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INtRODUCtION

Demand, defined as consumers’ ability and de-
sire to buy more beef at a given price and contin-

ue to buy it at higher prices, plays a critical role in 
the economic success of the beef industry (Tonsor 
and Schulz, 2015). A recent study (Schroeder et al., 
2013) identified product quality as a high priority for 
the beef industry on the basis of its importance as a 
major driver of consumer demand for beef and the 
ability of the industry to improve it. The strength 
shown by the high-quality branded beef market in 
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ABStRACt: Product quality is a high priority for the 
beef industry because of its importance as a major driv-
er of consumer demand for beef and the ability of the 
industry to improve it. A 2-prong approach based on 
implementation of a genetic program to improve eat-
ing quality and a system to communicate eating qual-
ity and increase the probability that consumers’ eating 
quality expectations are met is outlined. The objec-
tives of this study were 1) to identify the best carcass 
and meat composition traits to be used in a selection 
program to improve eating quality and 2) to develop a 
relatively small number of classes that reflect real and 
perceptible differences in eating quality that can be 
communicated to consumers and identify a subset of 
carcass and meat composition traits with the highest 
predictive accuracy across all eating quality classes. 
Carcass traits, meat composition, including Warner-
Bratzler shear force (WBSF), intramuscular fat con-
tent (IMFC), trained sensory panel scores, and mineral 
composition traits of 1,666 Angus cattle were used 
in this study. Three eating quality indexes, EATQ1, 
EATQ2, and EATQ3, were generated by using differ-
ent weights for the sensory traits (emphasis on ten-
derness, flavor, and juiciness, respectively). The best 
model for predicting eating quality explained 37%, 

9%, and 19% of the variability of EATQ1, EATQ2, 
and EATQ3, and 2 traits, WBSF and IMFC, accounted 
for most of the variability explained by the best mod-
els. EATQ1 combines tenderness, juiciness, and flavor 
assessed by trained panels with 0.60, 0.15, and 0.25 
weights, best describes North American consumers, 
and has a moderate heritability (0.18 ± 0.06). A selec-
tion index (Is= −0.5[WBSF] + 0.3[IMFC]) based on 
phenotypic and genetic variances and covariances can 
be used to improve eating quality as a correlated trait. 
The 3 indexes (EATQ1, EATQ2, and EATQ3) were 
used to generate 3 equal (33.3%) low, medium, and 
high eating quality classes, and linear combinations of 
traits that best predict class membership were estimat-
ed using a predictive discriminant analysis. The best 
predictive model to classify new observations into 
low, medium, and high eating quality classes defined 
by the EATQ1 index included WBSF, IMFC, HCW, 
and marbling score and resulted in a total error rate of 
47.06%, much lower than the 60.74% error rate when 
the prediction of class membership was based on the 
USDA grading system. The 2 best predictors were 
WBSF and IMFC, and they accounted for 97.2% of 
the variability explained by the best model.
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the last few years confirms that a sizable proportion 
of consumers seeking high quality are willing to pay 
for assured superior quality. Growing this segment 
of consumers is important, and meeting eating qual-
ity expectations is an appropriate strategy. Even more 
important for the future of the industry is expanding 
the consumer base. As the average income increases, 
new consumers will enter the beef market, and the 
eating quality they experience will largely determine 
if they will become habitual beef consumers. Improv-
ing quality is therefore critically important for the beef 
industry to retain and attract consumers. In this study 
we focus on eating quality, or palatability, and discuss 
long-term and short-term opportunities for the beef in-
dustry to address this attribute as a strategy to increase 
demand. Improving eating experience when consum-
ing beef and the ability to accurately inform the con-
sumer of the expected eating quality when the product 
is purchased are critical challenges. The objectives of 
this study were 1) to identify the best carcass and meat 
composition traits to be used in a selection program to 
improve eating quality, 2) to develop a relatively small 
number of classes that reflect real and perceptible dif-
ferences in eating quality that can be communicated to 
consumers, and 3) to identify a subset of carcass and 
meat composition traits with the highest predictive ac-
curacy across all eating quality classes.

MAtERIALS AND MEtHODS

The Iowa State University and Oklahoma State 
University Institutional Review Boards approved the 
experimental protocols used in this study.

Animals and Traits

A total of 1,666 Angus cattle from the Iowa State 
University (ISU) Research Herd and from 2 commer-
cial ranches in California and Oklahoma were used in 
this study.

Cattle were finished and harvested in 2008 and 
2009 at commercial facilities in Iowa (n = 516), Cali-
fornia (n = 353), Texas (n = 423), and Colorado (n 
= 374). Trained personnel obtained carcass measure-
ments, including HCW, rib eye area, marbling score 
(MS), percentage KPH, fat thickness, USDA calculat-
ed yield grade (CALCYG), and USDA quality grade 
based primarily on MS. The scale used for data entry 
of MS was 3.0 = traces, 4.0 = slight, 5.0 = small, 6.0 = 
modest, 7.0 = moderate, 8.0 = slightly abundant, and 
9.0 = moderately abundant.

Sample Collection and Preparation

Carcasses were fabricated according to Institu-
tional Meat Purchasing Specifications (IMPS), and 
sample collection was unique in each plant. Rib sec-
tions (IMPS #107) were obtained from each carcass in 
Iowa, California, and Colorado. In Texas, strip loins 
(IMPS #180) were collected from each carcass. Sam-
ples were collected, vacuum packaged, boxed, and 
transported to the ISU Meat Laboratory in Ames or 
the Oklahoma State University (OSU) Food and Ag-
ricultural Products Center (FAPC) in Stillwater for 
fabrication. Two 1.27-cm steaks were removed for 
nutrient composition, and external fat and connective 
tissue were removed. Two 2.54-cm steaks were then 
removed for Warner-Bratzler shear force (WBSF) and 
sensory analysis. All steaks were vacuum packaged, 
aged for 14 d from the harvest date at 2°C, and then 
frozen at −20°C for subsequent analysis. After sam-
ples were frozen, WBSF and sensory steaks fabricated 
in Iowa were transported to the OSU FAPC. Nutrient 
composition steaks were shipped frozen to the ISU 
Meat Laboratory for analysis.

Warner Bratzler Shear Force 

Frozen steaks were allowed to thaw at 4°C for 24 
h before cooking. Steaks were broiled in an impinge-
ment oven (XLT Impinger, model 3240-TS, BOFI 
Inc., Wichita, KS, or Lincoln Impinger, model 1132-
000-A, Lincoln Foodservice Products, Fort Wayne, 
IN) at 200°C to an internal temperature of 68°C. An 
Atkins AccuTuff 340 thermometer (Atkins Temtec, 
Gainesville, FL) was used to monitor the tempera-
ture of steaks as they exited the oven. If they had not 
yet reached 68°C, they were returned to the conveyor 
until they reached 68°C. After cooking, steaks were 
cooled at 4°C for 18 to 24 h as recommended by the 
American Meat Science Association (AMSA, 1995). 
Six cores, 1.27-cm in diameter, were removed parallel 
to muscle fiber orientation and sheared once, using a 
Warner-Bratzler head attached to an Instron Universal 
Testing Machine (model 4502, Instron Corporation, 
Canton, MS). The Warner-Bratzler head moved at a 
crosshead speed of 200 mm/min. Peak load (kg) of 
each core was recorded by an IBM PS2 (model 55 SX) 
using software provided by the Instron Corporation. 
Mean peak load (kg) was analyzed for each sample.

Sensory Analysis

Steaks were assigned a randomized number for 
sensory sessions. Steaks were allowed to thaw at 4°C 
for 24 h before cooking, cooked to 68°C as described 
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above for WBSF, sliced into approximately 2.54 × 
1.27 × 1.27 cm samples, and served warm to panelists.

Sensory attributes of each steak were evaluated by 
an 8-member, trained panel consisting of OSU person-
nel. Panelists were trained for tenderness, juiciness, 
and 3 specific flavor attributes (Cross et al., 1978). 
Sensory sessions were conducted once or twice per day 
and contained 12 samples each. Samples were evalu-
ated using a standard ballot from the AMSA (1995). 
Panelists evaluated samples in duplicate for sustained 
juiciness (JUIC) and overall tenderness (tEND) using 
an 8-point scale. For juiciness, the scale was 1 = ex-
tremely dry and 8 = extremely juicy. The scale used for 
overall tenderness was 1 = extremely tough and 8 = ex-
tremely tender. Panelists evaluated cooked beef flavor 
(BEEF), painty/fishy flavor (FISH), and livery/metal-
lic flavor (MEt) intensity using a 3-point scale. The 
scale used for beef flavor and off-flavor intensity was 1 
= not detectable, 2 = slightly detectable, and 3 = strong.

During sessions, panelists were randomly seated 
in individual booths in a temperature- and light-con-
trolled room. While being served, the panelists were 
under red filtered lights as suggested by the AMSA 
(1995). The 12 samples were served in a randomized 
order according to panelist. The panelists were pro-
vided distilled, deionized water and unsalted crackers 
to cleanse their palate.

Nutrient Phenotype Collection

Nutrient composition samples were frozen and 
ground before fat, fatty acid, and mineral assays. One 
1.27-cm steak was trimmed of external fat and connec-
tive tissue and analyzed at ISU (Ames, IA) for nutri-
ent composition, including intramuscular fat content 
(IMFC), determined by ether extraction using method 
960.39 of AOAC (2007). An approximately 4-g sample 
was dried at 105°C for 18 to 20 h (AOAC, 2007). Muscle 
samples were prepared for mineral analyses using mi-
crowave digestion (MDS-2000, CEM, Matthews, NC). 
Samples were analyzed for their mineral content using 
inductively coupled plasma–optical emission spectros-
copy (SPECTRO Analytical Instruments, Fitchburg, 
MA) as outlined by AOAC (2007). Concentrations of 
Ca, Fe, Mg, P, and Zn were calculated.

Statistical Analyses

An observational analytic cohort study was con-
ducted to test the hypotheses of phenotypic and genet-
ic associations of carcass and meat quality traits with 
eating quality of beef.

Descriptors of Flavor and Eating Quality and 
Association with Carcass and Composition Traits

An aggregate measure of overall flavor desirability 
was generated by combining the panel BEEF score as 
a desirable attribute and the FISH or MET off flavors 
scores as undesirable. PROC CATMOD of SAS (SAS 
Inst. Inc., Cary, NC) was used to analyze the association 
of BEEF class (coded 1 to 7, from low to high intensity) 
with the number of off flavors detected (coded as 0, 1, or 
2). The following equation was used to aggregate these 
assessments into a single descriptor of flavor desirabil-
ity (FLAV):

FLAV =  2 + (BEEF score) − (FISH score)  
− (MET score).

The sensory attributes TEND, JUIC, and FLAV were 
standardized with the STDZ procedure of SAS 9.4 us-
ing the STD method (location = mean and scale = SD). 
A general consensus exists that eating quality can be 
adequately described by 3 sensory attributes; however, 
it is not clear how to combine these attributes into a 
single score that could be used as a basis for describ-
ing eating quality. In this study an aggregate score 
was developed using standardized sensory attributes. 
Three eating quality variables were generated by using 
different weights for the sensory traits as follows:

Eating quality 1 (tender-heavy) EATQ1 = 
0.60(TEND) + 0.15(JUIC) + 0.25(FLAV),

Eating quality 2 (flavor-heavy) EATQ2 = 
0.15(TEND) + 0.25(JUIC) + 0.60(FLAV),

Eating quality 3 (juicy-heavy) EATQ3 = 
0.25(TEND) + 0.60(JUIC) + 0.15(FLAV).

Forward stepwise regression analysis (P = 0.05 for 
entry and P = 0.10 to stay) was used to select from 
all carcass and composition traits available the best 
model for predicting eating quality as defined by the 
EATQ1, EATQ2, and EATQ3 indexes.

Genetic Parameters and Selection Index

The restricted maximum likelihood procedure 
was used to estimate genetic and residual variances, 
heritability, and genetic and phenotypic correlations 
on the basis of 3-trait animal models fitted to the data 
using WOMBAT (Meyer, 2007) as previously de-
scribed (Mateescu et al., 2015). Contemporary groups 
were defined on the basis of gender at harvest (bull, 
heifer, or steer), finishing location (California, Colo-
rado, Iowa, or Texas), and harvest date for a total of 20 
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groups. Contemporary groups were fit as fixed effects 
in all analyses. A pedigree file with 5,907 individuals 
including identification of all animal, sire, and dam tri-
os for 4 ancestral generations was used to define rela-
tionships among animals in the data set. Significance 
of genetic correlations was obtained as θ ± Zα/2 (sam-
pling error), assuming normality of the estimator, θ.

An index was created on the basis of best pre-
dictors for EATQ1 to be used in a selection program 
to improve eating quality as a correlated trait. For N 
traits, X1 to XN, an index is created by setting up N 
normal simultaneous equations:

b1 VP(X1) + b2 CovP(X1,X2) + ··· + bN 
CovP(X1,XN) = v1 VA(X1) + v2 CovA(X1,X2) 
+… + vN CovA(X1,XN),

b1 CovP(X1,X2) + b2 VP(X2) + ··· + bN 
CovP(X2,XN) = v1 CovA(X1,X2) + v2 VA(X2)  
+… + vN CovA(X2,XN),

···

b1 CovP(X1,XN) + b2 CovP(X2,XN) + ··· + bN 
VP(XN) = v1 CovA(X1,X2) + v2 CovA(X2,Xn) 
+… + vN VA(XN),

where VP, CovP, VA, and CovA are phenotypic and 
genetic variances and covariances for the N traits and 
v1 to vN are the weights for the N traits. These equa-
tions are solved for b1 to bN, which are used to create 
an optimal selection index:

Is = b1X1 + b2X2 + ··· + bNXn.

Predictive Discriminant Analysis

The 3 indexes (EATQ1, EATQ2, and EATQ3) were 
used to generate 3 equal (33.3%) low, medium, and high 
eating quality classes. These were labeled EATQ1_Lo, 
EATQ1_Med, and EATQ1_Hi for the EATQ1 index, 
with similar labels for the EATQ2 and EATQ3 indexes.

The traits considered in this study are biologically 
correlated, and a multivariate approach via discrimi-
nant analysis was used. Linear combinations of traits 
that best predict eating quality classes were estimated 
using a predictive discriminant analysis. The multi-
variate model used in these analyses was

Yijk = µi + Tij + eijk,

where Yijk is the multivariate vector of observations 
of trait i for eating quality class j in animal k; µi is the 
multivariate means vector for i traits; Tij is the multi-
variate vector of effects in eating quality class j on trait 
i; and eijk is the multivariate vector for random errors 
associated with the observations vector Yijk and has a 
multinormal distribution.

These linear composites of predictor variables, or 
classification functions, were used to predict group 
membership. A cross-validation method was used to 
estimate the error rate when using the discriminant 
functions to allocate observations to groups. With this 
method, 1 observation is held out; the linear classi-
fication functions are estimated on the basis of the n 
− 1 remaining observations and used to classify the 
held-out observation. The process is repeated until all 
observations have been classified, and the error rates 
are determined on the basis of the cumulative findings.

Predictive discriminant analyses were performed 
using only MS, using the best predictors among all car-
cass traits, and using the best predictors among all car-
cass and composition traits. The accuracy of prediction 
was evaluated for each model on the basis of the error 
rate of classification of new observations into eating 
quality classes and was used to compare predictability 
among models and relative to the chance classification 
error rate using chance classification. Chance error rate 
(CER) for each eating quality index was calculated as 
follow:

CER =  1.0 − (frequency low class)2  
− (frequency medium class)2  
− (frequency high class)2.

To identify a subset of the best predictors (with the 
lowest error rate) from 6 carcass traits or from all 13 
predictors available in the analysis, a stepwise dis-
criminant analysis was used. Specifically, at each step 
all variables were evaluated, and the variable that 
contributed the most to the discrimination between 
groups was identified and included in the model, and 
the evaluation process was repeated for the remaining 
variables. At each step, the significance of predictor 
variables already in the model was evaluated on the 
basis of the significance for the staying criterion (P = 
0.10), and the newly entering variable was evaluated 
on the basis of the significance for entering (P = 0.05) 
criterion. The squared canonical correlation measures 
the proportion of the variance among eating quality 
groupings explained by predictor variables. The anal-
yses were performed using STEPDIS, DISCRIM, and 
CATMOD procedures in SAS 9.4.
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RESULtS AND DISCUSSION

Descriptors of Flavor and Eating Quality

Panelists detected none of the off flavors in 336 
samples, 1 off flavor (either FISH or MET) in 862 sam-
ples, and both off flavors in 468 samples. The frequen-
cies of samples with 0, 1, or 2 off flavors detected and 
stratified by BEEF score classes are presented in Table 
1. The association of beef flavor intensity with number 
of off flavors was statistically significant (χ2 = 177.7, P 
< 0.0001). The estimates from the CATMOD analysis 
and the results of 1 df χ2 tests for individual parameters 
are also shown in Table 1. The estimate for the mean 
(0.998 ± 0.023) is the average number of off flavors de-
tected for the entire population. The expected number 
of off flavors detected for each BEEF class illustrates 
the substantial decline in number of off flavors detected 
with increasing beef flavor intensity (from 1.43 for low-
est BEEF class to 0.68 for highest BEEF class).

A series of Australian studies (Thompson et al., 
2008; Watson et al., 2008; Polkinghorne and Thomp-
son, 2010) were conducted in association with the 
development of the Meat Standards Australia (MSA) 
scheme. The eating quality of cooked beef is deter-
mined by tenderness, juiciness, and flavor, and the 
goal in these studies was to develop a function of these 
sensory traits that best predict eating quality classes as 
described by a star rating system. A large number of 
consumers scored samples with respect to tenderness, 
juiciness, flavor, and overall liking and classified them 
into 1 of the 4 classes: “unsatisfactory,” “good every-
day,” “better than everyday,” and “premium quality,” 

coded as 0, 1, 2, and 3 stars, respectively (Watson et 
al., 2008). A discriminant analysis was used to de-
velop a linear function of sensory traits that best pre-
dicted the star categories of eating quality (Watson et 
al., 2008). When only tenderness, juiciness, and flavor 
were used, in line with trained panel scoring, the meat 
quality linear function (MQ3) that best predicted the 
star categories of eating quality was

MQ3 =  0.53(TEND) + 0.17(JUIC)  
+ 0.30(FLAV).

In this study the sensory attributes were combined to 
describe eating quality. Three indexes were gener-
ated with different sensory attributes being empha-
sized. The first index created for this study, EATQ1, 
places emphasis on tenderness with weights of 0.60 
for TEND, 0.15 for JUIC, and 0.25 for FLAV. These 
weights are in line with many studies identifying ten-
derness as the most important trait affecting beef eat-
ing quality (Dikeman, 1987; Savell et al., 1987; Miller 
et al., 1995; Savell et al., 1999) and are similar to the 
weights assigned to these eating quality attributes in 
the MQ3 index used by MSA (Watson et al., 2008). 
On the basis of these studies, EATQ1 is considered 
the most relevant descriptor of eating quality and is 
the focus of this study, with other indexes considered 
mostly for comparison reasons.

Several studies have shown that when tenderness 
reaches an acceptable level, the importance of flavor 
with respect to beef eating quality increases (Good-
son et al., 2002; Killinger et al., 2004; Behrends et al., 
2005a,b). Surveys of beef purchasing motivators have 
also shown the importance of flavor to consumers. In 
a nationwide survey of U.S. beef consumers, flavor 
was rated as a very important purchasing motivator for 
beef steaks and roasts (Reicks et al., 2011). The sec-
ond eating quality index, EATQ2, places emphasis on 
flavor, with weights of 0.15 for TEND, 0.25 for JUIC, 
and 0.60 for FLAV. To cover the entire range, a third 
eating quality index was also constructed, EATQ3, to 
emphasize juiciness with weights of 0.25 for TEND, 
0.60 for JUIC, and 0.15 for FLAV.

Association of Carcass and Composition Traits  
with Eating Quality

Mean, SD, and minimum and maximum values 
for carcass measurements; concentrations of P, Mg, 
Ca, Fe, and Zn; IMFC; and WBSF from Angus cattle 
available for this study are presented in Table 2 and 
are discussed in detail by Mateescu et al. (2013).

The parameter estimates and their SE, t values, and 
P > |t| for the best models to predict EATQ1, EATQ2, 

table 1. Frequency distribution of beef flavor (BEEF) 
score of observations with no off flavor detected, with 
livery/metallic (MET) or painty/fishy (FISH) off fla-
vor detected, and with both off flavors detected

BEEF1

No off 
flavor

detected

One off 
flavor

detected

Both off 
flavors

detected Estimate2

BEEF ≤ 2.25 15 141 146 0.435a

2.25 < BEEF ≤ 2.375 43 148 97 0.189a

2.375 < BEEF ≤ 2.50 98 204 108 0.026a

2.50 < BEEF ≤ 2.625 83 190 73 −0.027
2.625 < BEEF ≤ 2.75 63 122 31 −0.147
2.75 < BEEF ≤ 2.875 23 42 11 −0.156a

2.875 < BEEF 11 15 2 −0.320a

Total 336 862 468 0.998a

aEstimate significantly (P < 0.05) different than zero.
1Beef flavor intensity classes were defined on the basis of sensory panel 

score. The scale used to score BEEF, MET, and FISH intensity was 1 = not 
detectable, 2 = slightly detectable, and 3 = strong.

2Deviation from the mean (0.998 ± 0.02) for the number of off flavors 
detected for each BEEF class.
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and EATQ3 are shown in Table 3. The best model 
for EATQ1 has R2 = 0.37, and the first 2 variables, 
WBSF and IMFC, account for 98% of the variability 
of EATQ1 explained by the model. The best model 
for EATQ2 has an R2 = 0.09, indicating that the traits 
available could explain a much lower proportion of 
the variability of EATQ2. Although IMFC and WBSF 
still explain most of the variability of EATQ2, IMFC 
is the first variable entering the model, and Fe and Mg 
concentrations are also significant. This suggests that 
if flavor is emphasized, fat and several minerals play 
an important role. However, the low predictive power 
for EATQ2 with the traits available in this study indi-
cates that more objective measures describing flavor 
need to be identified if flavor becomes an important at-
tribute of eating quality. The recently developed Beef 
Flavor Lexicon (Adhikari et al., 2011) and the identi-
fication of the compounds generated by cooking and 
responsible for beef flavor (Kerth and Miller, 2015) 
are important steps toward this goal. The best model 
for EATQ3 has R2 = 0.19. The IMFC was the first vari-
able entering the model and, together with WBSF, ac-
counts for most of the variation in EATQ3 explained 
by the best model, suggesting the importance of fat 
when juiciness is emphasized.

Two important points emerge from this analysis. 
First, independent of which index is used to define 
eating quality, the 2 objective measures of tenderness 
(WBSF and IMFC) are the 2 best predictors and joint-
ly account for most of the variability in eating qual-
ity explained by the best predictive models. Second, 
the EATQ1 index has practical relevance in address-
ing eating quality because it is based on a substantial 
amount of consumer research and can be best predict-
ed with available phenotypes.

Genetic Parameters and Selection Index

Heritability, genetic and phenotypic correlations 
for each eating quality index (EATQ1, EATQ2, and 
EATQ3), WBSF, and IMFC are shown in Table 4. The 
EATQ1 index has a moderate heritability (0.18 ± 0.06) 
that is slightly higher than that of EATQ3 (0.13 ± 0.05), 
whereas the heritability of EATQ2 is essentially zero 
(0.04 ± 0.04).

Eating quality as defined by the EATQ1 index is 
a continuous variable likely to best describe North 
American consumers. However, because eating qual-
ity is difficult and expensive to measure on a large 
number of individuals, an indirect approach should 
be considered. Warner-Bratzler shear force and IMFC 
are objective measures and the best predictors of eat-
ing quality, and they should be used to indirectly select 
for eating quality as a correlated trait. Higher heritabil-

ity and higher genetic and phenotypic correlations of 
EATQ1 with predictor traits WBSF and IMFC are ad-
ditional arguments for using WBSF and IMFC as pre-
dictors in a selection program to improve eating qual-
ity as defined by the EATQ1 index. A selection index 
based on these 2 traits was developed using phenotyp-
ic and genetic variances and covariances. The weights 
used for WBSF and IMFC, v1 and v2, are their genetic 
correlations with EATQ1 (−1 and +0.6, respectively). 
Solving the system of simultaneous equations for b1 
and b2 resulted in the following selection index:

IS = −0.5(WBSF) + 0.3(IMFC).

A bivariate animal model of the same data estimated 
the heritability of the selection index to be 0.42 ± 0.09 
and its correlation with the target of selection EATQ1 
to be 0.89 ± 0.11, suggesting that a selection program 
based on this index could be effective in improving 
eating quality as a correlated trait.

Like many production traits that have an economic 
value to the beef industry, eating quality can be im-
proved through changes in both management and ge-
netics. The cost of measuring eating quality directly and 
the fact that a measure on a live breeding candidate is 
not possible make this trait difficult to improve directly 
through traditional means. Eating quality is an excel-
lent example of a trait that can be improved via indi-
rect selection using 2 indicator traits genetically corre-

table 2. Mean, SD, and minimum and maximum val-
ues for carcass measurements, including HCW; rib eye 
area (REA12); marbling score (MS); percentage KPH; 
fat thickness (FAT12); USDA calculated yield grade 
(CALCYG); concentrations of P, Mg, Ca, Fe, and Zn; 
intramuscular fat content (IMFC); and Warner-Brat-
zler shear force (WBSF) from Angus cattle
Trait Mean SD Minimum Maximum
HCW, kg 333.01 32.58 222.26 449.05
FAT12, mm 13.46 4.83 3.05 28.45
REA12, cm2 80.26 7.55 55.49 107.10
KPH, % 2.00 0.35 1.00 3.00
MS1 6.04 0.99 3.60 9.20
CALCYG 3.03 0.65 1.14 5.19
P, µg/g meat 2,020.62 286.69 0.82 3,163.15
Mg, µg/g meat 264.95 42.91 156.39 440.74
Ca, µg/g meat 37.02 20.58 3.81 208.65
Fe, µg/g meat 14.48 3.16 5.20 27.43
Zn, µg/g meat 38.36 7.29 22.53 85.68
IMFC, g fat/100 g meat 6.04 2.04 1.41 15.47
WBSF, kg 3.67 0.69 2.12 8.47

1The scale used for data entry of MS was 3.0 = traces, 4.0 = slight, 5.0 
= small, 6.0 = modest, 7.0 = moderate, 8.0 = slightly abundant, and 9.0 = 
moderately abundant.
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lated with the target trait. However, the indicator traits, 
WBSF and IMFC, are impossible or difficult to measure 
on live animals. A DNA test that can accurately iden-
tify cattle with superior genetics for WBSF and IMFC 
would help to overcome these challenges. The applica-
tion of genomics in beef cattle breeding is progressing. 
For several beef breeds, breeding values for tenderness 
and marbling incorporating genomic information are 
already available, suggesting that genomic predictions 
for eating quality combining WBSF and IMFC in an 
optimal index to select for eating quality is also fea-
sible. The lacking incentive to promote development 
and adoption of such a program is a clear market sig-
nal to producers regarding the economic importance of 
eating quality for the competitiveness of beef industry. 
An eating quality assurance program would provide the 
needed incentives and encourage industry stakeholders, 
cow-calf producers in particular, to invest in a genomic 

selection program to improve eating quality. The imple-
mentation of a tenderness verification program (USDA 
Agricultural Marketing Service, 2012) is certainly a 
positive step toward this goal.

Prediction of Eating Quality with Carcass and 
Composition Traits

The quality index is a continuous variable that 
could be used in a selection program. However, to 
communicate eating quality to consumers, a reduced 
number of categories, or classes that can be used as la-
bels, is needed. The second objective was to assess the 
accuracy of predicting eating quality classes defined 
by 3 indexes using carcass and meat composition 
traits and to identify a subset of traits with the highest 
predictive accuracy across all eating quality classes.

table 3. The parameter estimates and their SE, t values, and P > |t| for the best models to predict EATQ1, 
EATQ2, and EATQ3 using forward stepwise regression analysis1 

Eating index Parameter2 Estimate SE t Value P > |t| PR-Sq F P > F
EATQ1 Intercept 2.00 0.18 11.08  <0.0001

 WBSF −0.52 0.02 −25.08  <0.0001 0.34 837.5  <0.00001
 IMFC 0.08 0.01 7.58  <0.0001 0.03 80.2  <0.0001
 MS −0.06 0.02 2.97 0.003 0.004 9.5 0.002
 FAT12 0.27 0.08 3.27 0.001 0.003 7.4 0.007
 HCW −0.0005 0.0002 −2.52 0.012 0.002 6.3 0.012

EATQ2 Intercept 0.49 0.18 2.67 0.008
 IMFC 0.07 0.01 6.29  <0.0001 0.05 89.5  <0.0001
 WBSF −0.14 0.02 −6.15  <0.0001 0.02 32.5  <0.0001
 MS −0.08 0.02 −3.71 00.0002 0.007 13.4 0.0003
 FAT12 0.24 0.09 2.70 0.007 0.004 6.5 0.011
 Fe 0.02 0.01 3.13 0.0018 0.002 4.0 0.045
 Mg −0.001 0.0004 −2.59 0.0098 0.004 6.7 0.010

EATQ3 Intercept 0.02 0.13 0.18 0.857
 IMFC 0.10 0.01 12.55  <0.0001 0.15 281.4  <0.0001
 WBSF −0.23 0.02 −9.66  <0.0001 0.05 91.7  <0.0001
 Fe 0.01 0.01 2.67 0.0077 0.003 7.1 0.008

1P = 0.05 for entry, and P = 0.10 to stay. Partial R2 (PR-Sq), F value (F), and P > F for each trait selected for inclusion are shown.
2IMFC = intramuscular fat content; WBSF = Warner-Bratzler shear force; MS = marbling score.

table 4. Estimates of heritability (diagonal) and genetic (above the diagonal) and phenotypic (below the diago-
nal) correlations with approximate SE (in parentheses) for each eating quality index, Warner-Bratzler shear force 
(WBSF), and intramuscular fat content (IMFC) of steaks from Angus cattle1

Item EATQ1 EATQ2 EATQ3 WBSF, kg IMFC, g
EATQ1 0.18 (0.06)   −0.99 (0.09) 0.62 (0.17)
EATQ2  0.04 (0.04)  −0.99 (0.55) 0.35 (0.44)
EATQ3   0.13 (0.05) −0.76 (0.17) 0.95 (0.15)
WBSF, kg −0.49 (0.02) −0.17 (0.03) −0.29 (0.02) 0.25 (0.07) −0.50 (0.15)
IMFC, g 0.22 (0.03) 0.09 (0.03) 0.29 (0.02) −0.24 (0.03) 0.45 (0.10)

1Three eating quality variables were generated by using different weights for the sensory traits: EATQ1 = 0.60(TEND) + 0.15(JUIC) + 0.25(FLAV) (or 
tender-heavy); EATQ2 = 0.15(TEND) + 0.25(JUIC) + 0.60(FLAV) (or flavor-heavy); EATQ3 = 0.25(TEND) + 0.60(JUIC) + 0.15(FLAV) (or juicy-heavy), 
where TEND = overall tenderness, JUIC = sustained juiciness, and FLAV = flavor desirability.
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Our data consisted of Angus cattle less than 42 mo 
of age at slaughter; therefore, the degree of marbling 
was the primary determinant of quality grade. Using 
the USDA grading system, 0.82% of carcasses grad-
ed as Select, 11.66% as Choice-, 45.41% as Choice, 
26.91% as Choice+, 9.01% as Prime-, and 6.18% 
as Prime. The distributions of observations in each 
USDA quality grade with respect to low, medium, and 
high eating quality classes based on EATQ1 index 
are shown in Table 5. A χ2 test indicates a statistically 
significant difference between the underlying distri-
butions of eating quality classes and USDA quality 
grades (χ 2 = 92.58, P < 0.0001). The data in Table 
5 show that the probability of having a positive eat-
ing experience increases with quality grade and vice 
versa for the probability of having a negative eating 
experience. Proportions of carcasses graded Choice-, 
Choice, Choice+, Prime-, and Prime in the high eating 
quality group increase from 24.62% to 56.44%, and 
those in the low eating quality group decrease from 
48.21% to 18.81%. This means that for this data set 
and with eating quality classes defined by EATQ1 in-
dex, if a consumer purchases Choice- beef, the proba-
bility of a high-quality eating experience is practically 
1 in 4, whereas the probability of a low-quality eating 
experience is 1 in 2. The probability of a high-quality 
eating experience for a consumer purchasing Prime 
beef is 1 in 2, whereas the probability of a low-quality 
eating experience is 1 in 5. The data presented in Table 
5 suggest that there is a desirable but weak association 
between quality grade and eating quality and predict-
ing eating quality on the basis of quality grades is not 
very reliable. These results are in agreement with pre-
vious studies designed to quantify the contribution of 
marbling to differences in eating quality of beef that 
also conveyed low to moderate positive relationships 

between marbling and cooked beef tenderness, juici-
ness, and flavor (Jeremiah et al., 1970, Smith et al., 
1985). Beef is a relatively expensive protein source, 
and “taste,” or palatability, is an important attribute 
influencing a consumer’s decision to purchase beef 
over other animal protein sources. In this context, mis-
classification when using the USDA grading system 
to predict eating quality is important and could have 
significant negative consequences on demand for beef.

The results from the predictive discriminant anal-
ysis evaluating the usefulness of other carcass and 
meat quality and composition traits in predicting low 
(EAT1_Lo), medium (EAT1_Med), and high (EAT1_
Hi) eating quality classes defined on the basis of the 
EATQ1 index are shown in Table 6.

When the prediction of eating quality class mem-
bership was based on only MS (model 1), the error 
rates of classification of new observations into low, 
medium, and high eating quality classes were 39.82%, 
94.24%, and 48.11% for a total error rate of 60.74%, 
only slightly better than using chance classification, 
CER of 66.66%. The best predictive model based only 
on carcass traits included MS, CALCYG, and HCW 
(model 2). With this model, the error rates of classi-
fication of new observations into low, medium, and 
high eating quality classes were 46.85%, 81.29%, and 
48.65% for a total error rate of 58.94%, indicating 
only a modest improvement in predicting eating qual-
ity classes relative to chance classification or the cur-
rent practice based on MS. The best predictive model 
when all carcass and composition traits were consid-
ered included WBSF, IMFC, HCW, and MS (model 3) 
and resulted in error rates of classification of new ob-
servations into low, medium, and high eating quality 
classes of 42.70%, 59.35%, and 39.10%, respectively, 
for a total error rate of 47.06%.

table 5. Frequency distribution of USDA quality grade by EATQ11

EATQ1

USDA quality grade

Select Choice- Choice Choice+ Prime- Prime Total
EAT1_Lo 5 99 279 124 27 21 555

Row percentage 0.90% 17.84% 50.27% 22.34% 4.86% 3.78% 100%
Column percentage 35.71% 50.77% 36.81% 27.56% 18.24% 20.79% 33.31%

EAT1_Med 5 47 273 160 48 23 556
Row percentage 0.90% 8.45% 49.10% 28.78% 8.63% 4.14% 100%
Column percentage 35.71% 24.10% 36.02% 35.56% 32.43% 22.77% 33.37%

EAT1_Hi 4 49 206 166 73 57 555
Row percentage 0.72% 8.83% 37.12% 29.91 13.15% 10.27 100%
Column percentage 28.57% 24.62% 26.91% 36.67% 49.32% 56.44% 33.31%

Total 14 195 758 450 148 101 1,666
Row percentage 0.84% 11.70% 45.50% 27.01 8.88% 6.06% 100%
Column percentage 100% 100% 100% 100% 100% 100% 100%

1EATQ1 is an eating quality class constructed using a linear function of tenderness, juiciness, and flavor and divided into 3 equal classes: low (EAT1_
Lo), medium (EAT1_Med), and high (EAT1_Hi).
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The effects of model used in prediction (χ2 = 82.31, 
P < 0.0001) and of EATQ1 class (χ2 = 714.56, P < 
0.0001) on prediction error rates (coded 0 or 1) were 
statistically significant. The estimates and their SE from 
1 df contrasts comparing the effect of 3 models and 3 
eating quality classes on prediction errors are shown in 
Table 7. The decrease in error rate for model 3 (−0.20 ± 
0.02 and −0.12 ± 0.02) was statistically significant (P < 
0.0001) relative to model 1 and model 2 (Table 6), but 
the decrease in error rate using model 2 was not statis-
tically significant (P = 0.25) relative to model 1. The 
results in Tables 6 and 7 indicate a significant improve-
ment in predicting EATQ1 classes when using WBSF, 
IMFC, HCW, and MS as predictors (model 3) with a 
29% reduction of total error rate relative to the current 
system based on MS (model 1). Also, the reduction in 
prediction error rate when using the best carcass traits 
(model 2) is minimal and not statistically significant 
relative to the prevailing system (model 1).

All models performed poorly when classifying ob-
servations in the EAT1_Med class, which is expected, 
given that errors could occur in both directions for the 
middle class. The estimated error rate difference in the 
probability of classification errors predicting observa-
tions in the EAT1_Med class relative to the average 
error rate predicting observations in the EAT1_Lo and 
EAT1_Hi classes was 0.34 ± 0.01, significantly (P < 
0.0001) greater than zero (Table 7). With all models, the 
misclassification error rates were similar for EAT1_Lo 
and EAT1_Hi classes (−0.02 ± 0.02), and the difference 
was not statistically significant (P = 0.21; Table 7).

Although no errors are desirable, from the con-
sumer and marketing point of view errors may have 
different consequences. We could speculate that mis-

classification errors for the EAT1_Med class have 
relatively small market consequences. If we assume 
that the price of the product reflects eating quality, 
the consumer is paying and expecting average eating 
quality, and this expectation is most likely met. On the 
other hand, misclassifications of a product with low or 
high eating quality may have a greater negative impact 
on consumers. Again, if we assume the eating quality 
is positively associated with the price of the product, 
not meeting quality expectations leads to dissatisfied 
consumers. This would be similar to the experience of 
25% of consumers who paid a higher price to purchase 
Choice+ or a higher grade beef having a negative eat-
ing experience when consuming it (Table 5). This 
could have important consequences because past ex-
perience is a critical factor regarding attitude toward 
food. A report (SMART, 1994) evaluating the factors 
contributing to the intent of consumers to repurchase 
a product concluded that eating quality was the most 
important factor (65%), followed by price (28%). Un-
fulfilled eating quality expectations lead to consum-
ers’ dissatisfaction, reduced future beef purchases, and 
lower demand. The negative consequences associated 
with misclassifications of carcasses with high eating 
quality into medium or low groups are of different na-
ture. These errors represent opportunity losses for the 
industry as the product is undervalued (27% of car-
casses graded Choice or lower had a high eating qual-
ity; Table 5).

The same approach was used to identify the best 
predictive model for low, medium, and high eating 
quality classes defined on the basis of the EATQ2 in-
dex with emphasis on flavor or the  EATQ3 index with 
emphasis on juiciness. Traits included in the best pre-

table 6. Cross-validation classification summary for low (EAT1_Lo), medium (EAT1_Med), and high (EAT1_
Hi) eating quality classes defined on the basis of the EATQ1 index1 

Model Class

EAT1_Lo EAT1_Med EAT1_Hi Total Error rate,
%No. % No. % No. % No. %

Model 1 EAT1_Lo 334 60.18 301 54.14 237 42.7 872 52.34 39.82
EAT1_Med 58 10.45 32 5.76 30 5.41 120 7.20 94.24
EAT1_Hi 163 29.37 223 40.11 288 51.89 674 40.46 48.11

Total 555 100 556 100 555 100 1666 100 60.74
Model 2 EAT1_Lo 295 53.15 240 43.17 183 32.97 718 43.1 46.85

EAT1_Med 92 16.58 104 18.71 87 15.68 283 16.99 81.29
EAT1_Hi 168 30.27 212 38.13 285 51.35 665 39.92 48.65

Total 555 100 556 100 555 100 1666 100 58.94
Model 3 EAT1_Lo 318 57.30 152 27.34 54 9.73 524 31.45 42.70

EAT1_Med 154 27.75 226 40.65 163 29.37 543 32.59 59.35

EAT1_Hi 83 14.95 178 32.01 338 60.90 599 35.95 39.10
Total 555 100 556 100 555 100 1666 100 47.06

1Number and percentage of observations classified into EAT1_Lo, EAT1_Med, and EAT1_Hi categories are based on marbling score (model 1), the 
best carcass traits model (model 2 with MS, USDA calculated yield grade, and HCW), and the best of all traits model (model 3 with Warner-Bratzler shear 
force, intramuscular fat content, HCW, and marbling score).
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dictive model for classes based on EATQ1, EATQ2, 
and EATQ3, the partial R2, the F value and P > F, and 
the average squared canonical correlation for each se-
quential model are shown in Table 8. With the traits 
available in this study, the ability to predict eating 
quality classes was 57% on the basis of EATQ3 and 
29.6% on the basis of the EATQ2 index, much lower 
relative to predicting classes based on the EATQ1 in-
dex. Also, the model to predict EATQ2 classes includ-
ed Fe and Ca content, but the predictive ability of the 
model was rather low, indicating that if flavor is im-
portant, other traits are needed to improve prediction.

Independent of how eating quality is defined, 
WBSF and IMFC are the best 2 predictors. The contri-
bution of WBSF and IMFC to the predictive model for 
eating quality classes based on the EATQ1, EATQ2, 
and EATQ3 indexes described by the average squared 
canonical correlations shown in Table 5 was 13.8%, 
8.0%, and 3.4%, respectively.

Implications for Industry

The challenge for the industry with respect to eat-
ing quality is complex, and a systems approach that 
encompasses pre- and postharvest production prac-
tices, meat science, and genetics is needed. Consum-
ers are the last link of the beef production chain, and 
delivering a consistent eating quality is critically im-
portant in building consumers’ confidence and loyalty 
and, subsequently, increasing the demand for beef. 
Currently, emphasis is on postmortem aging, reported 
to be an average aging time of 20.5 d at retail (Guelker 
et al., 2013), and increased marbling. However, in-
creasing marbling and aging of product to obtain beef 
with adequate eating quality are costly, and additional 
strategies that could deliver superior eating quality 
and lower cost should be developed. To address this 

issue, a 2-prong approach aimed at improving eating 
quality and consumers’ satisfaction should be used.

The first step is implementation of a genetic pro-
gram to permanently and cumulatively improve eating 
quality. Such a program would deliver superior eating 
quality with less marbling and shorter aging time and 
would also increase the value of the carcass by increas-
ing the number of cuts with superior eating quality. In 
this study, eating quality defined by EATQ1 is consid-
ered a relevant breeding objective, and a selection in-
dex based on 2 indicator traits, WBSF and IMFC, was 
developed to select for eating quality as a correlated 
trait in Angus cattle. The indicator traits are difficult to 
measure on live animals, and a DNA test that can ac-
curately identify cattle with superior genetics for WBSF 
and IMFC would help to overcome this difficulty.

The second and equally important step is the de-
velopment and implementation of a system to com-
municate eating quality to consumers and improve the 
probability that consumers’ eating quality expecta-
tions are met. An appropriate strategy should be the 
development of a relatively small number of classes 
that reflect real and perceptible differences in eating 
quality that can be communicated to consumers using 
a simple system, such as labeling. In this study the 
EATQ1 index was used to define 3 equal classes defin-
ing low, medium, and high eating quality. A predictive 
model that would assign the product (whole carcasses 
or components) to the appropriate eating quality class 
on the basis of WBSF and IMFC indicators was de-

table 7. Orthogonal contrasts comparing the effect of 
3 predictive models and 3 eating quality classes based 
on the EATQ1 index on prediction error rate1

Contrast Estimate χ2 DF P > χ2

MODEL: Model 3 vs. Model 1 −0.20 ± 0.03 64.39 1  <0.0001
MODEL: Model 3 vs. Model 2 −0.12 ± 0.02 51.29 1  <0.0001
MODEL: Model 2 vs. Model 1 −0.02 ± 0.02 1.35 1 0.246
EATQ1: EAT1_Lo vs. EAT1_Hi −0.02 ± 0.02 1.59 1 0.208
E ATQ1: EAT1_Med vs.  

[(EAT1_Lo+EAT1_Hi)/2]
0.34 ± 0.01 712.84 1  <0.0001

1Model 1 included only marbling score (MS); model 2 (best carcass 
traits) included MS, USDA calculated yield grade, and HCW; and model 
3 (best of all traits) included Warner-Bratzler shear force, intramuscular 
fat content, HCW, and MS. EAT1_Lo, EAT1_Med, and EAT1_Hi are low, 
medium, and high 33.3% classes. EATQ1 = 0.60(TEND) + 0.15(JUIC) + 
0.25(FLAV) (or tender-heavy), where TEND = overall tenderness, JUIC = 
sustained juiciness, and FLAV = flavor desirability.

table 8. Traits selected using forward stepwise dis-
criminant analysis (P = 0.05) to predict class mem-
bership with low, medium, and high eating quality 
classes defined on the basis of the EATQ1, EATQ2, 
and EATQ3 indexes1 
Eating  
   index Trait2 R-Sq F P > F SCC

EATQ1 WBSF 0.24 265.2 0.0001 0.12
 IMFC 0.04 36.5 0.0001 0.14
 HCW 0.004 3.6 0.028 0.14
 MS 0.004 3.4 0.033 0.14

EATQ2 WBSF 0.06 50.3 0.0001 0.03
 IMFC 0.01 9.9 0.0001 0.03
 Fe 0.006 5.2 0.006 0.04
 MS 0.006 4.9 0.006 0.04
 Ca 0.004 3.1 0.004 0.04

EATQ3 IMFC 0.12 118.1 0.0001 0.06
 WBSF 0.04 34.5 0.0001 0.08
 Fe 0.004 3.6 0.0001 0.08

1Partial R2 (R-Sq), F value (F), and P > F for each trait selected for 
inclusion and squared canonical correlation (SCC) for each sequential pre-
dictive model are shown.

2WBSF = Warner-Bratzler shear force; IMFC = intramuscular fat con-
tent; MS = marbling score.
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veloped and was shown to be significantly better in 
predicting eating quality relative to the current system 
based on USDA quality grade. The drawback is the 
lengthy and expensive process required to measure 
these indicator traits. The development of instrument-
based objective alternative measures that could be 
performed on uncooked meat without slowing down 
production in the processing plant would greatly fa-
cilitate the development and implementation of a pal-
atability assurance program. This would increase sig-
nificantly the consumers’ ability to purchase a product 
with consistent and expected eating quality and value.

The MSA system stands out as an industry model 
for implementation of an eating quality assurance pro-
gram (Polkinghorne et al., 2008) that uses a quality 
management approach to predict beef palatability on 
the basis of animal traits and technological factors. A 
recent study (Griffith and Thompson, 2012) estimated 
the cumulative gross benefits for the Australian beef 
industry of the MSA program to be $523 million for 
retail, $430 million for wholesale, and nearly $250 
million for producers. These gross benefits are in Aus-
tralian dollars and are derived for a voluntary system 
implemented in a country with significantly fewer cat-
tle than the United States, indicating that implementa-
tion of an eating quality assurance program is likely to 
be economically beneficial.

LItERAtURE CItED
Adhikari, K., E. Chambers IV, R. Miller, L. Vázquez-Araújo, N. 

Bhumiratana, and C. Philip. 2011. Development of a lexicon 
for beef flavor in intact muscle. J. Sens. Stud. 26:413–420. 
doi:10.1111/j.1745-459X.2011.00356.x

AMSA. 1995. Research guidelines for cookery, sensory evalua-
tion and instrumental tenderness measurements of fresh meat. 
Am. Meat Sci. Assoc., Chicago.

AOAC. 2007. Official methods of analysis. 18th ed. Assoc. Off. 
Anal. Chem., Washington, DC.

Behrends, J. M., K. J. Goodson, M. Koohmaraie, S. D. Shack-
elford, T. L. Wheeler, W. W. Morgan, J. O. Reagan, B. L. 
Gwartney, J. W. Wise, and J. W. Savell. 2005a. Beef custom-
er satisfaction: USDA quality grade and marination effects 
on consumer evaluations of top round steaks. J. Anim. Sci. 
83:662–670.

Behrends, J. M., K. J. Goodson, M. Koohmaraie, S. D. Shack-
elford, T. L. Wheeler, W. W. Morgan, J. O. Reagan, B. L. 
Gwartney, J. W. Wise, and J. W. Savell. 2005b. Beef customer 
satisfaction: Factors affecting consumer evaluations of cal-
cium chloride-injected top sirloin steaks when given instruc-
tions for preparation. J. Anim. Sci. 83:2869–2875.

Cross, H. R., R. Moen, and M. S. Stanfield. 1978. Training and 
testing of judges for sensory analysis of meat quality. Food 
Technol. 32:48–54.

Dikeman, M. E. 1987. Fat reduction in animals and the effects on 
palatability and consumer acceptance of meat products. In: 
Proc. Am. Meat Sci. Assoc. Natl. Live Stock Meat Board. pp. 
93–103.

Goodson, K. J., W. W. Morgan, J. O. Reagan, B. L. Gwartney, S. 
M. Courington, J. W. Wise, and J. W. Savell. 2002. Beef cus-
tomer satisfaction: Factors affecting consumer evaluations of 
clod steaks. J. Anim. Sci. 80:401–408.

Griffith, G., and J. Thompson. 2012. The aggregate economic 
benefits to the Australian beef industry from the adoption of 
Meat Standards Australia. Australas. Agribus. Rev. 20:11–38.

Guelker, M. R., N. Haneklaus, J. C. Brooks, C. C. Carr, R. J. Del-
more, D. B. Griffin, D. S. Hale, K. B. Harris, G. G. Mafi, D. 
D. Johnson, C. L. Lorenzen, R. J. Maddock, J. N. Martin, R. 
K. Miller, C. R. Raines, D. L. Vanoverbeke, L. L. Vedral, B. 
E. Wasser, and J. W. Savell. 2013. National beef tenderness 
survey—2010: Warner-Bratzler shear force values and sen-
sory panel ratings for beef steaks from United States retail 
and food service establishments. J. Anim. Sci. 91:1005–1014. 
doi:10.2527/jas.2012-5785

Jeremiah, L. E., G. C. Smith, and J. K. Hillers. 1970. Utilization of 
breed and traits determined from live beef steer for prediction 
of marbling score. J. Anim. Sci. 31:1089–1095.

Kerth, C. R., and R. K. Miller. 2015. Beef flavor: A review from 
chemistry to consumer. J. Sci. Food Agric. 95:2783–2798. 
doi:10.1002/jsfa.7204

Killinger, K. M., C. R. Calkins, W. J. Umberger, D. M. Feuz, and 
K. M. Eskridge. 2004. Consumer sensory acceptance and 
value for beef steaks of similar tenderness, but differing in 
marbling level. J. Anim. Sci. 82:3294–3301.

Mateescu, R. G., D. J. Garrick, J. Garmyn, D. L. Vanoverbeke, G. 
G. Mafi, and J. M. Reecy. 2015. Genetic parameters for sen-
sory traits in longissimus muscle and their associations with 
tenderness, marbling score, and intramuscular fat in Angus 
cattle. J. Anim. Sci. 93:21–27. doi:10.2527/jas.2014-8405

Mateescu, R. G., D. J. Garrick, R. G. Tait, J. Garmyn, Q. Duan, Q. 
Liu, M. S. Mayes, A. L. Van Eenennaam, D. L. VanOverbeke, 
G. G. Hilton, D. C. Beitz, and J. M. Reecy. 2013. Genome-
wide association study of concentrations of iron and other 
minerals in longissimus muscle of Angus cattle. J. Anim. Sci. 
91:3593–3600. doi:10.2527/jas.2012-6079

Meyer, K. 2007. WOMBAT: A tool for mixed model analyses 
in quantitative genetics by restricted maximum likelihood 
(REML). J. Zhejiang Univ. Sci. B 8:815–821. doi:10.1631/
jzus.2007.B0815

Miller, M. F., L. C. Hoover, K. D. Cook, A. L. Guerra, K. L. Huff-
man, K. S. Tinney, C. B. Ramsey, H. C. Brittin, and L. M. 
Huffman. 1995. Consumer acceptability of beef steak ten-
derness in the home and restaurant. J. Food Sci. 60:963–965. 
doi:10.1111/j.1365-2621.1995.tb06271.x

Polkinghorne, R. J., and J. M. Thompson. 2010. Meat stan-
dards and grading: A world view. Meat Sci. 86:227–235. 
doi:10.1016/j.meatsci.2010.05.010

Polkinghorne, R., J. M. Thompson, R. Watson, A. Gee, and M. 
Porter. 2008. Evolution of the Meat Standards Australia 
(MSA) beef grading system. Aust. J. Exp. Agric. 48:1351–
1359. doi:10.1071/EA07177

Reicks, A. L., J. C. Brooks, A. J. Garmyn, L. D. Thompson, C. 
L. Lyford, and M. F. Miller. 2011. Demographics and beef 
preferences affect consumer motivation for purchasing fresh 
beef steaks and roasts. Meat Sci. 87:403–411. doi:10.1016/j.
meatsci.2010.11.018

Savell, J. W., R. E. Branson, H. R. Cross, D. M. Stiffler, J. W. 
Wise, D. B. Griffin, and G. C. Smith. 1987. National con-
sumer retail beef study: Palatability evaluations of beef loin 
steaks that differed in marbling. J. Food Sci. 52:517–519. 
doi:10.1111/j.1365-2621.1987.tb06664.x



Predict and improve eating quality in Angus 2171

Savell, J. W., C. L. Lorenzen, T. R. Neely, R. K. Miller, J. D. Ta-
tum, J. W. Wise, J. F. Taylor, M. J. Buyck, and J. O. Reagan. 
1999. Beef customer satisfaction: Cooking method and de-
gree of doneness effects on the top sirloin steak. J. Anim. Sci. 
77:645–652.

Schroeder, T., G. Tonsor, and J. Minteret. 2013. Beef demand: Re-
cent determinants and future drivers. http://www.beefboard.
org/evaluation/130612demanddeterminantstudy.asp. (Ac-
cessed 14 February 2016)

SMART. 1994. Sensory analysis to identify consumers’ revealed 
preferences for product description. Vol. 1. Sensory. Meat 
Res. Corp., Sydney.

Smith, G. C., Z. L. Carpenter, H. R. Cross, C. E. Murphey, H. C. 
Abraham, J. W. Savell, G. W. Davis, B. W. Berry, and F. C. 
Parrish Jr. 1985. Relationship of USDA marbling groups 
to palatability of cooked beef. J. Food Qual. 7:289–308. 
doi:10.1111/j.1745-4557.1985.tb01061.x

Thompson, J. M., R. Polkinghorne, I. G. Hwang, A. M. Gee, S. H. 
Cho, and B. Y. Park. 2008. Beef quality grades as determined 
by Korean and Australian consumers. Aust. J. Exp. Agric. 
48:1380–1386. doi:10.1071/EA05111

Tonsor, G. T., and L. L. Schulz. 2015. Beef Species Symposium: 
Economic considerations related to U.S. beef herd expansion. 
J. Anim. Sci. 93:4227–4235. doi:10.2527/jas.2014-8473

USDA Agricultural Marketing Service. 2012. Operational re-
quirements for the USDA certification of ASTM Interna-
tional tenderness marketing claim. December 2012.  http://
www.ams.usda.gov/AMSv1.0/getfile?dDocName=STELPR
DC5095042. (Accessed 14 February 2016)

Watson, R., A. Gee, R. Polkinghorne, and M. Porter. 2008. Con-
sumer assessment of eating quality—Development of pro-
tocols for Meat Standards Australia (MSA) testing. Aust. J. 
Exp. Agric. 48:1360–1367. doi:10.1071/EA07176


