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a b s t r a c t

The aim of this study was to assess near-infrared reflectance (NIR) spectroscopy as a tool for determining
sensory and texture characteristics of beef. Chemical, instrumental, texture and sensory characteristics
were predicted by near-infrared reflectance spectroscopy carried out on longissimus dorsi muscle samples
from 190 young bulls.
The use of first derivative gave best predictions together with NIR spectra, except for myoglobin and
water holding capacity, which had an R2 of prediction of 0.91 and 0.82, respectively, using visible and
NIR spectra. Tenderness was the best-predicted variable (R2 = 0.98) demonstrating the potential of NIR
spectroscopy in the prediction of sensory variables. Chemical composition variables and Warner–Bratzler
shear force were predicted with an R2 of prediction of around 0.7, but protein was not predicted with
accuracy.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

Near-infrared spectroscopy has been successfully used by the
industry for chemical analysis due to its recognised advantages
as a rapid and accurate tool (Bartholomew & Osuala, 1988; Mit-
sumoto, Maeda, Mitsuhashi, & Ozawa, 1991; Tøgersen, Isaksoon,
Nielsen, Bakker, & Hildrum, 1999). The dairy industry uses infrared
technology effectively to determine lactose, protein and fat con-
tents in milk. Furthermore, this technology is widely used in the
grain and livestock feed industry (Bjarno, 1982; Rotolo, 1979;
Shenk, Westerhouse, & Hoover, 1979). Near-infrared reflectance
(NIR) spectroscopy has also been used previously in meat analyses
(Ben-Gera & Norris, 1968) and, recently, numerous studies and
applications have been developed for the prediction of meat prop-
erties, particularly chemical composition (Denoyelle & Cartier,
1996; Hildrum, Nilsen, Tøgersen, Rødbotten, & Isaksoon, 1999;
Lanza, 1983; Mitsumoto et al., 1991; Oh & Großklaus, 1995; Oliván,
1999; Oliván, de La Roza, Mocha, & Martínez, 2001; Tøgersen et al.,
1999). Other characteristics of meat, such as tenderness, are stud-
ied by means of slow and destructive methods such as textureme-
ters equipped with Warner–Bratzler, Kramer or compression
devices. Similarly, sensory analyses with trained panellists require
a great amount of meat samples and this is a complex, expensive
and time-consuming technique. Applications of NIR spectroscopy
in the prediction of sensory meat quality are less developed than
ll rights reserved.

: +34 976 716 335.
in other fields. Taking into account that covalent bonds that in-
volve hydrogen are dominant in the near-infrared region (Davies
& Grant, 1987), changes in meat that involve bond absorption
energy could be measured by NIR spectroscopy. Such changes evi-
dently also occur in meat during ageing (Hildrum et al., 1995) by
oxidation or enzyme activity and are reflected in many character-
istics such as tenderness, flavour and juiciness. Thus, both instru-
mental and sensory tenderness, and related variables such as
sensory overall appraisal and juiciness could be predicted by NIR
spectroscopy, although until now tenderness predictions have usu-
ally been inconsistent (Liu et al., 2003).

The aim of this work is to evaluate NIR spectroscopy as a tool for
determining instrumental texture variables and sensory proper-
ties, as well as chemical characteristics of beef.
2. Materials and methods

2.1. Experimental design

A total of 190 pure or cross-breed young bulls were used in the
study, comprising breeds with differing rates of maturity (Table 1).
Animals were fed ad libitum on concentrate and cereal straw. The
concentrate used to feed animals up to a live weight of 300 kg con-
tained 180 g MS kg�1 of crude protein and 12.1 MJ ME kg�1, from
then onwards they received a concentrate with a lower crude
protein content, 155 g MS kg�1 and a higher energy density
13.0 MJ ME kg�1 until slaughter. Upon slaughter the carcasses
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Table 1
Distribution of breeds or cross-breeds

n % Maturity

Asturiana de la Montaña 16 8.4 Early
Asturiana de los Valles 28 14.7 Late
Avileña 26 13.7 Early
Morucha 6 3.2 Early
Parda de Montaña 6 3.2 Early
Pirenaica 44 23.2 Late
Rubia Gallega 12 6.3 Late
Blonde d’Aquitaine 12 6.3 Late
Retinta 24 12.6 Early
Asturiana de los Valles � Retinta 5 2.6 Medium
Pirenaica � Retinta 6 3.2 Medium
Limousin � Retinta 5 2.6 Medium

Total 190 100
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weighed 338.4 ± 78.6 kg with a SEUROP classification distribution
detailed in Table 2.

Experimental materials were obtained from four experiments.
For details of breeds, weight and age at slaughter, please see
Albertí, Ripoll, Goyache, et al. (2005), Albertí et al. (2008), Albertí,
Ripoll, Panea, et al. (2005), Monson, Sañudo, and Sierra (2005)
Panea, Albertí, Ripoll, Olleta, and Sañudo (2005).

Carcasses were chilled for 24 h, and then the loin of left half of
the carcasses was removed from the 5th to 10th thoracic vertebrae
and sliced in the cranial-caudal sense to obtain samples for chem-
ical analysis, NIR spectra collection, instrumental texture analysis
and sensory analysis. Samples were vacuum packed (900 mbar)
and aged 7 days at 4 �C, frozen and stored at �20 �C until analysis.

2.2. Instrumental and chemical analyses

Muscle pH was measured at 24 h post mortem in the lumbar
region using a Crison 507 electrode. A 2-cm thick steak near to
the 5th vertebra was used for chemical analysis. Crude protein,
intramuscular fat and moisture, expressed on a wet basis were
determined according to ISO 937-1978; ISO, 1443-1973 and ISO
1442-1973 methods, respectively. Haem pigment concentration
was calculated using a physical–chemical method (Hornsey,
1956) and expressed as mg myoglobin g�1 muscle. The water hold-
ing capacity (WHC), expressed as a percentage of expelled water,
was measured by applying pressure to minced meat samples (Grau
& Hamm, 1953).

After thawing a 3-cm thick steak extracted from around the 7th
and 8th vertebrae, it was cooked in a water bath at 75 �C until the
internal temperature reached 70 �C (Honikel, 1998). Cooked steaks
were cooled for 4 h at 25 �C before cutting into rectangular samples
with a 1 cm cross-section. Meat texture was measured by an
INSTRON 4301 (Instron Limited) equipped with one Warner–Brat-
zler shear blade with a triangular slot-cutting edge (crosshead
speed of 150 mm/min). Samples were cut using a WB blade per-
pendicular to the muscle fibre axis, determining the maximum
load in kg. A compression device that avoids transverse elongation
Table 2
Distribution of conformation and fatness of carcasses selected

Fatness Conformation

S E U R O P

1 7 19 3 0 0 0
2 2 15 41 53 4 0
3 0 1 1 36 5 0
4 0 0 0 0 0 0
5 0 0 0 0 0 0

Total 190 9 35 45 92 9 0
(Lepetit & Culioli, 1994) was installed in the INSTRON machine. A
3-cm thick steak, cut into rectangular samples with a 1 cm cross-
section of raw muscle, was used to measure stress at 20% and
80% expressed in N/cm2.

2.3. Sensory analysis

Frozen steaks, taken from around the 9th and 10th vertebrae,
were thawed in their vacuum bags in tap water for 4 h before each
session to an internal temperature of 17–19 �C. Meat was cooked
on a double plate grill (SAMMIC P8D-2) at 200 �C, until the internal
temperature reached 70 �C, monitored by an internal thermocou-
ple (JENWAY 2000). Every steak was then trimmed of any external
connective tissue, cut into approximately 2 � 2 cm sub-samples,
wrapped in coded aluminium foil and stored in warm pans until
tasting. Samples were allocated to individual booths using red
lighting to mask differences in meat colour. The panel performed
training tests using the methods outlined in ISO 8586-1 (1993).
The sensory design varied according to the objective of the corre-
sponding project (Albertí et al., 2008; Albertí, Ripoll, Goyache,
et al., 2005; Albertí, Ripoll, Panea, et al., 2005; Monson et al.,
2005; Panea et al., 2005) and in all cases panellists used the same
9-point structured scale to grade the meat. The profile evaluated by
eight panellists consisted of tenderness (defined as the opposite of
the force required to bite thorough the sample with molars), juic-
iness (as amount of moisture released by the sample after the first
two chews) and overall appraisal (referring to whether the panel-
list liked the meat or not, since there are many sensory attributes
that influence overall appraisal, Martínez-Cerezo, Sañudo, Panea, &
Olleta, 2005). A score of 1 stood for tough, dry and bad and 9 stood
for tender, juicy and good.

2.4. NIR spectroscopy analysis

Samples for spectra acquisition were taken from 6th vertebrae.
They were thawed for 24 h at 6 �C and 1 h before spectrum reading
the samples were kept at ambient temperature. Intermuscular fat
covering M. longissimus thoracis was eliminated and the muscle
was homogeneized in a meat mincer Moulinex D-56. The meat
paste was inserted in a cylindrical cup with a quartz glass with
an internal diameter of 35 mm and a depth of 10 mm. Reflectance
spectra were scanned and collected twice per sample with a Nir-
Systems 6500 monochromator instrument (FOSS NirSystems).
Spectra were stored as log(1/R) and referenced to a ceramic disk
(reference offset, log(1/R) = 0.09691). Mathematical treatments
and pre-treatments such as scatter correction, derivatives, gap
and smooth segment were investigated and the best one was
selected for each parameter on the basis of the lowest standard er-
ror and highest coefficient of determination of cross-validation.
The corrections tested were Multiplicative Scatter Correction
(MSC) (Geladi, MacDougal, & Martens, 1985), Standard Normal
Variate (SNV) (Barnes, Dhanoa, & Lister, 1989; Davies & Fearn,
2007), SNV and detrend (SNVD) (Barnes et al., 1989), and no cor-
rection. Similarly, spectral ranges from 408 nm to 2492.8 nm were
investigated and selected for each variable in order to obtain the
best calibration. Derivatives are usually applied to separate over-
lapping peaks of the spectrum, but they increase the complexity
of the spectrum and noise (Geesink et al., 2003). Derivatives pro-
duce peaks where the original spectrum has a maximum slope
and cross zero where the original had a peak and derivative spectra
look noisier than original spectra (Davies, 2007). Therefore, it was
necessary to select an adequate segment or interval to smooth the
data. The Mahalanobis distance (H statistics) was calculated and,
following this, samples with an H statistic greater than three stan-
dardised units from the mean spectrum were defined as global H
outliers and were eliminated from the calibration set (Meulemans
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et al., 2002). Just enough passes were performed to detect outliers
in order to eliminate them all in every data set. Since numerous
data points of the spectrum are highly co-linear, their compression
was performed using only a few factors (Geesink et al., 2003) to
find the calibration equation. The compression was carried out
by Partial Least Squares (PLS), modified PLS (mPLS) and Partial
Component regressions (PCR) choosing the best for each variable.
Samples were selected at random from two groups; three quarters
of the total samples (142) were used for calibration and cross-val-
idation and the other quarter (48) was used to validate calibra-
tions. Mathematical treatments and data management were
carried out with WINISI NIRS II Project Manager v.1.04 (Infrasoft
International, LLC). The ratio of the standard deviation (SD) and
the standard error of prediction (SEP), namely the residual
predictive value (RPD), were used to test the accuracy of the cali-
bration models (Barlocco, Vadell, Ballesteros, Galietta, & Cozzolino,
2006).

3. Results and discussion

Tables 1 and 2 show the number of samples used in the study
distributed by breed/cross-breed and by the SEUROP classification,
respectively. Carcasses used in the study were representative of
the Spanish market, coming from specialised beef breeds such as
Pirenaica, characterised by high muscularity and low to medium
level of fatness (Albertí et al., 2008), low meat producer breeds
such as Avileña and Retinta with a low muscle conformation and
high fatness level (Albertí, Ripoll, Panea, et al., 2005), local breeds
such as Asturiana de la Montaña, poorly muscled and with a high
to medium level of fat (Albertí et al., 2008), and highly muscled
and low fat breeds such as Rubia Gallega, Asturiana de los Valles
and Blonde d’Aquitaine. There were also crossbred young bulls
from a local breed dam and a specialised beef bull. Most of the car-
casses were graded around U–R/2–3 (69%), and S–E/1–2 (23%), rep-
resenting the most demanded and offered carcasses in this market.
It is not usual find carcasses graded as P class for conformation and
4–5 for fatness since breeds with the best conformation tend to be
more economically valuable and average or poor conformations
are penalised (Albertí, Ripoll, Panea, et al., 2005). Furthermore, it
is not common to find well-conformed carcasses with a high fat
level or poorly muscled carcasses with low fatness levels within
these categories of young bulls.
Table 3
Description of laboratory values and mathematical treatments of studied variables

Mean Min–Max Standard deviation Scatte

Fata 1.07 0.33–2.20 0.49 SNVD
Moisturea 75.47 73.31–77.91 0.69 None
Proteina 21.67 17.08–23.82 1.11 MSC
Myoglobineb 3.73 2.55–5.08 0.62 None
WHCc 25.14 21.17–29.17 2.36 None
Stress 20%d 8.37 3.54–17.08 3.51 SNVD
Stress 80%d 36.37 20.47–72.00 10.67 SNVD
WBSFe 4.85 2.60–10.00 1.52 SNVD
Tendernessf 4.1 2.0–7.2 1.35 SNVD
Juicinessf 4.7 2.7–6.6 0.94 SNVD
Overall appraisalf 4.7 3.0–6.1 0.70 None

a % wet basis.
b Expressed in mg g�1 of muscle.
c Water holding capacity, expresses in percentage of liquid expelled.
d Expressed in N cm�2.
e Warner–Bratzler shear force, in kg.
f Scale from 1, very tough, dry or bad to 9, very tender, juicy or good for tenderness,
g SNVD, standard normal variate and detrend; MSC, multiplicative scatter correction.
h Number of the derivative of the spectrum–gap between the derivative segments, in
i Number of terms in the equation.
j PLS, partial least squares method; PLSm, partial least squares modified method; PCR
Means, standard deviations and ranges for physical–chemical,
texture and sensory characteristics of the samples used are pre-
sented in Table 3. There was a relatively high variability in these
characteristics because samples came from different breeds. Nev-
ertheless, the variability of chemical variables was lower than
expected.

Table 3 also shows mathematical treatments, wavelengths,
scatter corrections and compression methods for each calibration
equation. After several derivatives were tested, the best equations
were obtained using first derivative for every calibration. The first
derivative is recommended when homogeneous products such as
minced meat are used, while the second derivative is used for het-
erogeneous products (Lanza, 1983; Mitsumoto et al., 1991; NIRSys-
tems, 1985) since it reduces scattering effects due to particle size
variation (Davies & Grant, 1987; Geesink et al., 2003; Oliván
et al., 2001). Often the use of derivatives increases spectrum noise
and, therefore, smoothing must be used with them (Fearn, 1999).
Two ranges of smoothing were used, 20 nm and 8 nm, and both
also fitted the optimal derivative range of wavelengths in each cal-
ibration. The wavelength range used in calibration was strictly
infrared spectrum, except for moisture, WHC and myoglobin. The
myoglobin prediction model includes wavelengths from 425 nm
to 550 nm because they have been associated with meat pigments,
and mainly with myoglobin (Brøndum et al., 2000; Lawrie, 1985).
Similarly, for WHC the visible spectra region was included, in
agreement with Brøndum et al. (2000), who found higher multivar-
iate correlation coefficients between drip loss and visible spectra
(VIS) than with NIR. Sensory variable calibrations used both VIS
and NIR wavelengths and PLS treatment with SNVD correction,
but scatter correction were not used for overall appraisal. This
may indicate that predictive information in the NIR spectrum on
overall appraisal was related to scatter phenomena.

The number of terms in the equations ranged from 2 for protein
to 5 for fat, myoglobin, WBSF and juiciness. The number of terms
for sensory prediction models was in agreement with the optimal
factors reported by Hildrum et al. (1995) using fresh or frozen/
thawed samples. Andrés et al. (2007) reported the same number
of terms for intramuscular fat and moisture, but less for sensory
characteristics, which could be related to low coefficients of deter-
mination for prediction.

Table 4 shows the calibration and prediction statistics of every
variable studied. Chemical analyses are widely studied and there
r correctiong Mathh Pi Spectrum range Treatmentj

1–8–8–2–n 5 1108-2492.8 PLSm
1–20–20–2–n 4 1500–2460.8 PLSm
1–20–20–2–n 2 1108–2492.8 PCR
1–8–8–2–n 5 408–2492.8 PLSm
1–8–8–2–n 4 408–2492.8 PLSm
1–20–20–2–n 3 1108–2492.8 PCR
1–20–20–2–n 4 1108–2492.8 PCR
1–8–8–2–n 5 1108–2492.8 PLSm
1–8–8–2–n 4 1108–2492.8 PLSm
1–8–8–2–n 5 1108–2492.8 PLS
1–8–8–2–n 3 1108–2492.8 PLSm

juiciness or overall appraisal, respectively.

nm–smooth1–smooth2–downweight outliers option, (n = deactivated).

, principal components regression.



Table 4
NIRS calibration and prediction statistics

SEC R2
c

a SEP R2
P

b RPDc

Fat 0.229 0.748 0.490 0.759 1.00
Moisture 0.220 0.861 0.369 0.717 1.87
Protein 1.047 0.110 1.019 0.158 1.09
Myoglobine 0.287 0.896 0.260 0.914 2.38
WHC 1.502 0.864 1.338 0.892 1.76
Stress 20% 2.743 0.329 2.668 0.365 1.31
Stress 80% 6.482 0.386 6.238 0.432 1.71
WBSF 0.663 0.743 1.058 0.743 1.44
Tenderness 0.370 0.979 0.353 0.981 3.82
Juiciness 0.645 0.538 0.609 0.588 1.54
Overall appraisal 0.456 0.564 0.443 0.589 1.58

a Coefficient of determination of calibration.
b Coefficient of determination of prediction.
c RPD = SD/SEP.
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are authors who have reported good calibrations for meat of di-
verse species, characteristics and treatments. The prediction equa-
tion of moisture had an R2 of prediction (R2

P) of 0.72 and a Residual
Predictive Deviation (RPD) near to 2. High quality moisture calibra-
tions have been reported in literature, with coefficients of determi-
nation that are higher than 0.70 (Denoyelle & Cartier, 1996;
Hildrum et al., 1999; Lanza, 1983; Mitsumoto et al., 1991; Oh &
Großklaus, 1995; Oliván, 1999; Oliván et al., 2001; Tøgersen
et al., 1999). The same authors reported an R2 of more than 0.90
for the determination of intramuscular fat. In the above reported
studies the high quality of calibrations was in relation to the wide
range of fat values used. The lower fat R2

P ¼ 0:759 reported in our
study could be influenced by the different location of samples used
in the fat analysis and NIR spectroscopy, owing to their different
composition (Oliván et al., 2006). The calibration model for protein
had a very much lower R2

P ¼ 0:158 than the other chemical vari-
ables. Difficulties in predicting meat protein content have been
previously reported (Lanza, 1983; Mitsumoto et al., 1991; Oliván
et al., 2001; Oliván et al., 1999; Tøgersen et al., 1999), the cause
being suggested to be the narrow protein range in bovine meat
(Oliván et al., 1999; Prieto, Andrés, Giraldez, Mantecón, & Lavin,
2006) and analytical differences between the Kjeldahl determina-
tion that measures nitrogen and the NIR that measures protein
(Lanza, 1983), as the possible causes of the low accuracy of
predictions.

The R2 obtained for myoglobin fitted in with results obtained by
Oliván et al. (2001), however, these authors used the second deriv-
ative with SNVD correction, while in this study the first derivative
was used without scatter corrections. This equation showed a good
RPD, while Prieto et al. (2006) reported a RPD = 1.09, because, in
our study, the visible region was used to estimate the different
forms of myoglobin. The feasibility of estimating haem pigments
was widely demonstrated by diverse authors with methods based
on electromagnetic radiation in VIS range (Hunt, 1980; Krzywicki,
1979, 1982; Stewart, Zipser, & Watts, 1965; Tang, Faustman, &
Hoagland, 2004). Although these methods were quick and easy,
some of them required pigment limit values to be set with pre-
treated samples (mixed meat treated with sodium hydrosulphite
to get 100% myoglobin, with potassium ferricyanide to obtain
100% metmyoglobin and oxygen to obtain samples with 100% oxy-
myoglobin) to avoid biased pigment estimations. The high R2, low
SEP and the absence of pre-treatments of the samples justify the
use of NIRS to estimate myoglobin content in muscle.

Spectral data with partial least squares gave higher R2 for WHC
than those reported for pig meat by Forrest et al. (2000) (R2

CV ¼
0:84) and Brøndum et al. (2000), also with lower R2

P ¼ 0:64 and
higher SEP = 2.43.

Prediction of WBSF had an R2
P ¼ 0:743 and SEP = 1.058 using

Partial Least Squares, this result was more accurate than expected,
according to Park, Chen, Hruschka, Shackelford, and Koohmaraie
(1998) who reported an R2

P ¼ 0:63 and SEP = 1.3, and was also in
accordance with Barlocco et al. (2006) who reported an R2

CV from
0.64 to 0.38 using intact or minced pork, respectively. Leroy et al.
(2003) reported an R2

CV from 0.12 to 0.41 with PLS and Oliván
et al. (2001) found R2

CV ranged from 0.23 to 0.37 using mPLS with
several scatter corrections. Prediction results for compression vari-
ables were R2

P ¼ 0:365 and R2
P ¼ 0:432 with SEP = 0.668 and

SEP = 6.238 for stress at 20% and stress at 80%, respectively. These
low R2

P for the compression variables could be explained by the fact
that the myofibrillar structure and collagen bundles are directly
compressed when intact raw meat is used, said values being highly
correlated with stress at 20% and stress at 80%, respectively (Lepe-
tit & Culioli, 1994), however, this is not the case since these struc-
tures were destroyed when minced to collect NIR spectra. Barlocco
et al. (2006) argue that this modification of meat structures when
minced explains an R2 = 0.38 in Warner–Bratzler cross-validation,
while in this study a prediction with a high R2

P ¼ 0:743 for WBSF
was available with NIR spectroscopy. This could be due to the fact
that the determination of WBSF was carried out on cooked meat
and that there is a slight correlation between the mechanical prop-
erties of raw and heated meat due to the distribution of the peri-
mysium (Lepetit & Culioli, 1994). Although the myofibrillar
structure and collagen bundles were modified with ageing and
heating of meat to determine WBSF, minced meat spectra could
be giving information on other factors such as fat or moisture con-
tents and WHC, predicting WBSF successfully. Barlocco et al.
(2006) confirm the relationship between WBSF and moisture by
the absorption in bands around 1400 and 1900 (water content),
and Park et al. (1998) reported lower absorbance in the spectra
of tender samples. WBSF was also correlated with drip losses
(Destefanis, Barge, Brugiapaglia, & Tassone, 2000; Silva, Patarata,
& Martins, 1999), therefore, tender meat with low absorption val-
ues had low drip losses and consequently low WBSF. Besides, meat
moisture is highly and negatively related to intramuscular fat con-
tent (Mitsumoto et al., 1991). These strong relationships between
moisture, fat, WHC and WBSF could offer a better explanation than
muscle structure characteristic correlations between spectrum and
WBSF, and this also explains that the corresponding calibration
equations had the same responses and a higher R2. Geesink et al.
(2003) were not able to construct useful models for WBSF, owing
to limited muscle variance (CV: 21%). The CV of our study was
around 31 %, which provides a good predictive model. WBSF is a
predictable variable using NIR spectroscopy and the calibrations
obtained are of medium or medium–high quality (Byrne, Downey,
Troy, & Buckley, 1998; Leroy et al., 2003; Meullenet, Jonville, Gre-
zes, & Owens, 2004).

The calibration model for sensory tenderness had an R2 of
0.981, a SEP of 0.353 and a RPD [3. Hildrum, Nilsen, Mielnik,
and N�s (1994) developed a slightly lower quality equation for
the prediction of bull and cow meat sensory tenderness, and Hil-
drum et al. (1995) obtained multivariate correlation coefficients
of 0.7 and 0.58 for frozen/thawed and fresh meat, respectively.
Frequently, sensory tenderness is highly correlated with WBSF,
and hence instrumental texture explains a great proportion of
tenderness (Culler, Parrish, Smith, & Cross, 1978; Hildrum et al.,
1994; Silva et al., 1999). Fig. 1 shows the spectra of extremely
tender and tough samples, which had separate spectra, and ten-
der samples had lower absorbance, in particular between 1150
and 1300 nm (Andrés et al., 2007; Hildrum et al., 1995). This
equation could be used for practical purposes. Improving NIR
spectroscopy for on-line application could be useful to assess
meat with different tenderness qualities without sensory panels.
This discrimination would be useful to satisfy specific market
demands such as quality or ‘‘gourmet” labels, or to set aside
depreciated meat for other uses. Other alternative uses would
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be to classify meat into homogeneous categories to satisfy
expectations.

Juiciness and overall appraisal judgements were more complex
than tenderness judgements. Indeed, juiciness and overall apprai-
sal had weak correlations with other chemical variables (Table
5), although overall appraisal was correlated with the intramuscu-
lar fat content, in agreement with Andrés et al. (2007). Besides, the
region around the third stretching overtone of the C–H bonds for
the intramuscular fat (950 nm) showed important correlations
with the overall appraisal (Andrés et al., 2007). The range of juici-
ness (Table 3) was narrower than the range of tenderness, and SEP
of juiciness was higher than SEP of tenderness, which could justify
its low R2 (0.588). Hildrum et al. (1994, 1995) and Liu et al. (2003)
found a juiciness calibration with a lower R2 than that reported in
this study, and also had a narrow range of values. Andrés et al.
(2007) reported R2

CV of 0.125, 0.295 and 0.243 for tenderness, juic-
iness and overall appraisal, respectively, using lamb meat. How-
ever, these R2

CV were improved to 0.462, 0.324 and 0.520 when
meat samples with extreme values of overall appraisal were se-
lected. It would seem to be necessary to include, in the sensory
analysis and NIR spectroscopy, calibrations of samples with a wide
range of values that increase variability to improve good multivar-
iate correlations. The overall appraisal model obtained an
R2

P ¼ 0:589. Correlations between overall appraisal and other sen-
sory variables are widely studied (Destefanis et al., 2000; Martí-
nez-Cerezo, Sañudo, Medel, & Olleta, 2005), but the prediction of
sensory variables by NIR spectroscopy is not usually studied in
the bibliography. Byrne et al. (1998), combining sets of meat sam-
ples aged at different times, found that the R2

P for beef acceptability
ranged from 0.35 to 0.78. Andrés et al. (2007) justified their low R2

P

with the use of samples without different ageing times, so that var-
iability in relation to the structural properties for the muscles fi-
bres was smaller than in other studies. Although in our study we
only used one aging time, the high R2

P for overall appraisal could
be due to the wide range of fatness scores for level of fatness in
the different breeds and cross-breeds. The low standard deviation
for the reference values or high standard error of prediction could
be responsible for the low RPD in some variables. Andrés et al.
(2007), Byrne et al. (1998) and Hildrum et al. (1994) reported that
Table 5
Correlations between chemical and sensory analysis

Fat Moisture Protein Tenderness Juiciness

Moisture �0.72***

Protein �0.24** �0.11
Tenderness 0.16 �0.06 0.02
Juiciness 0.11 �0.04 �0.06 0.62***

Overall appraisal 0.30*** �0.16 �0.01 0.74*** 0.60***

** P\0.01.
*** P\0.001.
prediction for sensory characteristics may be improved by allocat-
ing samples with extreme laboratory values of the initial calibra-
tion set to several sub-sets. NIR spectroscopy could be a feasible
tool for understanding the underlying relationship between chem-
ical and physical meat characteristics and the overall appraisal of
sensory analysis.

4. Conclusions

Chemical variables are well predicted, except for protein, due to
differences between NIR and Kjeldahl determinations and the nar-
row range of values.

Calibration for WBSF measured in cooked meat was reliable by
means of recorded spectra from minced meat, even if the meat
structure was destroyed, because there were other meat character-
istics, such as WHC, fat and moisture that provide spectral infor-
mation on instrumental texture. However, compression stress
calibrations with raw meat were altered by mincing. Sensory ten-
derness was successfully predicted applying NIR spectroscopy,
given that it is a relatively simple variable to be defined by panel-
lists, but judgements on juiciness and overall appraisal required
complex information. An in-depth study of spectrum bands may
be an important source of information on underlying structural
meat variables and components that influence juiciness and overall
appraisal.
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