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Abstract: 

Background: This study explored the potential use of decision trees on rearing factors (q = 

10) and carcass characteristics (q = 12) for the development of prediction model rules of beef 

tenderness prediction/categorization. For that, 308 young bulls were used to evaluate by a 

sensory panel the tenderness potential of ribeye steaks grilled at 55°C. The regression and 

classification C&RT method was implemented and allowed the prediction of tenderness using 

i) rearing factors, ii) carcass characteristics or iii) both.  

Results: The resultant tree models yielded predictive accuracies of 70.78% (with 4 rearing 

factors: concentrate per cent; fattening duration; initial body weight and dry matter intake); 

67.21% (with 4 carcass characteristics: fatness carcass score; carcass weight; dressing per cent 

and muscle carcass per cent) and 84.41% (with 6 rearing factors and carcass characteristics) 

compared to the k-means clustering of tenderness. In the final and robust regression tree, from 

the 22 attribute information 2 carcass characteristics (fatness carcass score and muscle carcass 

per cent) and 4 rearing factors (fattening duration; concentrate per cent; dry matter intake and 

initial body weight) were retained as predictors. The first splitter of the 308 ribeye steaks 

according to their tenderness scores was fatness carcass score, followed by fattening duration 

and concentrate per cent.  

Conclusion: This trial highlighted the importance of thresholding approach to efficiently 

classify ribeye steaks according to their tenderness potential. The overall prediction model 

rule was as follow: IF (fatness carcass score ≥ 2.88) AND (concentrate ≥ 82%) [AND (muscle 

carcass ≥ 71%)] THEN meat was [very] tender. 
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Introduction 

Tenderness is one of the most important traits for assessing beef quality and it is among the 

main drivers of beef palatability that consumers consider when they are making (re)purchasing 

decision
1
. Important classical research on tenderness in order to satisfy the consumers was 

gaining attention over more than 50-yr period. These studies reported that beef tenderness 

depends on numerous factors that are related or not to the animal
2-5

. Most of each factor 

including both pre- and post-slaughter events were mostly investigated objectively. They 

included animal type, age at slaughter, muscle-type, management factors such as feeding 

regimens or rearing factors, slaughtering conditions and pre-harvest stress or post-harvest 

conditions and cooking with many interaction among these factors. During the last years, there 

was considerable progress in the understanding of the mechanisms underlying meat tenderness 

determinism
6-8

, however, there is still an irregularity in tenderness that challenges both 

researchers and stakeholders
9
. 

On another hand, consumers are willing to pay for guaranteed-tender meat
10

. During the last 

three decades and in order to better meet consumers‟ expectations, especially in terms of 

perceived sensory eating quality, many different strategies have been developed. Thus, several 

research groups tried to identify indicators explaining the uncontrolled variability in order to 

predict the tenderness potential of carcasses soon after slaughter
6, 11, 12

. This allowed the 

proposition of numerous tenderness prediction tools that were based on subjective or objective 

evaluations. Several grading systems of carcasses [EUROP classification system, Australian 

Meat Standards (MSA), Canadian beef grading system, Japanese grading standards, and United 

States Department of Agriculture (USDA) grading system] were also developed over the 

world
13

, to describe the quality and yield of carcasses to ensure consistent meat quality and 

consumer satisfaction. However, some of these systems are not completely accurate as they 

only reflect a compilation of traits that are indicators of tenderness or eating quality is not yet 

part among them, namely for the EUROP system
14

. Consequently, recent studies proposed to 

include further variables that are related to the fattening period factors for joint management of 

both carcass and meat qualities
15-17

. Thus, based on those studies and in an attempt of 

performing machine learning tools to sort beef carcasses into tenderness groups, we 

hypothesized that fattening period factors and carcass characteristics of young bulls, would be 

accurate for the prediction of tenderness potential. Moreover, the use of this approach would be 

easily implementable as an on-line evaluation tool to help the stakeholders for early 

management of carcasses according to their tenderness potential. In this trial, we hypothesized 
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that the rearing factors and carcass characteristics will play a more pivotal role than muscle 

properties to predict beef tenderness. Thus, the main objective of this study is to perform a 

holistic study by considering both rearing factors and carcass characteristics to predict beef 

tenderness classes using a decision tree-based learning method. Furthermore, in this work we 

propose for farmers, breeders‟ associations, and other industry stakeholders an original model-

based approach, that would be continuously used to monitor animal and farm level information 

for joint management of beef tenderness or other meat sensory qualities. 

Materials and Methods  

Animal handling 

A total of 308 young bulls that were handled in accordance with the French animal 

protection regulations (Code Rural, articles R214-64 to R214-71) were used. These animals 

constituted individual data of a dataset from the study by Gagaoua et al.
5
 grouping experiments 

conducted in two INRA France experimental units: INRA-UE232 (Bourges) for animal rearing 

and handling and INRA-UE1414 Herbipôle (Theix) for lairage and slaughtering
4
. The dataset 

included Charolais (n = 116), Salers (n = 93), Limousin (n = 74), and Blond d‟Aquitaine (n = 

25) breeds
5
. The 4 animal's genetics reflect the distribution of the major suckled breeds 

slaughtered in France, namely in the Auvergne-Rhône-Alpes region. The animals were all born 

from mature cows, weaned at 32 weeks and then kept in an open shed. All the animals and 

irrespective of experiment and production year were raised and managed under similar 

conditions in the INRA research center. The animals were fed ad libitum feed consisting of 

forages (including straw, hay, grass silage, corn silage, and beet pulp silage) and concentrate 

containing soybean, urea, corn and barley grain. Diets were formulated according to the 

recommendations of INRA (2007) to meet NEg requirements needed for maintenance and 

theoretical body weight gain. 

Rearing factors characterizing the fattening period 

The rearing practices of the 308 young bulls were characterized by 10 rearing factors (Table 

S1) as described by Gagaoua et al.
5
. They included slaughter age (months), fattening duration 

(days), initial body weight at the beginning of the fattening period (initial body weight, kg), 

final body weight (kg), dry matter intake (DMI, kg DM/day), forage and concentrate in per 

cent (in the DM diet), energy intake (Mcal/day), average daily gain (ADG) for the fattening 

period, and feed efficiency (ADG/DMI ratio, kg/kg DM)
5
. 

Slaughtering and sampling 
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Before slaughter, all animals were fasted for 24 h and had free access to water. Slaughtering 

was performed in compliance with the French welfare regulations set at the level of European 

Directive (2001/88/EC) in the experimental slaughterhouse of INRA. The carcasses were not 

electrically stimulated and they were stored between 2 and 4°C until 24 h post-mortem. Muscle 

samples from the Longissimus thoracis (LT, mixed fast oxido-glycolytic muscle) were excised 

from the center of the 6
th

 rib located at the right side of each carcass as illustrated in Gagaoua 

et al.
4
. The epimysium was carefully dissected and the samples were cut into steaks (2 cm 

thick) and placed in sealed plastic bags under vacuum and kept at 4°C for ageing (14 days). 

Each sample was then frozen and stored at −20°C until sensory evaluation. 

Carcass grading and composition by the 6
th

 rib dissection  

The carcasses were graded under the EU beef carcass classification scheme. This was done 

at the slaughterhouse using experts familiar with the EUROP grid (Commission Regulation 

(EC) 1249/2008). Five conformation classes are defined, represented by the letters E, U, R, O, 

and P. The scoring consists of a visual assessment of carcass muscling where carcasses graded 

as „E‟ have the most muscularity, and this decreases through to „P‟ which have the least 

muscularity. European Union regulations allow for 3 subdivisions of each conformation class, 

high: “+”, medium: “=” and low: “-”. Hence, an incremental scale ranging from 1 to 15 was 

used, where 1 corresponds to P- (very low muscle development) and 15 to E+ (very high 

muscle development)
4
. At the same time, the fatness score of the carcasses, which describes the 

amount of fat on the outside of the carcass was numerically scored from 1 = leanest to 5 = 

fattest. 

The carcass weight is typically measured within 2 h of slaughter and is expressed as cold 

carcass weight, which is 0.98 times the hot carcass weight according to the EUROP 

classification guidelines (Commission Regulation (EC) 1249/2008). The carcass weight was 

used to calculate the dressing per cent and carcass composition. For carcass composition 

(Table S1), muscle carcass per cent, fat carcass per cent, and bone carcass per cent were 

computed
4
. This was estimated from the composition of the 6

th
 rib determined after physical 

dissection following standard commercial practice involving a close trimming and deboning of 

the muscle
4
. 

Meat tenderness evaluation  

For tenderness evaluation, the sensory protocol recently described by our group was used
18-

20
. Briefly, the steaks aged for 14 days were thawed at 5°C for 48 h before cooking and sensory 
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assessment at 55°C, the usually used end-point cooking temperature in France

18-20
. One hour 

before sensory assessment, the meat samples were cut into approximately 1.50 cm thick steaks 

and grilled on a double grooved plate griddle (SOFRACA, Morangis, France) heated to 300°C 

for 30 min before cooking. Steaks were heated for 2 min until the end-points temperature of 

55°C in the geometric center of the steak was reached using a temperature probe (Type K, 

HANNA HI 98704, Newark, USA). After grilling, each steak was cut into 20 mm cubes that 

were immediately served to 12 panelists chosen according to the criteria described by Gagaoua 

et al. 
18

. Thus, sensory panels for each experiment rated the steaks on a 10 cm unstructured line 

scale (from 0 to 10) for global tenderness, where 0 refers to extremely tough meat and 10 to 

extremely tender meat
18

. Within each sensory session, scores were averaged across panelists 

for each steak, and the means were used in the statistical analyses. 

Statistical analyses 

The data were analyzed using SAS 9.4 and XLSTAT 2017.19.6 software‟s. Before analysis, 

the data were scrutinized for outliers using Smirnov–Grubb's outlier test at 5% level.  

As the main objective of this study is to implement decision trees based on clustering 

methods, we first categorized the carcasses according to their ribeye steaks tenderness scores
5
. 

Thus, we have used different unsupervised learning tools such as k-means, hierarchical cluster 

analysis (HCA) and partitioning around medoids (PAM) clustering algorithms
5, 21, 22

. The 

tenderness scores were mean centered prior to any clustering analysis by computing Z-scores. 

These latter represent the deviation of each trait observation relative to the mean of the 

corresponding animal irrespective of the breed and experiment. They were computed using the 

PROC STANDARD of SAS
23

. Using the residual scores of tenderness, the k-means and HCA 

algorithms gave the best results as detailed in Gagaoua et al.
5
.  

o K-means, is an iterative clustering method used to automatically partition a dataset into k 

groups where the number of clusters k is assumed to be fixed a priori by minimizing 

relative distances
21, 24

. This algorithm consists of two separate phases: the first phase is to 

define k centroids, one for each cluster; and the second phase is to take each point belonging 

to the given dataset and associate it to the nearest centroid.  

o HCA is a cluster analysis, which seeks to build a hierarchy and binary tree of clusters
22, 25

. It 

classifies a dataset into groups that are internally homogeneous and externally isolated on 

the basis of measuring the similarity or dissimilarity between groups. 

This article is protected by copyright. All rights reserved.
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The average silhouette width (Si) criterion was used for the validation of the clustering 

results to choose both the best clustering method and the number of clusters. Si is based on the 

proximity among objects of a certain cluster, and the proximity of these objects to the nearest 

clusters
25

 that refers to a succinct graphical representation method for validation of consistency 

within clusters (Fig. 1). The value of Si ranges from −1 to +1, and can be interpreted as follow:  

i) observations with a large Si (almost 1) are very well clustered;  

ii) a small Si (around 0) means that the observation lies between two clusters and  

iii) observations with a negative Si are probably partitioned in the wrong cluster.  

In this trial, the best results were obtained for k-means cluster algorithm using the Ward 

method. Thus, three clusters were identified and named tender (TEND+), medium (TEND=) 

and tough (TEND–).  

Afterward and as for the classification analysis, different decision trees
26

 using CHAID, 

C&RT and QUEST methods were performed using i) animal and fattening period 

characteristics; ii) carcass properties or iii) both, to predict the tenderness clusters identified by 

k-means
5
. Decision tree learning is a method commonly employed in data-mining as non-

parametric supervised learning tools for classification and regression. For each decision tree, 

the accuracy was measured in addition to sensitivity and specificity.  

The C&RT method gave in this study the best results leading to the greatest accuracy. It is 

the most popular decision tree method that provides critical variables threshold and allows 

identifying their directional influence on the outcomes
27

. C&RT method was implemented in 

order to show which rearing factors or carcass characteristics were more important and 

discriminated better the tenderness clusters. Using C&RT, the same predictor (splitter) variable 

or attribute may be used several times at different levels in the tree. Therefore, the measure of 

Gini impurity was used to categorize the target variables and identify the best splitters. The 

Gini index of a node with n objects and c possible clusters is defined as: 

       ∑ (
  

 
)
 

 
      (1) 

where nj is the number of objects from class j present in the node. If all of the observations 

in one node belong to one class, the Gini index will equal zero, which means the least impurity 

or greatest purity in that node. The greatest values are obtained when the same ratio of 

observations exists in the node. 
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Results  

Beef tenderness, rearing factors and carcass characteristics 

A general description analysis of the data was performed by computing mean, standard 

deviation and minimum and maximum ranges (Table S1). For tenderness scores evaluated by a 

trained panel, the coefficient of variation was 21.4%. After statistical normalization of 

tenderness scores for breed and experiment effects as well as existing interaction
5
, the Z-scores 

allowed to build 3 tenderness clusters as detailed in Gagaoua et al.
5
 (Table S2). The clusters 

were validated based on the silhouette widths (Fig. 1), and k-means gave a better Si of 0.51 

compared to HCA (Si = 0.47) clustering method. As depicted in Table S2, the tough cluster 

named TEND–, grouped 108 animals that had an average tenderness score value of 4.14±0.57. 

The medium tenderness cluster named TEND=, grouped 141 animals and had an average score 

value of 5.46±0.43. The tender cluster named TEND+, grouped 59 animals and had an average 

tenderness score value of 6.95±0.62.  

For the rearing factors, 7 of 10 variables differed among the 3 clusters (Table S2). The 

ribeye steaks of the TEND–were characterized compared to the TEND+ cluster by the highest 

age at slaughter (17.05 vs. 15.99 months), initial (412 vs. 367 kg) and final body weights (675 

vs. 621), fattening duration (182 vs. 155 days), forage per cent (58.11 vs. 41.23%), and dry 

matter intake (8.99 vs. 8.04 kg DM/day). The concentrate per cent was the only variable higher 

in TEND+ than in TEND– cluster (Table S2). The three remaining factors: energy intake, 

average daily gain and feed efficiency were all similar among the clusters
5
.  

For the carcass characteristics, 6 of 12 variables differed between the tenderness clusters 

(Table S2). Three of them were the highest in TEND+ than TEND– and refer to fat estimates: 

fat carcass per cent (+14.45%), fat carcass weight of the 6
th

 rib (+26.7%) and fatness carcass 

score (+21.7%). The 3 other variables that were the highest in TEND– comparatively to 

TEND+ cluster, refer to muscle carcass and are muscle carcass per cent (+3.66%), carcass 

weight (+8.94%) and muscle carcass weight (+11.83%).  

Decision tree of beef tenderness prediction/classification using rearing factors 

The final objective of performing decision trees is to create a model that predicts beef 

tenderness by learning simple decision rules inferred from the tenderness scores using i) 

rearing factors, ii) carcass characteristics or iii) both. Accordingly, the first partitioning pattern 

of tenderness clusters revealed by the C&RT is given in Fig. 2. The resultant model yielded a 

predictive accuracy of 70.78% compared to k-means (Table 1). From the whole dataset, the 
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first splitter was concentrate per cent and generated two groups. The first group contained 65 

animals which were then differentiated by a threshold of 420 kg of initial body weight into 

TEND= (n=13) and TEND+ (n=52). The second group contained 243 animals, which at the 

end of the tree were partitioned as TEND– and TEND=. A fattening duration higher than 254 

days (n=32) or a combination of fattening duration lower than this threshold associated with an 

initial body weight greater than 426 kg (n=60), allowed the categorization of all the TEND– 

samples. From the 10 rearing factors, concentrate per cent, initial body weight, fattening 

duration and dry matter intake (DMI) were the most important splitters. Overall, they led to 

tenderness clusters that were in line with those of k-means. Consequently, tough meat was 

scored below 5.0 points scores, tender meat was always scored over 6.0 and medium meat was 

scored over 5.0 and below 6.0. 

Decision tree of beef tenderness prediction/classification using carcass characteristics 

The second decision tree built using carcass characteristics is given in Fig. 3. The resultant 

model yielded a predictive accuracy of 67.21% that was slightly lower (-3.57%) than the first 

decision tree (Table 1). The first splitter was fatness carcass score. Therefore, if the mean 

fatness carcass score was higher than 2.42, the ribeye steaks belonged to the first group of 202 

animals which, contained carcasses from the 3 clusters; and if they were less than 2.42, then, 

they belonged to the second group of 106 animals grouping carcasses of TEND– and TEND=. 

For this later cluster, carcass weight (≥511 kg) was the following predictor that identified the 

12 carcasses of TEND= from those of 94 TEND– cluster. The 94 carcasses (mean tenderness 

scores of 4.75) were further partitioned by dressing per cent at a threshold of 60% into two 

groups of 41 (mean tenderness scores of 4.55; dressing is < 60%) and 53 carcasses (mean 

tenderness scores of 4.91; dressing is ≥60%). For the second group of 202 animals, it was 

carcass weight, which allowed the identification of two groups. If carcass weight was higher 

than 419 kg, 38 carcasses were partitioned and none of them contained tender meat; if their 

muscle carcass per cent (the third splitter) was higher than 70.6%, 13 were in TEND– cluster. 

However, if carcass weight was below the threshold of 419 kg, the 164 carcasses belonged to 

TEND= or TEND+. For the tender cluster, if dressing was higher than 60%, this allowed the 

identification of the 51 tender ribeye steaks. Therefore, the decision tree could simply and 

easily apply discrimination rule to identify based on fatness carcass score, carcass weight, 

dressing per cent and muscle carcass per cent the TEND–, TEND= or TEND+ clusters.  

Decision tree of beef tenderness prediction/classification using both rearing factors and 

carcass characteristics 
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The last decision tree (Fig. 4) was built based on rearing factors and carcass characteristics. 

The resultant model yielded a predictive accuracy of 84.41% that was the highest compared to 

the first decision trees (Table 1). Among the independent variables, the first splitter of was 

fatness carcass score. Therefore, if the mean fatness carcass score was higher than 2.88, the 

ribeye steaks belonged to the first group of 166 animals which contain TEND+ and TEND= 

clusters only; and if they were less than 2.82, then, they belonged to the second group of 142 

animals containing mainly carcasses of TEND– and 43 carcasses of the TEND=. After that and 

in line with the above results, concentrate per cent was the second splitter which partitioned the 

166 carcasses into 60 TEND+ and 106 TEND=. Within the 60 carcasses of TEND+ cluster, 22 

very tender ribeye steaks (mean tenderness of 6.84) that has muscle carcass higher than 71% 

could be distinguished from the 38 tender carcasses that has a mean tenderness of 6.31. The 

106 TEND= carcasses were clustered using DMI at a threshold of 8.9 kg DM/day into two 

groups of 70 and 36 carcasses that has mean tenderness scores of 5.77 and 5.13, respectively. 

Within the 142 carcasses with fat carcass score below 2.88, fattening duration was the second 

predictor following fatness carcass score. Therefore, a fattening duration higher than 176 days 

grouped 49 carcasses in TEND–. However, the animals that has been fattened for a shorter 

period (<176 days) and at an initial body weight before fattening below 422 kg, led to medium 

(TEND=) ribeye steaks with a mean tenderness scores of 5.56. However, if they were fattened 

at an initial body weight more than and equal to 422 kg, all the ribeye steaks belonged to the 

TEND– cluster with a mean tenderness scores of 4.78. In summary, from the 22 attribute 

information 2 carcass characteristics (Fatness carcass score and muscle carcass, %) and 4 

rearing factors (Fattening duration; concentrate per cent; DMI and initial body weight) were 

retained as predictors in this third decision tree. The rules suggest that the other attributes are 

insignificant and does not contribute much to the classification of ribeye steaks tenderness‟ 

according to their respective cluster.  

Discussion 

To the authors‟ knowledge, this study is the first to report the use of decision trees for the 

prediction/classification of beef tenderness using rearing factors and carcass characteristics. 

Furthermore, this study was undertaken by using variables that are at the same time easily 

measurable at the farm and slaughter levels to predict the tenderness potential of carcasses. 

Therefore, tenderness quality identification offered by the thresholding approach and decision 

tree allowed in this trial efficient classification of the ribeye steaks. This approach would 

challenge different actors of beef industry, including all levels of the beef chain from producer 
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to consumer, as it offers both feasibility and ability to objectively classify beef carcasses 

according to their tenderness potential. 

Rearing factors as splitters (predictors) of meat tenderness clusters 

In agreement with our hypothesis, we identified 4 important rearing factors (splitter 

attributes) for best management of the farming practices to achieve higher beef tenderness. It 

inferred from the regression trees that fattening duration is very important. Long fattening 

duration is not suitable as it leads to tough meat. This confirms our hypothesis dealing with the 

importance of the determination of the optimum thresholds of the factors governing the 

fattening period to achieve the best income and sustainability in cattle production
17

. Recently, 

we pointed out this importance, and proposed to take in account the fattening duration in 

relation with further traits such as fat tissue and muscle per cents of young bulls
5, 16, 17

. In 

cattle, several studies reported significant morphological changes that take place in the carcass 

and hence on muscle, during the fattening period and how these are to some extent confounded 

with age
2, 15

. However, the studies that have reported relationships between duration of 

fattening with beef sensory qualities are very scarce
28

. In line with our study, negative effect of 

long fattening duration on tenderness was reported
16

. Nevertheless, it is worthwhile to note that 

other factors such as age at slaughter and life weight of the animals, are confounded in this 

effect
28

. 

Initial body weight of the animals at the entrance of fattening period was retained as a 

splitter. This trial highlighted that an initial body weight threshold (~420 kg), i.e., lower is 

better, is a good splitter of beef tenderness. As there were differences in initial body weight 

between clusters (Table S2), it allowed in this study to obtain differences at the end of the 

fattening period at both carcass and meat levels. Initial body weight is one of the most 

important factors affecting efficiency and profitability in beef cattle production
29

. Earlier 

studies had linked this factor with carcass characteristics
15, 16

. In addition, young cattle are 

known to have better feed conversion efficiency than older animals. In fact, as fat deposition is 

more energetic expensive than that of proteins, the initial body weight (i.e., in wet tissue basis) 

of cattle was already considered before beginning feed. 

Generally and from most described studies in the large literature, animals are being 

presented for slaughter when they achieved the desirable age and carcass characteristics. In 

many of the reported studies, feeding effects are further confounded with animal age and type, 

growth rate or carcass weight at slaughter. The large amount of literature, which considers the 
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effect of feeding on beef quality, has compared, almost exclusively, forage-based with grain-

based diets
30

. In this study, the animals were managed under experimental conditions in order 

to avoid extreme effects or divergences between the animals. There is evidence and in 

agreement with our findings that concentrate-fed bulls produce more tender meat than forage-

fed animals
31

. For example, earlier studies showed that increasing the concentrate intake of the 

animals increased the carcass fatness score
32

 and thus intramuscular fat content. Accordingly, 

this positive effect on beef palatability was further linked to carcass fat deposition
33

. On 

another hand and in line with our findings, previous studies reported negative effects of forage 

finishing on beef tenderness
34

. Meanwhile, it is important to note that when forage-finished 

cattle have been compared with concentrate-finished cattle at a similar end-point such as final 

body weight, or degree of fattening, meat quality differences between diets were minimized
35

.  

DMI is linearly related with the composition of the diet
36

. This was among the rearing 

factors that were retained in the equations models of the percentages of fat and muscle carcass 

tissues
16

. This result highlights the impact of feeding, supported in this study by the strong 

splitting power of concentrate per cent needed to achieve high tenderness quality. This further 

agrees with the reduction of DMI when the proportion of concentrate per cent in the diet was 

increased. In the same trend than this work, an earlier study reported similar findings in cattle 

reared to evaluate the impact of fattening feeding in such a way to improve carcass and meat 

eating quality
28

. Thus, we suggest addressing in details the role that DMI would play in relation 

with meat tenderness (within forage and/or concentrate diet-type), especially since it is a 

meaningful factor affecting animal performance.  

Carcass characteristics as predictors (splitters) of meat tenderness clusters 

We have recently identified a set of indicators to better characterize beef carcasses at the 

slaughterhouse level in addition to the EUROP system
14

. This study, confirms well that a 

combination of factors based or not on the EUROP system would be helpful to discriminate 

soon after slaughter the tenderness potential of carcasses. Fatness carcass score and muscle 

carcass % were retained in the overall decision tree as good splitters. Thus, the hypothesis that 

among carcass characteristics some of them would have an impact on the palatability of beef 

cuts was very strongly supported by the results of this trial. 

Fatness carcass score was the first best attribute splitting the young bull‟s carcasses. If the 

fatness carcass score was higher than 2.88, the meat was tenderer. This finding agrees well 

with the important role of fat in the palatability of beef
37

. This confirms the proposal to use the 
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subjective grading of carcasses by their EUROP fat cover scores as a threshold in carcasses 

segregation
38

 and hence, in this study for tenderness categorization. Our findings evidence the 

power of fatness scoring to categorize beef sensory quality. Fatness score known also as 

marbling was developed as an indicator of quality and palatability as it describes the amount 

and distribution of visible intramuscular fat
39

. Although the chemically extracted fat content is 

not exactly the same as fatness score due to the fact that some invisible fat deposits that cannot 

be seen by visual appraisal can also be determined by chemical analysis, the relationship 

between them has been reported as linear
39

. The involvement of fat in meat tenderness would 

be explained by the role that it would play during chewing though lubrication
37

, stating that fat 

present in and around the muscle fibers and perimysium during mastication results in a 

tenderer beef
37, 40

. 

The studies that have linked muscle carcass per cent with meat tenderness are very scarce. 

In this study, an increase of muscle carcass was at the expense of the meat tenderness. In all 

cases, these would to some extent related to muscle protein turnover, known to affect the final 

meat quality
41

 with a strong dependency on energy intake and protein supply during fattening. 

Carcass weight, closely related with lean carcass per cent
42

 was reported to affect meat quality. 

For example, it is known to affect in a curvilinear fashion and negatively the final muscle pH
43

. 

In addition, carcass weight and pre-slaughter growth rate have been shown to alter meat 

quality, specifically tenderness
44

. In the present experiment, increasing concentrate proportion 

decreased the carcass muscle and improved fat content, consistent with previous studies
45

. 

Conclusion 

This study showed the usefulness of the used set of methodologies when dealing with 

rearing factors (from farm) or carcass characteristics (to the slaughterhouse) of animals that 

may have experienced divergent rearing management practices. At the same time, considering 

that both statistical approaches (clustering and decision tree) led independently to similar 

results, the set of attributes (splitters) selected by the decision tree process may be considered 

objective and therefore reliable for classifying carcasses according to their tenderness potential. 

Overall, in the classifications performed with the whole dataset, the last decision tree selected 

more rearing factors unambiguously and the classification/regression accuracy was improved 

in comparison to the others. This provides evidence and in agreement to our proposal, the 

usefulness of taking in account information available during the fattening period of the animal 

to predict its final meat quality, herein tenderness. Furthermore, the present results are valid 

from a practical point of view as they can be easily used by the various actors involved in the 
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meat sector, whatever their position. To sum up concerning the take home message of this 

study, a ribeye steak of the studied animals was considered tender (TEND+) if it matched the 

following rule: 

IF (fatness carcass score ≥2.88) AND (concentrate ≥ 82%) [AND (muscle carcass ≥71%)] 

THEN meat was [very] tender. 
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Table 1. Accuracy of classifications and prediction of tender (TEND+), medium (TEND=) 

and tough (TEND–) beef clusters by decision trees using the rearing factors and/or carcass 

characteristics compared to those of k-means clustering based on tenderness scores with 10-

fold cross validation.  

 

 

Clustering method 
  

Tenderness classes  

k-means 

clusters 

Decision 

tree 1
† 

Decision 

tree 2
‡
  

Decision 

tree 3
§ 

TEND+ 59 52 51 60 

TEND= 141 164 150 149 

TEND– 108 92 107 99 

Classification accuracy (%)
 ¶ 

 70.78 67.21 84.41 

Sensitivity (weighted average)
 

 0.710 0.681 0.834 

Specificity (weighted average)
 

 0.289 0.319 0.165 
†
 Decision tree was built using rearing factors. 

‡
 Decision tree was built using carcass characteristics. 

§
 Decision tree was built using both the rearing factors and carcass characteristics. 

¶
 “%” of predictions that are correct [Accuracy = (TN +TP)/(TN+TP+FN+FP)]. TP, FN, 

TN, and FP denote the numbers of true positives, false negatives, true negatives, and false 

positives, respectively. 
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Figure captions 

Fig. 1. Silhouette widths (Si) plots for k-means on the left and HCA on the right. For the two 

clustering methods, three clusters we retained as best results and validated using Si and 

Davies-Bouldin indices in all cases. 

Fig. 2. C&RT decision tree based on rearing factors for the classification and prediction of 

tenderness beef cuts firstly identified using k-means clustering on the 308 young bulls. The 

distribution of the animals in each tenderness cluster were used for accuracy measurement. At 

the beginning of the C&RT method, all of the data are concentrated at a root node located at 

the top of the tree. Then this latter is divided into two child nodes on the basis of an 

independent variable (splitter), herein concentrate (%), that creates the best homogeneity. The 

cut‑ off value of each dividing splitter was calculated from the data of all the subjects, using 

the Gini index. In fact, the data in each child node are more homogenous than those in the 

upper parent node. This process is continued repeatedly for each child node until all of the 

data in each node have the greatest possible homogeneity. This node is called a terminal node 

or “leaf” and has no branches. Then, each tenderness cluster is identified by the gradient color 

meaning TEND– (Tough, with blue color); TEND= (Medium, with green color and TEND+ 

(Tender, with orange to red color). 

Fig. 3. C&RT decision tree based on carcass characteristics for the classification and 

prediction of tenderness meat cuts firstly identified using k-means clustering on the 308 

young bulls. The distribution of the animals in each tenderness cluster were used for accuracy 

measurement. At the beginning of the C&RT method, all of the data are concentrated at a root 

node located at the top of the tree. Then this latter is divided into two child nodes on the basis 

of an independent variable (splitter), herein fat carcass score, that creates the best 

homogeneity. The cut‑ off value of each dividing splitter was calculated from the data of all 

the subjects, using the Gini index. In fact, the data in each child node are more homogenous 

than those in the upper parent node. This process is continued repeatedly for each child node 

until all of the data in each node have the greatest possible homogeneity. This node is called a 

terminal node or “leaf” and has no branches. Then, each tenderness cluster is identified by the 

gradient color meaning TEND– (Tough, with blue color); TEND= (Medium, with green to 

yellow color and TEND+ (Tender, with red color). 

Fig. 4. C&RT decision tree based on both rearing practices factors and carcass characteristics 

for the classification and prediction of tenderness meat cuts firstly identified using k-means 
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clustering on the 308 young bulls. The distribution of the animals in each tenderness cluster 

were used for accuracy measurement. At the beginning of the C&RT method, all of the data 

are concentrated at a root node located at the top of the tree. Then this latter is divided into 

two child nodes on the basis of an independent variable (splitter), herein fat carcass score, that 

creates the best homogeneity. The cut‑ off value of each dividing splitter was calculated from 

the data of all the subjects, using the Gini index. In fact, the data in each child node are more 

homogenous than those in the upper parent node. This process is continued repeatedly for 

each child node until all of the data in each node have the greatest possible homogeneity. This 

node is called a terminal node or “leaf” and has no branches. Then, each tenderness cluster is 

identified by the gradient color meaning TEND– (Tough, with blue color); TEND= (Medium, 

with green to yellow color and TEND+ (Tender, with orange to red color). 
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