported on peas (Martens and Martens 1986), green and black
china teas (Yan et a 1990), and meat sausages (Ellekjaer et al
1993). The purpose of the present study was to assess the potential
of NIRS, aone and in conjunction with other physicochemical
properties, to analyze whole-grain milled rice to generate models
to predict the sensory texture attributes of the cooked product.

MATERIALSAND METHODS

Rice Samples

Rices from 1994 of M401 and Koshihikari varieties grown in
Arkansas and California, Bengal variety grown in Arkansas, and
Calrose variety grown in California were harvested at 20% mois-
ture and immediately dried to 12 and 15% moisture constants by
five drying procedures. Drying procedures were: 1) air-drying at

18°C and 40% rh, 2) air-drying at ambient temperatures (26—



28°C), 3) continuous-flow drying with 60°C heated air (high-with some characteristics outside the mouth and ending with
temperature commercial drying conditions), 4) continuous-flommouthfeel characteristics after the rice is swallowed. In Phase I, a
drying with 50°C heated air (hormal commercial drying condi-teaspoon of rice was place on a plate and manipulated with the
tions), and 5) continuous-flow drying with 32°C heated air (low-back of the spoon, evaluating for manual adhesiveness
temperature commercial drying conditions). The continuous-floMADHES) and visual adhesiveness (VADHES). In Phase II, rice
drying was on a pilot-scale unit located at Riviana Foods, Incwas compressed lightly between lips and evaluated for stickiness
(Houston, TX) that simulates commercial dryers. After drying, theo lips (STICKI). In Phase Ill, the surface of rice placed behind
paddy (rough) ricen(= 60) was stored in sealed containers forfront teeth was evaluated for initial starchy coating (ISTARCH),
approximately two to three months in a cool room maintained aurface slickness (SLICK), and roughness (ROUGH). In Phase 1V,
18°C. One week before sensory testing, the samples$0) were  one-half teaspoon of rice was evaluated at first bite for self adhe-
shelled using a Satake rice machine, (model SB, Satake Engiiveness (SADHES), springiness (SPRING), cohesiveness
neering Co. Tokyo) and milled to provide two levels of milling (COHES), hardness (HARDN). In Phase V, rice was evaluated
(i.e., light and deep). Light (regular) milling was accomplishedduring chew for cohesiveness of mass (COHES), chewiness
using a laboratory Satake one-pass mill (pearler, model SKDJCHEWI), and uniformity of bite (UNIFORM). In Phase VI, after
The first pass was with a 50-g weight in the 5th position; the seswallow characteristics of residual loose particles (RESID),
ond pass was with a 50-g weight in the 3rd position. Deep millingoothpack (TOOTHPCK), and starchy mouthcoating (SMCOAT)
was performed on 250-g portions of the regular-milled rice using were evaluated. These 16 sensory descriptors were placed on the
laboratory Satake grain testing mill (model TMO05). Milling con- ballot and used by the panel to evaluate the samples under study.
ditions were 1 min at 1,250 rpm using a fine mesh abrasive wheel.

Brokens were removed with appropriate laboratory sizing devicelgrooluct Testing: Cooking

using standard indented plates and cylinders. Samples were cooked and tested individually at 20-min inter-

vals. A 600-g portion of dry-milled rice was rinsed three times in
Physicochemical Analysis of Uncooked Whole-Grain Milled enough cold water to cover the rice, strained to remove excess
Rice water, and then transferred to a preweighed rice cooker insert
Protein (N x 5.95) was determined in triplicate by the methodowl. Water was added in an amount to equal a 1:1.3 ratio of rice
of combustion (AOAC 1990). Apparent amylose content wago water by weight, accounting for the water retained on washing.
determined in triplicate by the simplified assay method developeBice was presoaked for 30 min at room temperature and then
by Juliano (1971). Values for whiteness, transparency, and millingooked in a Panasonic rice cooker-steamer (model SR-W10GHP,

degree were measured on a Satake milling meter (model MM-1BfC International, Inc., Norcross, GA) with a capacity of 1 L.
in accordance with manufacturer’s instructions. When the cook cycle was complete, the cooker automatically

shifted to a “warm” setting. Rice was held an additional 10-15 min.

. L . The top 1-cm layer of cooked rice was skimmed off and dis-

Spﬂﬁﬁ()p'nCAEﬁ%sersg Uncr?r?ili]ed r\:]vohnoégﬁ cr)ﬁ'qgt';ﬂr'I(Ir?]doggl:e%oocarded. Samples for analysis were taken from the middle of the
sible near-inrared sca 9 ¢ontainer but not from within 1-cm of the edges and bottom. This

NIRSystems, Silver Spring, MD) was used to collect reflec'_[anc ortion was transferred to a prewarmed glass bowl and mixed

:ﬁzg;nv?/:lsoge;rztg: \éeliﬂgtgor;ngeOfaiokg_i’?\ﬁgsngn v ghlel |(r|1§g Eently to minimize damage of individual kernels. PortiorS0(

ft Intern t?n LN yP t Matild PFA) Wr?ich includeé hodule /portion) were placed into individual glass cups covered with

fsc?r ac euisz;i:n aa'n d C.rogessiﬁ ;’ S e,ctra In coniunction Witﬁ/vatchglasses. Each cup rested in a styrofoam caddy to keep the
g 1d p 9 P - In- conju sample at a constant temperature for serving to panelists. Water

sensory test sessions, uncooked whole-grain milled miee120)

was scanned in duplicate in a transport cell in reflectance mode W§S provided to panelists for mouth cleansing between samples.
described by Delwiche et al (1996). The duplicate scans of ea§1 mples were evaluated at individual test stations under low-pres-

sample were examined visually for consistency and averaged. o ¢ sodium vapor masking lights (CML-18, Trimble House, Nor-
P y y ged. cross, GA). Panelists evaluated the samples for each of the 16

attributes, recording their responses on 15-point intensity line

Sensory Evaluation: Experimental Design scales presented by the computerized sensory analysis system
The rices were designated by their variety-location, moisturglCSA v 4.3, Compusense, Inc., Guelph, Ontario).

and milling treatment. There were 24 treatment groups (6 variety- Before presentation of the test samples, the warm-up sample
location x 2 moisture levels x 2 milling degrees). There were 24vas presented to the panelists for evaluation. The blind-coded
panel sessions, held two days a week for 12 weeks. Each treaixth samples were averaged over panelists and compared to the
ment group was randomly assigned to a single panel sessiomarm-up consensus sample at each session to determine any pan-
Within each treatment group, there were samples of the five drelist performance drifts. For this report, attribute responses were
ing conditions. In addition, there was a sixth blind control sampletested by two-way analysis of variance for panelist and sample
Calrose, which was also served as a warm-up consensus contefflects. Attributes that did not show significant sample differences
sample before test presentations. The individual samples testedvwadre eliminated from inclusion in further mulitivariate analyses
each session were presented to the panelists in a random ordew#h other measurement variables. The average response over
20-min intervals. There were no replicates or repeated evaluatiopg&nelist was used in mulitivariate analyses.
due to inadequate sample lots.

Instrumental Texture Evaluations
Sensory Evaluation: Panel Training At the same time that sensory panelists were evaluating the
Ten panelists, previously trained in the principles and conceptsarm rice samples, the texture profile analysis (TPA) test was
of the texture profile analysis (Civille and Szczesniak 1973conducted on quadruplicate 1-g cooked rice aliquots, with a
Civille and Liska 1975, Munoz 1986, Skinner 1988) were chosebench-top texture analyzer, TA.XT2 (Texture Analyzer TA.XT2,
to participate in the study. They analyzed a wide range of ricéexture Technologies Corp. Scarsdale, NY). The 1-g sample of
varieties and conditions to develop a texture terminology listooked rice was arranged in a single grain layer on the base plate.
appropriate for evaluation of rice. A compression plate was set at 5 mm above the base. A two-cycle
The term list included 16 sensory attributes that coveredompression program (force vs. distance) was used to allow the
descriptions of the rice texture at difference phases, beginningate to travel 4.9 mm, return, and repeat. Test speed was 1
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mm/sec. Parameters derived from the two-cycle curves of the TPA
test were: hardness, springiness, cohesiveness, chewiness,
adhesiveness, and gumminess, as described by Bourne (1982).
Definitions and calculation are given in Table .

Multivariate Analyses

A commercia program for multivariate analysis (Unscrambler,
v 5.5, CAMO, Trondheim, Norway) was used to process the data
from all analyses and to develop chemometric models. The multi-
variate methods of partial least squares (PLS1 and PLS2) as
described by Martens and Naes (1989) were used for predicting
sensory attributes (dependent variables) from NIRS spectra,
chemical and Satake milling meter values, and instrumental TPA
texture data, alone and in different combinations. When only one
dependent variable is modeled, the PLS algorithm is noniterative
and is termed PLS1. When several variables are modeled simulta-
neously, it is iterative and is called PLS2. Sensory texture attrib-
utes comprised an 11-column matrix (i.e., sensory block Y). The
instrumental block X was composed of one 664-column matrix
with 653 NIRS variables plus two chemical variables (protein and
amylose), three Satake milling meter variables (whiteness, trans-
parency, and milling degree), six TPA variables (hardness,
springiness, cohesiveness, gumminess, adhesiveness, and chew-
iness). Before PLS2 analysis, weighting was done by conventional
standardization to equal variance (weight = 1/S,, where Sy =
standard deviation of the variable in the calibration set). The con-

cepts and properties of PLS in relation to NIRS are discussed by
Martens and Naes (1989).

The preprocessing data technique of multplicative scatter cor-
rection (Isaksson and Naes 1988) was applied to the spectra to
remove interferences arising from scatter and then transformed
with a second derivative (gap = 20 nm) to enhance absorption
peaks. The wavelength region was then truncated to 424-1,800
nm (653 spectral data points) because of low signal intensity and
nonlinear response at longer wavelengths (Delwiche et al 1996).

The calibration models (PLS1 and PLS2) were validated using
full cross-validation where each sample was used to test the model
derived from all other samples. The accuracy of models was ex-
pressed by root mean square error of prediction (RMSEP)
(Martens and Naes 1989). RMSEP is used for assessing the accu-
racy of dependent variables predicted from an instrument (e.g.,
NIRS) in absolute terms. However, to compare the predictive
ability of different calibration models for different sensory attrib-
utes, the measure of the relative ability of prediction (RAP), as
described by Martens and Martens (1986), was used. This is a
background compensation number where a value of 1.0 represents
the best possible prediction. RAP is defined for a sensory attribute as:

RAP = 62tot - RMSElj)/(SZtot _Szref)

whereSy is the standard deviation of a sensory attribBteis the
standard error of the reference method, which indicates the

TABLE |
Summary of Sensory TextureAttributes and | nstrumental Texture Parametersin Cooked Rice
Variables Abbreviation? Minimum Maximum Mean Siot? S
Sensory texture
Manual adhesiveness MADHES 5.04 7.66 6.56 0.39 0.06
Visual adhesiveness VADHES 6.59 8.40 7.39 0.37 0.06
Stickinessto lips STICKI 6.90 8.96 7.69 0.40 0.06
Initial starchy coating ISTARCH 4.92 6.34 5.59 0.32 0.05
Surface slickness SLICK 4.67 5.99 5.30 0.26 0.05
Roughness ROUGH 391 481 441 0.19 0.05
Self adhesiveness SADHES 541 7.09 6.16 0.36 0.05
Cohesiveness COHES 5.84 6.52 6.20 0.16 0.04
Cohesiveness of mass COHM 5.49 6.53 5.98 0.20 0.05
Uniformity of bite UNIFORM 8.17 9.21 8.68 0.18 0.03
Starchy mouthcoating SMCOAT 3.77 4.62 4.19 0.20 0.06
Instrumental textured
Hardness hard 10.24 19.86 15.50 2.04 1.13
Springiness springi 0.24 0.61 0.29 0.51 0.03
Cohesiveness cohes 0.56 0.65 0.60 0.02 0.01
Chewiness chew 1.65 424 2.75 0.58 0.28
Adhesiveness adhes —-2.69 -1.11 -1.94 0.34 0.22
Gumminess gum 5.94 12.62 9.35 1.34 0.80

a8 As used in Figs. 1-3.
b Total standard deviation.
¢ Standard error of the reference method.

d Instrumental parameters of the two-cycle curves. Hardness (hard), force value (kg) from the first major peak; Springigi¢ssafsymle recovery calculated
as distance from start of peak to probe reversal for curve two divided by that of curve one; Cohesiveness (cohes), deforesatived by area second
curve/area first curve; Chewiness (chew), hardness x springiness x cohesiveness; Adhesiveness (adhes), area of thé negtte/érpeprobe reversal;
Gumminess (gum), hardness x cohesiveness.

TABLE I
Summary of Chemical and Satake Milling Meter Constituentsin Whole-Grain Milled Rice

Variables Abbreviation Minimum Maximum Mean St
Chemical reference

Amylose amy 16.40 23.50 19.42 151

Protein _pro 3.90 8.30 5.98 0.88
Satake milling meter

Whiteness Whi 32.30 52.00 43.93 5.59

Transparency Tra 241 4.69 3.28 0.43

Milling degree Mil 60.00 157.00 116.72 26.24

2 Total standard deviation.
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uncertainty of the analysis due to panelist. Calrose, which served
as the blind control was used to determine S¢. S is defined for a
sensory attribute as:

Se = (MSE/[P x R))°®

the rice kernel. Scores for the first PLS2 factor had a correlation
of —0.56 and 0.49 with protein and amylose, respectively. The
texture analyzer variables of gumminess, hardness, chewiness,
and springiness were also related to light-milled samples and were
negatively correlated to Factor 1 scores and positively correlated
to protein content. Deep-milled (D) samples, which had positive

where MSE is the mean square error derived from two-way analgcores for Factor 1, conversely, had higher amylose, whiteness,
sis of variance with samples and panelists as class-variabl€s andnilling degree, and were more transparent. Amylose, whiteness,
and R represent the number of sensory panelists and replicatesilling degree, and transparency had positive correlations of 0.49,

respectively.

RESULTSAND DISCUSSION

0.96, 0.89, and 0.39, respectively, with Factor 1. Amylose content
also correlated positively with whiteness, transparency, and mill-
ing degree r( = 0.41, 0.20, and 0.40, respectively). All sensory
texture attributes, with the exception of ROUGH, had positive

Analyses of variance of the sensory texture attributes indicateghlues for Factor 1, and for amylose, whiteness, and milling
that springiness, hardness, chewiness, residual loose particles, alediree. The sensory variable ROUGH had negative loadings for

toothpack did not show differences in the samples due to the design
variables. Because they did not discriminate differences among
the samples, they were omitted from PLS1 and PLS2 analyses of
the NIRS, and physicochemical measurements. In addition, ther
was no differenceR > 0.05) in sensory texture attributes due to
drying procedure and moisture level. An overview of the sensory
and instrumental TPA texture data, the chemical values, anc
Satake milling meter values are shown in Tables | and I, respec
tively. The standard deviatioig§) and standard deviation due to
sampling and random measurement nog) were used in the
calculations of RAP.

Overall Relationships Between Sensory, Chemical, and
Instrumental Data

To explore relationships between sensory texture scores, chem
cal measurements and the instrumental parameters, PLS2 wz
performed. Cross-validated PLS2 explairetB% of the total
variation in the sensory block that could be predicted by the
instrumental block after four factors. Most of this variation (38%)
was described by the first three factors. Martens and Martens
(1986) reported that55% of the total variation in pea sensory
variables could be predicted by eight chemical variables, ten-
derometer value, and 21 NIR variables by the first four factors.

The loadings for Factor 1 resulting from PLS2 of the instru-
mental block related to the sensory block are plotted in Fig. 1A.
The loading values represent the contribution or correlation of the
attributes and variables to the overall factor. Factor 1 had positive
loading values for most of sensory attributes, instrumental TPA
(i.e., cohesiveness and adhesiveness), all Satake milling mete
variables, and amylose content. The NIR loading values for this
factor were related to O-H absorbance due to moisture (958 nm)
and C-H due to starch (878 and 979 nm) (Williams and Norris
1987), and therefore probably describe variations in starch con
tent. Negative loadings values were primarily the instrumental
TPA characteristics (hardness, springiness, gumminess, an
chewiness), sensory roughness, and protein content. Factor 2 hi
positive loading values for amylose content, specific sensory, anc
TPA characteristics relating to stickiness. Protein content, sensor
roughness, and instrumental TPA characteristics loaded negativ
for both Factors 1 and 2. The NIR wavelengths with negative
loading values related to N-H absorbance due to protein (1,01¢
nm) and C-H due to oil (1,212 nm) in Factor 1 and protein (1,690
nm) and oil (930 and 1,387 nm) in Factor 2.

Sample scores that were calculated from these factors were then
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plotted as shown in Fig. 1B. In Factor 1, the light-milled (L) sam-Fig. 1. Relationship of near-infrared reflectance spectroscopy (NIRS)
ples were separated from the deep-milled samples (D) in accdiesults, seven physicochemical variables, and three Satake milling meter
dance with protein and amylose content. Light-milled sample¥aiables to 11 sensory descriptive attributes using partial least squares
were higher in protein and lower in amylose (6.7 and 18.0%P-S2)- A, PLS2 loadings for Factors 1 and 2 plotted for 11 sensory

respectively) than deep-milled samples (6.2 and 18.9%). This is
agreement with Normand et al (1966), who reported that protei

@jributes (uppercase abbreviations) vs.

two chemica variables
nderlined abbreviations), three Satake milling meter variables (italic
breviations), six instrumental texture profile analysis (TPA) variables

fat, vitamins, and minerals in the peripheral layer below the braoyercase abbreviations), and NIR wavelengths (nm). Abbreviations are
coat and aleurone cells are removed with deep milling. Starch angted in Tables | and 1. B, PLS2 scores for Factors 1 and 2. L = light

amylose, by contrast, progressively increase toward the center @flled and D = deep milled.
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Fig. 2. Relationship of near-infrared reflectance spectroscopy (NIRS)
results, seven physicochemical variables, and three Satake milling meter
variables to 11 sensory descriptive attributes using partial least squares
(PLS2). A, PLS2 loadings for Factors 2 and 3, plotted for 11 sensory
attributes  (uppercase abbreviations) vs. two chemical variables
(underlined abbreviations), 3 Satake milling meter variables (italic
abbreviations), six instrumental texture profile analysis (TPA) variables
(lowercase abbreviations), and NIR wavelengths (nm). Abbreviations are
listed in Tables | and Il. B, PLS2 scores for Factors 2 and 3. ¢ =
Koshihikari grown in Arkansas, O = M401 grown in Arkansas, O =
Benga grown in Arkansas, O = Koshihikari grown in California, B =
M401 grown in California, and @ = Calrose grown in California

Factor 1 and positively correlated to protein content (r = 0.41).
Protein content had a negative correlation with amylose (r = —0.62)
and all other sensory texture attributes.

0.8

07 Y
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o0 b < »®»0oO003 L Q o @
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Il Sensory Texture [ Instrumental TPA Texture

Fig. 3. Relative ahility of prediction (RAP) of near-infrared reflectance
(NIR) instruments for 11 sensory descriptive attributes and 6
instrumental texture profile analysis (TPA) variables. 1.0 = Best possible
prediction, 0.0 = no predictive ability. Abbreviations are listed in Table .

ISTARCH, SLICK, SADHES, and COHES (0.41, 0.34, 0.48,
0.27, 0.30, 0.34, and 0.28, respectively) and a negative
relationship to proteinr(= —0.58). The location of sample scores
are in accordance with main chemical variation among the
samples. Varieties grown in California were higher in amylose and
lower in protein (18.9 and 5.7%, respectively) than those grown in
Arkansas (17.7 and 7.1%). Varieties within growing location were
to some extent explained by Factor 3 scores (Fig. 2B). Scores
from Factor 3 mainly described the variations between varieties
by amylose ( = 0.47), protein r( = —0.37) and the three
instrumental TPA variables, hardness, gumminess, and chewiness.

From the overall analysis of the data, it was concluded that the
sensory texture attribute roughness was related to protein content
and to the instrumental TPA variables springiness, hardness,
gumminess, and chewiness. The high positive or negative load-
ings at known absorbance for protein correlated with protein con-
tent of samples with low amylose. The C-H absorbance in the
NIRS loading spectra might contain information about different
oil contents of the samples since nonstarch nutrients are reduced
by deep milling (Wadsworth 1993). All other sensory texture
attributes were related to amylose, whiteness and milling degree.
Factors related to these attributes and to physicochemical vari-
ables had high spectral loadings at wavelengths related to both
starch and water.

NIRS asa Predictor for Sensory Texture
PLS1 was performed on the NIRS of whole-grain milled rice
with regard to the sensory texture attributes. The NIRS analyses

In Figure 2A, Factor 3 had positive loading values for aon the whole-grain milled rice explained9, 55, 35, 36, 28, 43,
combination sensory attributes, instrumental TPA characteristicend 28% of total variation in the data for individual sensory
amylose content, and NIRS bands for protein (1,485 nm), o#ttributes of MADHES, STICKI, ISTARCH, SLICKI, ROUGH,
(1,703 nm), and starch (1,700 and 1,030 nm). Loading negativeFJADHES, and COHES, respectively, using three PLS1 factors.
were adhesiveness, sensory ROUGH, protein content, and NIR®/0 PLS1 factors explainee40, 25, 24, and 16% of total varia-
bands related to protein (1,187 nm), oil (1,722 nm), starch (978on in the sensory attributes VADHES, COHM, UNIFORM, and
nm), and water (958 and 1,409 nm). Scores from Factor 2 andSIMCOAT, respectively. The maximum values for relative predic-
separated the samples by growing locations (Fig. 2B). Scordive ability (RAP) of the 11 sensory attributes, when using NIRS
from Factor 2 describe a positive relation between amylose ( for the prediction, are shown in Figure 3. NIRS gave the best pre-
0.27) and the sensory attributes MADHES, VADHES, STICHI,diction results for the texture attributes, MADHES, VADHES, and
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Fig. 4. Averages of relative ability of prediction (RAP) of the sensory
descriptive attributes by near-infrared reflectance spectroscopy (NIRS),
instrumental texture profile analysis (TPA), chemical (CHEM), and
Satake milling meter analyses (MM), aone and in different
combinations. 1.0 = Best possible prediction, 0.0 = no predictive ability.

STICKI, with a RAP of 0.57, 0.54, and 0.56, respectively. These
three attributes were perceived in Phases | and Il of evaluations.
These performance statistics are lower than reported by Martens
and Martens (1986) for NIR prediction of texture variation (e.g.,
hardness, juiciness, and mealiness with RAP = 0.82, 0.80, and
0.79, respectively) in peas. Predictability of ISTARCH and
SLICK was higher than ROUGH in Phase I1l. However, none of
the Phase V and VI attributes were predicted well. Thus, NIRS of
uncooked rice kernels is best at predicting texture characteristics
of cooked rice that are evaluated sensoridly in the early evalua-
tion phases (i.e., Phases I, 11, and I11). The first phases represent
visual and tactile evaluations and initial oral evaluations. The poor
prediction potential of the latter phase models was possibly due to
the relatively small variation in sensory data, compared to Phase |
and Il and that was reported by Martens and Martens (1986).

NIRS asa Predictor for Physicochemical M easurements

Optima model conditions for protein, whiteness, transparency
and milling degree occurred with 7, 5, 5, and 8 PLS1 factors with
an RMSEP of 0.19, 0.59, and 0.12% and 2.25 respectively. These
RMSEP values correspond to RAP values of 0.96, 0.98, 0.85, and
0.98, respectively. The PLS1 model factors account for 95, 97, 84,
and 98% of the total variation in protein, whiteness, transparency,
and milling degree, respectively. The NIRS wavelength region,
derivative preprocessing, and performance statistics for these
physicochemical measurements are in agreement with Delwiche
et a (1996).

Results from a separate PLS1 analysis of the six instrumental
TPA variables versus the NIRS variables are shown in Fig. 3 in
terms of RAP vaues. The NIRS data explained 41, 35, 44, and
48% of the variation in data for springiness, adhesiveness, cohe-
siveness, and gumminess with a six-factor solution. Optimal
model conditions for hardness and chewiness contained seven
factors with an explained variance of 57 and 54%, respectively.

The predictability of the TPA variables was similar to the sensory
texture attributes, but much lower than the RAP for the chemical
and Satake milling meter data.

Combining Methods for Prediction of Sensory Texture

Separate PLS1 calibrations were developed for the sensory
texture attributes with NIRS, TPA, and chemical and Satake
milling meter data, adone and in different combinations
(instrumental block). When using NIRS to predict sensory texture,
we obtained an average RAP of 0.42 (Fig. 4). Correspondingly,
TPA aone was found to be inferior to NIRS. NIRS together with
TPA did not improve the prediction. When using chemical and
Satake milling meter data, a RAP of only 0.30 was obtained, even
though these attributes correlated to some sensory texture attrib-
utes. The calibration of NIRS, chemical, Satake milling meter, and
TPA variables together did not improve the predictability of sen-
sory texture over NIRS alone.

CONCLUSIONS

The main variation in sensory texture attributes was a result of
amylose and protein contents of therices. This variation arose as a
result of the degree of milling treatments. The predictability of
sensory texture attributes by NIRS was mainly related to changes
in spectra caused by different protein, starch, and possibly lipid
contents of the rice. Considering the narrow range of the sensory
texture data, we feel NIRS has potential as a rapid tool to predict
rice texture attributes in addition to predicting chemical composi-
tion and Satake milling meter values. Further study is needed on
the prediction ability of sensory texture attributes by NIRS when
the variation in sensory texture is caused by varietal differences as
well as milling procedures which would provide a broader spec-
trum of rice texture characteristics.
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