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Portugal 
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A B S T R A C T   

Establishing the traceability of meat products has been a major focus of food science in recent decades. In this 
context, recent advances in food nutritional biomarker identification and improvements in statistical technology 
have allowed for more accurate identification and classification of food products. Moreover, artificial intelligence 
has now provided a new opportunity for optimizing existing methods to identify animal products. This study 
presents a comparative analysis of the effectiveness of different machine learning algorithms based on raw data 
from analyses of organoleptic, sensory and nutritional meat traits to differentiate categories of commercial lamb 
from an indigenous Spanish breed (Mallorquina breed) obtained from the following production systems: suckling 
lambs; light lambs from grazing; and light lambs from grazing supplemented with grain. Six machine learning 
algorithms were evaluated: Artificial Neural Network (ANN), Decision Tree, K-Nearest Neighbours (KNN), Naive 
Bayes, Multinomial Logistic Regression, and Support Vector Machine (SVM). For each algorithm, we tested three 
datasets, namely organoleptic traits and sensorial traits (CIELAB colour, water holding capacity, Warner-Bratzler 
shear force, volatile compounds and trained tasters), and nutritional traits (proximate composition and fatty acid 
profile). We also tested a combination of all three datasets. All the data were combined into a dataset with 144 
variables resulting from the meat characterization, which included 11,232 event records. The ANN algorithm 
stood out for its high score with each of the three datasets used. In fact, we obtained an overall accuracy of 0.88, 
0.83, and 0.88 for the organoleptic-sensory, nutritional, and combined datasets, respectively. The effectiveness of 
using the SVM algorithm to assign categories of lambs according to its production system performed better with 
nutritional traits and the full characterization, with performances equal to those obtained with ANN. The KNN 
algorithm showed the worst performance, with overall accuracies of 0.54 or lower for each of the datasets used. 
The results of this study demonstrate that machine learning is a useful tool for classifying commercial lamb 
carcasses. In fact, the ANN and SVM algorithms could be proposed as tools for differentiating categories of lamb 
production based on the organoleptic, sensory and nutritional characteristics of Mediterranean light lambs’ meat. 
However, in order to improve the traceability methods of lamb meat production systems as a guarantee for 
consumers and to improve the learning processes used by these algorithms, more studies along these lines with 
other lamb breeds are required.   

1. Introduction 

The meat market is highly competitive, especially for high-priced 
meats like lamb (Gracia & De-Magistris, 2013). Consumers of lamb 

meat show clear preferences about meat quality in terms of organoleptic 
traits and healthiness (Font-i-Furnols & Guerrero, 2014), although these 
preferences vary from country to country according to the production 
system and origin of the animals: in Northern Europe, consumers prefer 
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heavy lambs, while in European Mediterranean countries, carcasses 
from light-weight animals are favoured (Sañudo et al., 2007). In the 
Mediterranean area of Europe, there have traditionally been two clear 
types of lamb meat consumers: those who prefer meat from suckling 
lambs slaughtered at one month of age and raised only on mother’s milk, 
and others who prefer light lambs slaughtered around three months old 
(“ternasco” category), raised mainly on concentrate diets, forage, or 
grass (Ferrer-Pérez & Gil, 2019). 

Recently, there has been a rise in consumer concern about the 
intensive systems utilized in meat production and their implications for 
both animal welfare and human health. Here, we should note that, while 
concentrate-based feeding is related with more intensive production 
systems, alternative feed-systems, such as pastoral feeding, are generally 
used in traditional production methods, thus prioritizing environmental 
and animal welfare aspects (Montossi et al., 2013). In addition, it has 
been confirmed that pasture-based diets in ruminants produce a more 
desirable fatty acid composition then diets consisting of grain (Howes 
et al., 2015). 

In the European market, the classification of lamb meat has tradi
tionally been based on different commercial carcass categories at the 
slaughterhouse. However, currently criteria based on nutritional and 
organoleptic traits of meat are being included in lamb meat classifica
tion systems (Pethick et al., 2021). The most important organoleptic 
attributes of meat include texture, colour, brightness, aroma, and vola
tile compounds, while among the nutritional attributes are the proximal 
composition and lipid profile of the meat (Becker, 2000; Campo et al., 
2021). 

There is therefore both an increased consumer demand for clear in
formation about the feed the animals are given and a growing need for 
the industry to certify the quality of the meat (Biglia et al., 2022). For 
this reason, establishing methods that identify lamb production systems 
based on the organoleptic, sensorial and nutritive traits of the meat 
could benefit both lamb meat producers and consumers (Sivadier et al., 
2008), and help to guarantee of traceability of system productions of 
lamb meat. 

It has long been established that the attributes related to the quality 
of lamb meat are affected by the production system and the animals’ diet 
(Prache et al., 2022; Watkins et al., 2010). In fact, the relationship be
tween the fatty acid profile and volatile compound content of lamb meat 
and the animals’ feeding system, based on the use of concentrate or 
grass, has been widely reported (Cabiddu et al., 2022), as has the 
analysis of these attributes to identify production systems and feeding 
diets in both the meat and milk of ruminants (Elgersma, 2015; Prache 
et al., 2005). In recent years, the ability to ensure food traceability based 
on foodomic strategies has improved with technological advances 
(Munekata et al., 2021). In fact, different meat characteristics such as 
pH, colour, shear force, or water holding capacity (Martín et al., 2023), 
or molecules such as fatty acids, volatile compounds, or minerals 
(Campo et al., 2021), have been used as indicators of meat origin. 

The classical methods for classifying meat origin, animal feeding 
practices or carcass categories in the slaughterhouse are time-consuming 
and require expert knowledge in the subject. However, multivariate data 
analysis and machine learning are fields that offer many advantages in 
terms of performance and cost savings to extract useful and valuable 
information from raw data as model inputs (Fan et al., 2017; Odevci 
et al., 2021). These rapidly-evolving techniques are capable of con
ducting exploratory, classification, and predictive analyses, as well as 
discovering hidden trends and patterns within the data (Maione et al., 
2019). Advances in analytical technologies and bioinformatics tools 
enable us to carry out a more in-depth investigation of processes that 
affect the final quality of foods. In fact, the use of multivariate data 
analysis and machine learning techniques is highly appealing to re
searchers, especially due to the success obtained by these analytical 
methods in discriminating and authenticating other products, such as 
honey (Anjos et al., 2015), fruit juices (Jungen et al., 2023), green tea 
(Zou et al., 2023), milk (Frizzarin et al., 2021), beef (Gredell et al., 2019; 

De Nadai Fernandes et al. (2020), pork meat (Cristea et al., 2022), or 
lamb meat (Zhang et al., 2022), among others. In this context, artificial 
intelligence is a novel discriminatory tool which could be employed 
widely to ensure the traceability of production systems of different 
products or to classify the origin of a wide range of foods. 

It is well known that machine learning techniques employ data 
which are preprocessed to eliminate noise or enhance the performance 
of output data. However, in the pursuit of practical applications of 
various machine learning methods in different scientific fields, authors 
such as De Lucia et al. (2021) in engineering or Hu et al. (2022) in 
medicine have utilized machine learning techniques applied directly to 
raw data for classifying classes. To date, we have found no studies in the 
literature that have evaluated the use of machine learning algorithms to 
classify and discriminate lamb meat production systems based on 
non-linear variables such as organoleptic, sensory and nutritional at
tributes of the meat based on raw data. 

In order to contribute to ensuring the traceability system of lamb 
meat production for authentication of food, in this study, we analysed 
the effectiveness of six machine learning algorithms, in combination 
with raw data obtained from organoleptic, nutritive and sensorial traits 
analyses, to classify Spanish Mediterranean light lamb carcasses ac
cording to their production system. 

2. Materials and methods 

2.1. Handling of animals and data set collection 

The dataset used in this study was obtained from 78 lambs of the 
autochthonous Mallorquina breed collected from seven livestock farms 
located around 39◦50′25’’ N and 2◦52′6’’ E on the island of Mallorca 
(Balearic Islands, Spain). The meteorology report for this area shows 
average temperature ranges in three months of spring between 5 ◦C in 
March (minimum) and 25 ◦C in May (maximum), and an average rainfall 
of 27 mm (18 mm in May to 33 in April). 

All the lambs were reared under the traditional feeding system of 
autochthonous lambs from the Balearic Islands. The samples were cat
egorised according to the production model and commercial categories 
as follows: Suckling Lambs (SL; n = 30); light lambs (Ternasco) TP (n =
26), which were raised with their mothers using only natural pasture 
from the Balearic Islands, comprising natural pastures and oats, 
ryegrass, and barley, as well as cultivated pastures in the form of green 
forage during the spring months; and Ternasco TC (n = 22) raised with 
their mothers using grain-based cereals and natural pasture from the 
Balearic Islands including oats, ryegrass and barley in the form of green 
forage for two months. The SL category was slaughtered immediately 
after weaning at the age of 36 ± 4 days, while the TP and TC categories 
were slaughtered at 116 ± 6 and 91 ± 5 days respectively, to obtain 
commercial carcasses weighing 6.33 ± 1.02, 7.62 ± 1.29 and 9.57 ±
1.13 kg, for SL, TP and TC, respectively. 

The lambs were slaughtered at the Palma de Mallorca slaughterhouse 
(Spain), following Council Regulation (EC) No 1099/2009 (2009) on the 
protection of animals at the time of killing. After carcasses maturation 
for 24h at 4 ◦C, pH values were measured in the Longissimus dorsi pars 
lumborum (LD) muscle at the 4th-5th lumbar vertebra on the left side of 
the carcass. Next, the left halves of the carcasses were taken to the 
laboratory, where the LD and Semitendinosus muscles were extracted. 
After collection, the samples of LD and Semitendinosus muscles were 
vacuum packed and stored at − 18 ◦C until processing. 

2.2. Harvesting of organoleptic and sensorial data of the meat 

At 48 h post-mortem, after 1 h of blooming, the colour of the LD was 
evaluated using a Konica-Minolta CM colorimeter (Konica Minolta Inc., 
Tokyo, Japan) in the CIELAB colour space with a standard D65 illumi
nant, observed angle of 10◦, and zero and white calibration. Each 
measurement was the average of three readings in five non-overlapping 
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zones. The lightness (L*), redness (a*) and yellowness (b*) were recor
ded. The Hue angle (H◦) was calculated as tan− 1 (b*/a*) and the chroma 
(C*) as [(a*2 + b*2)1/2]. Two fresh portions of LD muscle (5g each) were 
used to determine the water-holding capacity using the pressure 
method. 

The Warner- Bratzler shear force method was used, as described by 
Guzmán et al. (2019), to determine the hardness of the meat. An LD 
sample was thawed overnight at 4 ◦C. After defrosting, the 
vacuum-packed samples were heated in a water bath regulated at 75 ◦C 
to obtain an internal temperature in the meat of 70 ◦C, using a Jenway 
thermocouple equipped with a probe (Hanna Instruments HI 8757; 
20600 Eibar, Gipuzkoa, Spain). Afterwards, the LD muscle was cut into 
three slices with a cross section of 1 cm2 parallel to the muscle fibres, 
and the maximum cutting force of meat was evaluated in three 
sub-sections, using a Stevens QTS 25 texture analyser (CNS Farnell, 
Leeds, England) equipped with a WB device. The cut was performed 
parallel to the muscle fibres. The analyses were run in duplicate. 

For the characterization of volatile compounds, samples of approx
imately 20 g of LD muscle were cooked at 200 ◦C under a closed grill 
(Jatta electro, GR266 1000W, Abadiano, Vizcaya, Spain) for 2 min. The 
volatile compounds generated were identified by gas chromatogra
phy–mass spectrometry, as described by Gutiérrez-Peña et al. (2022). 
SPME fibre (Fibre Assembly 50/30 μm DVB/CAR/PDMS, 
Stableflex-2cm-23Ga, Gray-Notched; Bellefonte, Pensilvania, EEUU) 
was used and the separation of the volatile organic compounds was 
performed using a GC Thermo Scientific TRACE 1300 series (Milan, 
Italy) equipped with an autosampler (Thermo Scientific TRIPLUS RSH, 
Milan, Italy). For the identification of compounds, the GC was coupled to 
a MS system Thermo Scientific ISQ QD Single Quadrupole Mass Spec
trometer (Milan, Italy). The volatile compounds were separated using a 
VF-WAXms fused silica capillary column (30 m length × 0.25 mm id ×
0.50 μm film thickness, Agilent Technologies, Inc. 2012, Santa Clara, 
CA, USA). Total acquisition data time was 35 min. The MS detection 

proceeded in electron impact mode, and the ionization energy was 70 
eV, with an emission current of 50 mA at 1.9 microscan/s. The data were 
collected by selecting the area under the chromatograph curve at the 
previously identified retention time (Fig. 1). The volatile compounds 
were identified using an approach described by Stashenko and Martínez 
(2011), comparing their mass spectra with those included in NIST/E
PA/NIH Mass Spectral Libraries and comparing linear retention indices 
(LRI) with Flavornet and PubChem databases. 

For the sensorial evaluation of meat, samples of Semitendinosus 
muscle were evaluated by a 10-member trained panel. The parameters 
tested were: intensity, milk and liver odours, toughness of the meat, 
initial and final juiciness, friability, chewiness, lactic acid and liver 
flavours. The characteristics were evaluated using a 0–10 points cate
gory scale where one and ten were the extreme values of each charac
teristic (0 = attribute not present, 1 = attribute present, with a very low 
intensity and 10 = attribute present, with a very high intensity). Details 
of the analytical conditions of the sensory analysis were reported in 
Gutiérrez-Peña et al. (2022). 

2.3. Harvesting of nutritional data of the meat 

The proximate composition of the LD muscle was measured ac
cording to standard AOAC procedures (AOAC, 2000) and expressed as a 
wet basis: the moisture content by procedure 24003, the nitrogen con
tent by procedure 2057, the intramuscular fat content by procedure 
13032, and the ash content by procedure 14066. 

To measure intramuscular fatty acids methyl esters (FAMEs), a 
sample of approximately 1 g of LD was thawed. FAMEs were extracted 
and methylated, according to the method described by Aldai et al. 
(2006), using a gas chromatograph Agilent 6890N Network GS System 
(Agilent, Inc., Santa Clara, CA, USA) equipped with a flame ionization 
detector (FID) and fitted with an HP-88 capillary column (100 m, 0.25 
mm i.d., 0.2 μm film thickness, Agilent Technologies Spain, S.L., Madrid, 

Fig. 1. Gas-chromatogram of the volatile compounds of meat from Suckling lambs (SL), Ternasco pasture (TP) and Ternasco concentrate (TC) for the Mallor
quina breed. 
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Spain). The chromatographic conditions were reported in 
Gutiérrez-Peña et al. (2022). Individual FAMEs were identified by 
comparing their retention times with those of authenticated standards 
from Sigma (Sigma Chemical Co., Ltd., Poole, UK). The individual 
chromatograms corresponding to SL, TP and TC meat are shown in 
Fig. 2. 

The mean values of the organoleptic, sensory and nutritional vari
ables used in the data set are shown in Supplementary Table S1. 

2.4. Data treatment 

To assign the lamb categories and validate the performance of the 
different algorithms, the data of different variables analysed included in 
the study were grouped into three separate datasets. The first dataset 
included the variables corresponding to the organoleptic and sensory 
attributes (i.e., Cielab colour, water-holding capacity (WHC), Warner- 
Bratzler shear force (WBSF), volatile compounds and the answers of 
the trained tasters), the second dataset grouped the variables corre
sponding to nutritional variables (i.e., muscle proximal composition and 
fatty acids), and the third dataset contained all the variables analysed 
(organoleptic, sensory and nutritive traits), which included 11,232 
event records. 

The datasets were constructed by adding each variable as a new 
column. Data was grouped according to type, and categorised into 
organoleptic, sensory, and nutritional attributes. To prevent in
consistencies arising from mislabelling, the categories were marked 
numerically, with classes designated by adding the prefix ‘c’ (in lower
case) followed by the numerical order within the data matrix column. 

To mitigate the impact of missing attributes on the accuracy of the 
model, in cases where data was missing, a zero value was assigned if the 
variable was not detected, or the mean value was used. Data with more 
than 20% missing values were removed, following the approach 
described by Davis et al. (1999). The data were clustered according to 
type into three groups: organoleptic, sensory and nutritional. Data 
integration was not carried out, as all the data were collected from the 
same source. 

2.5. Machine learning models 

Six Machine Learning algorithms, namely Artificial Neural Network 
(ANN), Decision Tree (DT), K-Nearest Neighbours (KNN), Naive Bayes 
(NB), Multinomial Logistic Regression (MLR), and Support Vector Ma
chine (SVM) were employed to assign the lamb categories. In the liter
ature reviewed, these six algorithms have been highlighted for their 
ability to conduct descriptive data analysis and perform classification 
tasks using raw data of various types (Ambika, 2020; Sen et al., 2020). 

To perform the comparative analysis among the six algorithms, all 
three datasets were used for each of the algorithms. The statistical 
performance indicators of the algorithms were overall accuracy and 
class-specific precision (F1-score), that is, the precision in assigning each 
category of lamb (SL, TP, and TC). This division was not balanced and 
was carried out randomly, resulting in varying numbers of cases for each 
class and each model. Each dataset was split into a training and a vali
dation set for each model containing 80% and 20% of the individuals, 
respectively. Due to the imbalanced nature of the data, the F1-score was 
taken from the classification report values, since the quantity of data 

Fig. 2. Gas-chromatogram of the fatty acid profile of meat from Suckling lambs (SL), Ternasco pasture (TP) and Ternasco concentrate (TC) for the Mallorquina breed.  
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included in each category was not equal. For each model, the grid 
parameter function was employed to iterate over a range of model 
hyperparameters, aiming to search and fit for the best convergence. The 
study was carried out using Python (Python programming language, v. 
3.7) and the Scikit-learn library package (Hao & Ho, 2019). 

The algorithms used were tested with different settings. The con
figurations eventually used were as follows: 

With ANN model architectures, consisting of input, hidden, and 
output layers, based on Multi-Layer Perceptron, different configuration 
options to determine the optimal number of neurons were tested 
following the approach described by Amirgaliev et al. (2014). The model 
architecture was fine-tuned by adjusting parameters such as the learning 
rate (0.001), training cycles or epochs (500) and the number of hidden 
layers (150, 100, 50). Each hidden layer was configured with the 
rectified linear unit (ReLU) activation function (Glorot et al., 2011). The 
model was optimized using the Adam solver function (Kingma & Ba, 
2015). The output layer consisted of three neurons, representing the 
three classes described SL, TP, and TC lamb categories, and we applied 
the Softmax activation function, which can be interpreted as a proba
bility distribution reflecting the model’s output decision. To address the 
risk of overfitting, dropout layers (Srivastava et al., 2014) were added 
after the first and second hidden layers, given the relatively small size of 
the input instances. 

The SVM algorithm was configured using linear-based kernel func
tions (Kotu & Deshpande, 2015). 

For the DT algorithm, a unique decision tree was constructed with 
Gini Index criterion (Raileanu & Stoffel, 2004), thus optimizing the 
dataset splitting. The attribute “best” was chosen for the split measure 
function. 

The MLR algorithm was programmed to assign the most probable 
label from a predefined set of three categories of lamb (SL, TP, and TC). 
The Newton-CG algorithm was used to optimize the classifier function, 
as described by Zeng et al. (2022). 

The NB algorithm was based on a Gaussian distribution model, with 
the internal parameter using Laplace correction due to the size of the 
dataset (Sen et al., 2020). 

Finally, to adjust the KNN algorithm, odd values were evaluated for 
the number of closed training records that had to be considered when 
predicting an unlabelled test record (K value), as suggested by Kotu and 
Deshpande (2015). To avoid possible interference from outliers of 
incorrect categories, the value K = 3, considering the three nearest 
training records, was taken. Weights were assigned to predict the target 
category using a uniform adjustment. 

3. Results 

In the following section, we evaluate and compare the effectiveness 
of the six machine learning algorithms for classifying the lamb carcasses 
from three databases containing organoleptic, sensory and nutritional 
attributes of the meat. 

3.1. Carcass classification by machine learning algorithms based on 
organoleptic and sensory traits 

Table 1 presents the comparative results of the assignment of three 
categories of lamb carcass (SL, TP, and TC) of the Mallorquina breed 
carried out by the six machine learning algorithms using the organo
leptic and sensory meat traits dataset. The algorithms evaluated 
revealed an overall accuracy ranging from 0.88 (ANN) to 0.54 (KNN) in 
the assignment of the three lamb categories. From the accuracy data for 
each category, a confusion matrix was generated for each algorithm 
evaluated (see Fig. 3). 

Among the six algorithms proposed, the ANN algorithm displayed 
the highest performance when using the meat organoleptic and sensory 
dataset, achieving an overall accuracy of 0.88 (Table 1). In fact, the 
overall accuracy of the ANN algorithm was 24–39% higher than the 

results obtained for the other algorithms tested. Additionally, the ANN 
algorithm was capable of automatically adjusting the internal parame
ters to improve the predictive accuracy. Specifically, in the ANN algo
rithm, the classification accuracy for predicting SL lambs was 0.92, with 
0.90 and 0.80 accuracy for TP and TC lambs, respectively. Moreover, as 
shown in Fig. 3, a reduced number of errors (3 of 24 cases) was observed 
in the confusion matrix of organoleptic and sensory attributes, including 
misclassification of an individual from SL lamb as TC, and two TC 
samples predicted as TP. 

The DT, MLR, and SVM algorithms reported similar results between 
them, each with an overall accuracy of 0.67 (Table 1). The F1-score 
results of these algorithms showed low accuracy for SVM in the SL 
lamb category, primarily due to its difficulty in distinguishing between 
the SL and TP categories, as can be seen in the confusion matrix (Fig. 3). 
The confusion matrix showed that the DT algorithm gets confused 
mainly when classifying the groups TP and TC. On the other hand, MLR 
showed a F1-score of 0.44 for the category TC. The confusion matrix 
showed that the MLR algorithm mainly mistook the category TC for SL. 

Meanwhile, the KNN and NB algorithms, utilizing the organoleptic 
and sensory attributes dataset, gave a less successful performance in 
comparison to the other algorithms studied. In fact, the KNN algorithm, 
utilizing 3 neighbours, achieved the lowest overall accuracy score 
(0.54), while NB showed an accuracy of 0.62 (Table 1). The KNN al
gorithm’s low score was attributed to difficulties in accurately classi
fying the lamb category TP, which achieved an F1-score of 0.40. The 
confusion matrix for the KNN algorithm (Fig. 3) showed several in
stances of mixed-ups, where individuals from the lamb categories SL, TP 
and TC were predicted as belonging to other categories. The NB algo
rithm had trouble primarily predicting the categories SL and TP, 
compared with TC lambs, as indicated by F1-score results of 0.53 and 
0.59, respectively (Table 1). The confusion matrix for NB had low ac
curacy, primarily in predicting the category SL, due to confusion with 
the category TP. 

Table 1 
Classification report for three carcass lamb categories (SL, TP, and TC) of the 
Mallorquina breed made by the six machine learning algorithms for the organ
oleptic and sensory meat traitsa dataset.  

Algorithm Analysed category Statistical performance indicators 

F1-score Overall Accuracy 

ANN SL 0.92  
TP 0.90 0.88 
TC 0.80  

SVM SL 0.60  
TP 0.71 0.67 
TC 0.73  

DT SL 0.73  
TP 0.60 0.67 
TC 0.63  

MLR SL 0.72  
TP 0.71 0.67 
TC 0.44  

NB SL 0.53  
TP 0.59 0.62 
TC 0.83  

KNN SL 0.57  
TP 0.40 0.54 
TC 0.67  

ANN: Artificial Neural Network; SVM: Support Vector Machine; DT: Decision 
Trees; MLR: Multinomial Logistic Regression; NB: Naive Bayes; KNN: K-Nearest 
Neighbours. 
SL: Suckling lambs; TP: Ternasco pasture lambs; TC: Ternasco concentrate-fed 
lambs. 

a Organoleptic and sensory traits: Cielab colour, WHC, WBSF, volatile com
pounds and answers of the trained tasters. 
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3.2. Carcass classification by machine learning based on nutritional traits 

The results for the assignment of lamb categories made by the six ML 
algorithms evaluated are presented in Table 2, with an overall accuracy 
range of between 0.83 and 0.54. As was observed with the nutritional 
attributes data, the highest performance was obtained with the ANN and 
SVM algorithms, both with an overall accuracy of 0.83. The ANN al
gorithm assigned the categories of SL and TC with a higher F1-score of 
0.92 and 0.82, respectively, while category TP showed an F1-score of 
0.78. 

The SVM algorithm achieved greater accuracy in assigning the cat
egories TP and TC, in which the F1-score was 0.84 and 0.88, respec
tively, while for the category SL, it was 0.77. The differences in 
assignment of lamb categories obtained between the two algorithms can 
be observed in the confusion matrix (Fig. 4). While the ANN algorithm 
performed worse in the SL lambs, the SVM algorithm predicted TP lambs 
twice as SL and once as TC. 

The DT and NB algorithms showed a similar overall accuracy, with a 
precision of 0.67. However, the DT algorithm showed less precision 
assigning the categories TP and TC, although it was more precise when 
classifying SL (Table 2). The NB algorithm showed a lower F1-score in 
classifying SL (0.36), while the highest value was obtained for the 
category TC (0.92). The NB algorithm mainly confused category TP with 
TC, while DT algorithm mainly confused TC with TP (Fig. 4). 

The worst performance in classifying lambs using nutritional attri
bute data was shown by the KNN and MLR algorithms (Overall Accu
racy = 0.54; Table 2). Using nutritive variables, the KNN algorithm had 
great difficulty correctly assigning the category TP (F1-score = 0.31; 
Table 2). The confusion matrix built with nutritional variables (Fig. 4) 
showed that the KNN algorithm mainly confused grass-fed lambs (TP) 
with SL. This confusion was also repeated when using organoleptic and 
sensory attribute data (Section 3.1). The MLR algorithm also showed 

Fig. 3. Confusion matrix of the differentiation of the three Mallorquina lamb carcass categories by each ML algorithm using the raw data of the organoleptic and 
sensory traits. ANN: Artificial Neural Network; SVM: Support Vector Machine; DT: Decision Trees; MLR: Multinomial Logistic Regression; NB: Naive Bayes; KNN: K- 
Nearest Neighbours. 
SL: Suckling lambs; TP: Ternasco pasture lambs; TC: Ternasco concentrate-fed lambs. 

Table 2 
Classification report for three carcass lamb categories (SL, TP, and TC) of the 
Mallorquina breed made by the six machine learning algorithms for a nutritional 
meat traitsa dataset.  

Algorithm Analysed category Statistical performance indicators 

F1-score Overall Accuracy 

ANN SL 0.82  
TP 0.78 0.83 
TC 0.92  

SVM SL 0,77  
TP 0,84 0.83 
TC 0,88  

DT SL 0.80  
TP 0.50 0.67 
TC 0.63  

MLR SL 0,63  
TP 0,50 0.54 
TC 0,44  

NB SL 0.36  
TP 0.67 0.67 
TC 0.92  

KNN SL 0.62  
TP 0.31 0.54 
TC 0.67  

ANN: Artificial Neural Network; SVM: Support Vector Machine; DT: Decision 
Trees; MLR: Multinomial Logistic Regression; NB: Naive Bayes; KNN: K-Nearest 
Neighbours. 
SL: Suckling lambs; TP: Ternasco pasture lambs; TC: Ternasco concentrate-fed 
lambs. 

a Nutritional traits: proximate composition and fatty acid profile. 

M. García-Infante et al.                                                                                                                                                                                                                       



Food Control 164 (2024) 110604

7

similar difficulties to the KNN algorithm when assigning lamb categories 
based on the feeding system. 

3.3. Carcass classification by machine learning based on organoleptic, 
sensorial and nutritive traits 

Table 3 shows the results obtained for the assignment of the three 
lamb categories using the full dataset (organoleptic, sensorial and 
nutritional dataset), while the confusion matrix is shown in Fig. 5. The 
overall accuracy ranged from 0.88 for the ANN and SVM algorithms to 
0.46 for the KNN algorithm. The ANN and SVM algorithms showed the 
highest overall accuracy, achieving a score of 0.88, and the ANN algo
rithm using the organoleptic, sensorial and nutritional dataset obtained 
a score equivalent to that obtained with the organoleptic attributes 
dataset alone (0.88). The performance in the classification between 
groups (SL = 0.82; TP = 0.86; TC = 0.94; Table 3) differs from that 
obtained with the organoleptic and sensorial traits (SL = 0.92; TP =
0.90; TC = 0.80; Table 1), which performed better when classifying 
categories SL and TP compared to TC. Using the ANN algorithm, two 
cases from the TP category were misclassified as SL lambs (Fig. 5). 

The SVM algorithm using all the traits (organoleptic, nutritional and 
sensorial dataset) improved its score obtained with the dataset of 
organoleptic and sensory (0.67; Table 1) and nutritional (0.83; Table 2) 
attributes alone. The accuracy in group classification (F1-score) shown 
was 0.96 (Table 3) when classifying the SL group. Using the full data, an 
accuracy of nearly 100% was obtained. In the classification matrix, the 
algorithm’s performance was lower when classifying TP lambs, which 
were misclassified as either SL or TC. 

The DT and MLR algorithms, including all the variables in the 

dataset, showed an overall accuracy of 0.79 and 0.71, respectively. The 
DT algorithm demonstrated a 20% improvement in performance 
compared to the organoleptic and nutritional dataset, with better results 
for SL and TP lambs but not for category TC, which showed an F1-score 
similar to that obtained with the organoleptic and nutritional attribute 
datasets separately. The confusion matrix of the DT algorithm showed 
that the algorithm had trouble identifying category TC, which it mainly 
confused with SL. 

As observed when using the full data set, the NB algorithm showed 
the same overall performance (0.62; Table 3) as when the organoleptic 
and sensory traits dataset was used, but a worse performance than with 
the nutritional traits dataset. Compared to the algorithms that perform 
better using the dataset containing the full characterization (ANN and 
SVM), the NB algorithm exhibited a 30% worse performance. Although 
it was possible to correctly assign the TC class with an F1-score of 0.86 
(Table 3), high values could not be achieved when classifying SL and TP 
(0.47 and 0.59, respectively). The confusion matrix (Fig. 5) showed that 
this algorithm tends to confuse SL and TP lambs with the TC category. 

Finally, the KNN algorithm, including all variables, showed the 
lowest score in differentiating the three lamb categories according to the 
production system (0.46; Table 3). Moreover, this value was the lowest 
obtained for overall accuracy in all the organoleptic-sensory (Table 1) 
and nutritive (Table 2) traits. In fact, the unusually low F1-score of 0.18 
obtained for the TC lamb category with the complete dataset (144 var
iables) (see Table 3) indicates a very poor performance compared to the 
scores of the other algorithms studied. As can be seen from the confusion 
matrix (Fig. 5), this algorithm tended to confuse the groups TP and TC 
with SL. 

Fig. 4. Confusion matrix of the differentiation of the three Mallorquina lamb’s carcass categories by each ML algorithm using the raw data of the nutritional traits. 
ANN: Artificial Neural Network; SVM: Support Vector Machine; DT: Decision Trees; MLR: Multinomial Logistic Regression; NB: Naive Bayes; KNN: K-Nearest 
Neighbours. 
SL: Suckling lambs; TP: Ternasco pasture lambs; TC: Ternasco concentrate feeding lambs. 
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4. Discussion 

Meat has a highly complex matrix whose characteristics depend on 
many variables that can be analysed with the aim of identifying factors, 
such as animal nutrition, that may determine meat quality. In line with 
the current study, other authors such as Gredell et al. (2019) have 
proposed carcass classification systems by comparing different machine 
learning algorithms, although they performed data preprocessing by 
employing dimensionality reduction through PCA analysis. Our study 
proposes a comparative analysis to evaluate the potential of these al
gorithms for classifying a complex matrix such as lamb meat properties, 
utilizing raw data processing. The results of this work, processing data 
on organoleptic and sensory attributes with machine learning algo
rithms, simplifies the classificatory tasks reported in the work by 
Sivadier et al. (2008), which used biomarker analysis with the set of 
classical statistical methods like ANOVA, principal component analysis, 
and discriminant analysis, among others. To date, classifying and 
identifying lamb categories based on feeding systems using its organo
leptic attributes and classical statistic models has been a challenging 
task, as confirmed by Franke et al. (2005). 

The ANN algorithm was able to achieve the best results due to its 
ability to learn complex patterns in the input data. The improved per
formance obtained by ANN with a data matrix as complex as meat may 
be linked to the wide variability of the data, particularly that related to 
volatile compounds or fatty acids profile, as well to as the greater ability 
of ANN to obtain patterns from a large number of variables, many of 
which were correlated. These results are consistent with other authors 
who have reported using ANN algorithm as a tool to measure trace
ability in foods such as honey (Maione et al., 2019) or pork meat (Qi 
et al., 2021), or to predict beef meat quality (Ser et al., 2021) or 
differentiate fresh pork meat from frozen meat based on volatile com
pounds (Górska-Horczyczak et al., 2017). Regarding overall accuracy, in 

our study, ANN obtained a 5.6% lower performance with nutritional 
traits compared to the organoleptic and sensory traits dataset. However, 
it is still the algorithm that yields the best results compared with the 
other algorithms tested. This could be attributed to variations in the 
range of data and the application of the same adjustment for analysing 
both datasets. Fine-tuning the ANN algorithm by adjusting parameters 
like learning rate, training cycles, or the number of hidden layers might 
improve its performance with nutritional data. However, the goal of this 
study was to compare the algorithms’ potential using distinct datasets, 
so dissimilar adjustments have not been implemented for each dataset. 

The ANN algorithm has been described as a mathematical model 
used to process information in a similar way to the synaptic connections 
of the brain, thus exhibiting nonlinear dynamic properties (Maass et al., 
2019). The superior performance of ANN compared to other algorithms 
can also be attributed to its active mapping of classificatory patterns of 
different classes, while the other algorithms employed a more passive 
mapping approach (Schwenker & Trentin, 2014). For instance, Liang 
et al. (2020) reviewed successful traceability in several foods such as 
beef, donkey milk, olive oil, and wheat, among others, using ANN based 
on NIRS data. This approach gave a high performance even with 
high-dimensional input data and non-linear data. The ANN algorithm 
frequently showcases superior performance in numerous pattern 
recognition scenarios, frequently outperforming conventional classifi
cation techniques in studies related to meat quality (Ghasemi-Varnam
khasti et al., 2009). 

Meanwhile, the SVN algorithm achieved the same level of perfor
mance as ANN using the complete traits dataset (88%). In previous 
studies, Australian commercial lambs were classified based on their fat 
profile using the SVM algorithm, showing a precision in lamb classifi
cation accuracy ranging from 68% to 100% (Watkins et al., 2010). The 
variations observed in the classification scores in their study were 
influenced by the data pretreatment, with improved outcomes achieved 
when the data were subjected to range transformation and mean cen
tring. For the original dataset, Watkins et al. (2010) obtained similar 
results (86%) to those of our study. In addition, the SVM algorithm has 
also been shown to be effective in other studies for identifying meat from 
lambs by analysing fat with infrared spectroscopy. This method has been 
used to compare lambs fed with breast milk to those fed with commer
cial milk replacers (Alaiz-Rodriguez & Parnell, 2020), achieving an ac
curacy of around 89%. The SVM algorithm performed better in our study 
with nutritional traits (including fatty acid profile) than with organo
leptic and sensory traits, which is probably due to the range of organ
oleptic data being broader than that of nutritional data. In general, the 
SVM algorithm using nutritional traits and the full set of characteriza
tion variables obtained good results because it is a supervised learning 
algorithm capable of classifying non-linear data using a decision func
tion (hyperplane) that maximizes the separation between the different 
categories (Kotu & Deshpande, 2015). In addition, the SVM algorithm 
has a good capacity for handling datasets with a large number of features 
and few training samples. Specifically, studies in pigs (Vasconcelos 
et al., 2023) using SVM showed a high performance in determining 
quality traits in pork meat with datasets containing more variables than 
samples and exhibiting high variability. 

The difference in performance between the datasets obtained in our 
study by SVN is striking. As can be observed in section 3, a better per
formance was obtained with the nutritional traits than with the organ
oleptic and sensory traits data (20% better). The main difference 
between the data on organoleptic-sensory and nutritional traits is that 
the width of the range of values of the organoleptic variables (mainly the 
volatile compounds) was greater than those of the nutritional variables. 
These differences in the data can affect the algorithm’s ability to find 
classificatory patterns, as the margin between categories is established 
by constructing a hyperplane in an n-dimensional space to separate the 
points (Kotu & Deshpande, 2015). In other words, a wider range of data 
in the organoleptic traits (mainly volatile compounds) can affect the 
ability of SVM’s hyperplane to divide the lamb categories. When it 

Table 3 
Classification report of three carcass lamb categories (SL, TP, and TC) of the 
Mallorquina breed made by the six machine learning algorithms using the 
complete characterization meata dataset.  

Algorithm Analysed category Statistical performance indicators 

F1-score Overall Accuracy 

ANN SL 0.82  
TP 0.86 0.88 
TC 0.94  

SVM SL 0.96  
TP 0,77 0.88 
TC 0,83  

DT SL 0.89  
TP 0.82 0.79 
TC 0.62  

MLR SL 0.80  
TP 0.60 0.71 
TC 0.67  

NB SL 0.47  
TP 0.59 0.62 
TC 0.86  

KNN SL 0.58  
TP 0.46 0.46 
TC 0.18  

ANN: Artificial Neural Network; SVM: Support Vector Machine; DT: Decision 
Trees; MLR: Multinomial Logistic Regression; NB: Naive Bayes; KNN: K-Nearest 
Neighbours. 
SL: Suckling lambs; TP: Ternasco pasture lambs; TC: Ternasco concentrate-fed 
lambs. 

a Organoleptic traits: colour, WHC, WBSF, volatile compounds; Nutritional 
traits: proximate composition, fatty acid profile; Sensorial traits: intensity of the 
lamb, milk and liver odours, toughness of the meat, initial and final juiciness, 
friability, chewiness, intensity of the lamb, lactic acid and liver flavours. 
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comes to authenticating the origin of lamb feeding, improving the pro
jection of the training data into spaces that maximize the hyperplane 
margin could help enhance the classification model, as was pointed out 
by Arsalane et al. (2018) in a study on predicting beef freshness. The 
SVM algorithm is known for its ability to handle complex and 
high-dimensional data (Kotu & Deshpande, 2015), which makes it 
suitable for analysing data from the complete characterization of lamb 
meat carried out in our study with 144 variables from organoleptic, 
sensorial and nutritional traits. It also seeks to maximize the margin 
between categories in the feature space, helping to separate different 
groups effectively. Therefore, it may have been able to identify more 
precise and complex patterns in the complete characterization data 
because of the high number of variables included in the model, resulting 
in better overall accuracy than with the organoleptic and nutritional 
datasets separately. 

The DT algorithm is widely used in the fields of medical sciences 
(Jeong et al., 2023), psychology (Müller-Vahl et al., 2022), business 
economics (Marqués et al., 2013) and environmental sciences (Jain 
et al., 2020), while its use is not so widespread in livestock farming and 
food science technology. However, references to using the DT algorithm 
to evaluate the reproductive performance in sows based on 8 repro
ductive parameters or variables were reported by Kirchner et al. (2004), 
obtaining performances greater than 90%. Compared with the results 
obtained in our study, with performances between 67% and 79%, 
independently of the variable type, the classification capacity of this 
algorithm is reduced if there is a large number of variables. The DT al
gorithm showed a similar performance to NB in categorizing confusion 
using organoleptic-sensory attribute data and nutritional attribute data 
(Section 3.1 and Section 3.2). 

As regards the MLR algorithm, Pan et al. (2016) reported it as being 
quite sensitive to the collinearity of variables. In our study, some of the 
organoleptic and nutritional variables exhibited collinearity (for 
example, the fatty acid profile and several volatile compounds in cooked 
meat), which can impact the algorithm’s performance. In fact, the 
confusion matrix with complete characterization data (i.e., organo
leptic, sensory and nutritional traits) showed that MLR the algorithm 
had the greatest difficulty in differentiating TP from TC lamb categories 
because some of the variables, such as the organoleptic, sensory and 
nutritional traits for intramuscular fat, were collineated (for instance, 
the fatty acids profile and volatile compounds from lipid oxidation of 
cooked meat; Mottram, 1998). Despite the fact that NB obtained a low 
score in this experiment to discriminate the three different lamb cate
gories, other authors (Odevci et al., 2021) who utilized NB as a pre
dictive algorithm for lamb survival rates based on intrinsic animal 
variables achieved accuracy rates above 90% in their predictions. 
Similarly, other authors (Abinaya et al., 2021) also achieved high ac
curacy scores in image classification by combining deep learning net
works with the NB algorithm using images of fish. This leads us to the 
consideration that NB may have potential as an algorithm for classifying 
lamb meat types with prior variable reduction treatments. The NB al
gorithm assumes that all the variables are independent of each other. It 
is a highly sensitive algorithm that is influenced by both data distribu
tion and the assumption of independence (Zhang et al., 2018). Given 
that in our study the input data contains variables that are not 
completely independent, it is plausible that the variability within the 
data may have hindered the NB algorithm from effectively capturing the 
interdependencies among these variables. Consequently, this might lead 
to less accurate predictions. Furthermore, studies on predicting calf 

Fig. 5. Confusion matrix of the differentiation of three Mallorquina lamb’s carcass categories by each ML algorithm using the raw data with the full characterization 
attributes. ANN: Artificial Neural Network; SVM: Support Vector Machine; DT: Decision Trees; MLR: Multinomial Logistic Regression; NB: Naive Bayes; KNN: K- 
Nearest Neighbours. 
SL: Suckling lambs; TP: Ternasco pasture lambs; TC: Ternasco concentrate-fed lambs. 
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survival using genomic and phenotypic variables reveal the limited 
performance of the NB algorithm when dealing with variables that may 
exhibit some form of interdependence in individual predictions of a 
complex binary trait (van der Heide et al., 2019). Nevertheless, the NB 
algorithm performed well with limited data. The complex, extensive 
matrix of data used in this study may be one of the additional reasons for 
the low performance here of the NB algorithm, despite its success in 
other fields such as bank credit scoring (Okesola et al., 2018, pp. 
228–233). Statistical treatments aimed at reducing variables could 
therefore probably help to improve the performance of the NB algorithm 
in classifying lamb production categories. In addition, the algorithm 
performance can be affected by the sample size and the amplitude of the 
data range, as occurs in the data for the organoleptic variables involved 
in the model created. Authors such as Ghazal et al. (2021) employed 
smoothing techniques in fruit classification models using images to 
enhance the accuracy of NB algorithms. Following this approach, an 
enhancement in the performance of the NB algorithm could be achieved 
by preprocessing the data through variable discrimination and selecting 
those with greater significance within the analysed group. Additionally, 
the utilization of smoothing techniques could also be employed to 
mitigate zero probability issues for unidentified categories, thus 
enhancing the accuracy of the probability estimator (He & Ding, 2007). 

The poor performance shown by the KNN algorithm has also been 
described in the literature when predicting carcass traits from life re
cords in sheep (Shahinfar et al., 2019). The method of processing the 
data for this algorithm, which involves creating training instances that 
later compare their distances, results in the pattern learned from the 
data not being explicit (Witten et al., 2002). Our results show the high 
sensitivity of the KNN algorithm to the dimensionality of the variables 
used in this model, as described by Pulgar et al. (2018). As the dimen
sionality increases, the distance between data points may have become 
similar, causing the algorithm to fail to properly identify its significant 
nearest neighbours. One potential solution to this issue of improving the 
algorithm’s accuracy could involve dimensionality reduction methods 
such as variable clustering or multidimensional scaling. 

5. Conclusions 

In this paper, six machine learning algorithms (Artificial Neural 
Network, Decision Tree, K-Nearest Neighbours, Naive Bayes, Multino
mial Logistic Regression, and Support Vector Machine) were evaluated 
to differentiate three light commercial carcass lamb categories accord
ing to their production system. Based on the results obtained, we can 
conclude that the use of machine learning algorithms is an effective 
alternative for differentiating the categories of Spanish light lambs. This 
classification technique offers great potential for use, especially in the 
field of the food industry. Among the algorithm models used for classi
fying food, specifically in the identification of lamb meat production 
systems, Artificial Neural Network and Support Vector Machine appear 
to be the most promising. These algorithms demonstrate the best per
formance in overall accuracy when using the organoleptic-sensory and 
nutritional traits of lamb meat. However, the K-Nearest Neighbours and 
Naive Bayes algorithms show a poorer performance when assigning 
categories of Spanish light lambs according to their production system, 
mainly due to their difficulty in correctly differentiating the category of 
lambs raised on grass from other categories of lambs raised using milk or 
concentrate in their diet. 

Conducting new studies aimed at enhancing these classification 
techniques, based on the use of machine learning, could be highly 
beneficial for the authentication and meat quality certification of lamb 
meat. 
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