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ABSTRACT

This study addresses the prediction of the somatic 
cell counts of the milk used in the production of sheep 
cheese using artificial neural networks. To achieve this 
objective, the neural network was designed using 33 
parameters of the physicochemical composition of the 
cheeses obtained after they have been matured for 12 
mo as input data. The physicochemical analysis of the 
cheeses revealed that the somatic cell count level of the 
cheese has a significant influence on the amount of pro-
tein, fat, dry extract, and fatty acids. When properly 
set up, the neural network allows the correct classifica-
tion of the cheeses (100% of correct results in both 
training and test phases) and therefore their samples 
in each of the 3 nominal output variables (low, average, 
and high somatic cell counts). The fatty composition of 
the cheeses, individual fatty acids, and fat acidity are 
the variables that most affect the correct operation of 
the neural network.
Key words: somatic cell count, artificial neural 
network, cheese, classification

INTRODUCTION

The somatic cells found in milk from healthy animals 
are mainly macrophages and epithelial cells (Concha et 
al., 1986; Leitner et al., 2000). When an infection of the 
mammary gland occurs, an increase in SCC, mainly of 
polymorphonuclear neutrophils that may liberate pro-
teolytic enzymes (Le Roux et al., 2003), can be observed 
(Poutrel, 1981). As a result SCC levels are often used 
as indicators of animal mammary disease. However, as 
has previously been pointed out by several authors, 
it is very hard to establish the SCC level indicative 

of an inflammation of the mammary gland because it 
fluctuates considerably in ewe milk, and other factors 
such as age, animal husbandry practices, climate, and 
lactation stage may affect the SCC, with very high 
levels being reached during the colostral period and at 
the end of lactation (Dulin et al., 1983; Menzies and 
Ramanoon, 2001). Although EU Directives (EC, 2004) 
did not establish threshold values for the SCC in ewe 
milk, it has been suggested that a SCC value equal to 
2,000,000 can be considered normal. Nevertheless, Boy-
azoglu and Morand-Fehr (2001) suggested a threshold 
level for subclinical mastitis in sheep close to 1,500,000 
cells/mL, whereas Gonzalo et al. (2000) proposed that 
ovine flocks with SCC >1,000,000 should indicate an 
unsatisfactory sanitary category.

The increase in the SCC of ewe milk leads to a 
decrease in the fat content, TS, caseins, and lactose 
amount and to an increase in whey proteins other 
than α-LA and β-LG, pH, and fat acidity (Pirisi et 
al., 1996, 2000; Leitner et al., 2003; Albenzio et al., 
2004; Revilla et al., 2007, 2009a,b; Rodríguez-Nogales 
et al., 2007). Moreover, the cheese-making properties 
of ewe milk with a high SCC are characterized by lon-
ger coagulation time, poorer syneresis, a lower cheese 
yield, higher protein and fat losses in the whey, and 
an increased curd moisture content (Pirisi et al., 1996; 
Jaeggi et al., 2003; Albenzio et al., 2004, 2011; Revilla 
et al., 2007). These poor cheese-making properties are 
due to an increase in proteolytic activity (Revilla et al., 
2007, 2011; Albenzio et al., 2011; Pinto et al., 2013) due 
to the positive correlation between intact caseins and 
curding properties (Revilla et al., 2009b). The higher 
proteolytic activity and also lipolytic activity (Lurue-
ña-Martínez et al., 2010a) affects the texture, flavor, 
and acceptability of hard ewe cheeses produced from 
milk with a high SCC. They have lower instrumental 
hardness and are described as softer, less creamy, more 
granulose, and also more rancid and pungent, and these 
cheeses were less popular with consumers (O’Farrell et 
al., 2002; Jaeggi et al., 2003; Revilla et al., 2007, 2009a; 
Lurueña-Martínez et al., 2010a). The undesirable ef-
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fects observed justify the use of the SCC to set milk 
prices (Kalantzopoulos et al., 2004).

Nonetheless, proteolytic and lipolytic activities are 
inherent to the cheese maturation process, and after 
several months it may be difficult to distinguish the 
SCC and the effects of time. In fact there were no 
significant differences in the percentage of proteolysis 
or chemical composition up until the sixth month of 
maturation, although higher fat acidity and higher pH 
was observed in high SCC milk cheeses (Jaeggi et al., 
2003; Revilla et al., 2007, 2011) and some textural and 
flavor defects were reported after 12 mo of ripening 
(Lurueña-Martínez et al., 2010b). Despite the relevance 
of the SCC on cheese quality, no data regarding cheese 
classification according to this factor have been found.

Despite this, interest is growing in determining the 
quality and authenticity of dairy products; it is often 
not possible to make a definitive statement on cheese 
quality using only a physicochemical analysis due to 
the complexity of the matrix and the cheese-making 
process. The coupling of analytical and chemometric 
tools has proved to be very useful in product authentic-
ity and authentication (Karoui and De Baerdemaeker, 
2007). Among chemometric tools, the artificial neural 
network (ANN) is well suited for food quality predic-
tion because it can handle complex nonlinear relation-
ships with ease, even when the exact nature of such 
behavior is unclear. For this reason ANN are being 
widely used in several disciplines for modeling complex 
real-world problems (Basheer and Hajmeer, 2000).

Artificial neural networks have been used successfully 
in the dairy industry to predict shelf life (as reviewed by 
Goyal and Goyal, 2012), physicochemical composition 
(Etzion et al., 2004; Khanmohammadi et al., 2009), 
and sensory characteristics (Singh et al., 2009; Cruz et 
al., 2011); to discriminate varieties, geographical origin, 
or seasonal variations (He et al., 2005; Cruz et al., 2009, 
2013; Gori et al., 2012); to control milk quality (Het-
tinga et al., 2008; Souza et al., 2011); and to model 
operational parameters during product manufacture 
(Funahashi and Horiuchi, 2008). As far as cheese manu-
facture is concerned, ANN have been applied mainly for 
authentication, classification, or traceability purposes 
(Pillonel et al., 2005; Zeppa et al., 2005; Barile et al., 
2006; Verdini et al., 2007; Cevoli et al., 2011, 2013) but 
also for predicting ripening (Soto-Barajas et al., 2013) 
or moisture (Jimenez-Marquez et al., 2003, 2005) or the 
optimization of the cheese-making process (Paquet et 
al., 2000; Horiuchi et al., 2004).

In this study we developed an ANN model to predict 
the SCC levels of the raw ewe milk used for hard cheese 
manufacture. The physicochemical composition, color, 

texture, and individual fatty acids analyzed at different 
stages of cheese ripening (up to 12 mo) were selected 
as input variables. The ANN model was also used to 
identify the most important factors of the predicted 
variable and to study its relationships with the depen-
dent variable.

MATERIALS AND METHODS

Milk Collection

Different milk samples were taken from bulk milk 
of herds with 3 SCC: less than 500,000 cells/mL (low 
SCC), between 1,000,000 and 1,500,000 cells/mL (aver-
age SCC), and between 2,500,000 and 3,000,000 cells/
mL (high SCC). The upper and lower limits were set 
according to the highest and lowest SCC values found 
in the region throughout the year. The herds (3 herds 
for each SCC level) were selected on the basis of the 
milk SCC recorded during the previous months, choos-
ing herds with a SCC that was always within the limits 
of each group.

All herds were reared in Zamora (Spain) under iden-
tical husbandry systems and feeding regimens. Samples 
were taken from bulk milk from the first week of Novem-
ber until the first week of December for 2 consecutive 
years. During this period the ewes were in the mid-lac-
tation stage; the animals were kept in stables, fed with 
concentrates composed of beetroot pulp, alfalfa, barley, 
corn, soy, and cotton, and were machine-milked. On the 
sampling day, an aliquot was submitted for Fossomatic 
SCC analyses and total bacteria counts at the certified 
laboratory of the Regional Government of Castilla y 
León, Spain. The results showed that the samples were 
within the range initially selected for SCC. Regarding 
bacterial counts, the group of sheep milk with low SCC 
values showed low bacterial levels, whereas no signifi-
cant differences were observed between the groups of 
sheep milk with average and high SCC values.

Cheese-Making Procedure

Nonstandardized raw milk (40 L) was incubated with 
36 mg/L of direct-vat-set starters consisting of Strepto-
coccus lactis, Streptococcus cremoris, and Streptococcus 
diacetylactis (MA400, Choozit, Danisco, Sassenage, 
France) at 30°C. After 30 min at 32°C, when the pH 
was 6.5 to 6.6, 11.25 mg/L of calf rennet (90% chy-
mosin, 10% pepsin, 1:150,000 strength) was added to 
each vat. Coagulation was allowed to take place over 
40 to 70 min. When the coagulum had developed the 
desired firmness, evaluated subjectively, the curds were 
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cut with a cheese harp until pieces similar in size to a 
grain of rice had been obtained. Subsequently the curd 
was stirred for 30 min and heated for 20 min at 36°C 
until it had reached the desired consistency to improve 
its drainage with sieves. The curd was packed in round 
hoops (1 kg) and pressed for 5 h at 1.5 kg∙cm–2 at 20°C. 
After pressing the cheeses were salted by soaking them 
in sodium chloride brine (16° Baumé) at 18°C for 12 
h. The cheeses were then moved to a drying chamber 
where temperature was 15°C and relative humidity was 
78% during the first month, 70% during the second and 
third months, and 66% until ripening was completed. 
For each manufacturing process 2 cheeses were removed 
from each vat for analysis after the cheese-making pro-
cess (0 mo) and after 3, 6, 9, and 12 mo of ripening.

Physicochemical Analysis

All compositional analyses were carried out in tripli-
cate. Cheese samples were analyzed for pH (potentiomet-
ric method, CRISON Basic20), fat (Van Gulik method; 
ISO, 1975), dry extract (IDF, 1982), ashes (AOAC 
International, 2000), and fat acidity (IDF, 1969). The 
total amount of nitrogen (AOAC International, 1995) 
was determined by using the Kjeldahl method and the 
results were expressed as protein equivalents (total N 
× 6.38) on the basis of dry extract. Water activity was 
determined (aw) in grated cheese with aw Sprint equip-
ment (Novasina, Axair Ltd., Pföffikan, Switzerland).

Color was measured on a 1-cm-thick slice from 
the central diameter of each cheese wheel by using a 
MiniScan XEPlus (Hunter Lab, Reston, VA) with a 25-
mm measuring head and diffuse/8° optical geometry. 
The CIELab parameters were calculated for the CIE 
illuminant D65 and 10° standard observer conditions. 
The parameters calculated were lightness (L*), redness 
(a*), and yellowness (b*; CIE, 1975). The color was 
determined on the surface of a cheese slice (1 cm thick) 
obtained by cutting the cheese into 2 halves. Determi-
nations were carried out in triplicate in the center and 
on the edges of the slice.

Samples for cheese textural analysis had been kept 
at 24°C for 1 h before the analysis and were obtained 
by cutting the 1-cm-thick slice from the central di-
ameter into 6 rectangular parallelepipeds, 1 × 1 cm 
thick and 3 cm long. A TX-T2iplus equipped with a 
Warner-Bratzler probe (Stable Micro Systems, Surrey, 
UK) was used to determine the instrumental texture. 
The crosshead speed was 1 mm/s, and the maximum 
peak force (Warner-Bratzler shear force) necessary to 
cut each parallelepiped transversally and completely 
was recorded.

Fatty Acid Analysis

The fatty acids were determined by following the 
method described by Lurueña-Martínez et al. (2010a). 
Lipids were extracted using the International Standard 
Method described in ISO 14156:2001 (ISO, 2001). Fatty 
acids of all samples were methylated and analyzed by 
GC (GC 6890 N, Agilent Technologies, Santa Clara, 
CA) using a 100 m × 0.25 mm × 0.20 µm capillary 
column (SP-2560, Supelco Inc., Bellefonte, PA). The 
oven temperature program was 150°C, increasing tem-
perature at 1°C/min to reach 165°C, then increasing 
at 0.20°C/min to reach 167°C and then increasing by 
1.50°C/min to reach 225°C, where it was maintained 
for 15 min. One microliter was injected into the chro-
matograph, equipped with a split/splitless injector and 
an flame ionization detector. The injector and detector 
temperatures were 250°C. The carrier gas was helium 
at 1 mL/min and split (20:1). The different fatty acids 
were identified by the retention time compared with 
the corresponding standards including the 4 CLA iso-
mers CLA cis-9,trans-11, CLA trans-10,cis-12, CLA 
cis-9,cis-11, and CLA trans-9,trans-11 (Larodan Fine 
Chemicals AB, Malmo, Sweden). Fatty acid contents 
were calculated using chromatogram peak areas and 
were expressed as grams per 100 g of total of fatty acid 
methyl esters.

Artificial Neural Network

Artificial neural network models were performed 
using Matlab 8.1 (R2017a, MathWorks Inc., Natick, 
MA). A multi-layered feed-forward network with back-
propagation was built to predict the specific classes to 
which the samples belong. The tangent sigmoid and 
pure linear transfer functions were used in the hidden 
and output layers, respectively. The weight and bias 
matrix was randomly initialized but by using the same 
seed value that allows the reproducibility of data (Pil-
lonel et al., 2005). The error minimization process was 
achieved by using the gradient descent method. General 
architecture of this ANN includes an input, an output, 
and 1 hidden layer. The input layer had 33 neurons cor-
responding to the different parameters quantified in the 
samples summarized in Table 1. Three nominal output 
variables (low SCC, average SCC, and high SCC) were 
used to perform classification tasks: the target output 
is 1.0 in the correct class output and 0.0 in the others 
(Cevoli et al., 2011; Gori et al., 2012). Networks with 
one hidden layer but with different number of neurons 
were tested to select the most accurate classification 
results.
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The original data set (80 observations) was divided 
at random into a training set (70%, 56 observations), 
a verification set (15%, 12 observations), and a test set 
(15%, 12 observations) for all ANN tested. The verifi-
cation set was used to identify the best network and 
to indicate possible overlearning, and the test set was 
treated as an unknown so as to provide an independent 
assessment of the classifying capability of the network.

The best network structure selection was performed 
using several criteria: the confusion matrices (training, 
verification, and test sets) that account for the samples 
that were correctly classified, the mean square error 
(MSE), and the plot of receiver operating characteris-
tics that correlates the false positive rate with the true 
positive rate.

RESULTS AND DISCUSSION

Analytical Results

Table 1 shows the yearly average values obtained 
from the physicochemical analysis of low SCC (less than 
500,000 cells/mL), average SCC (between 1,000,000 and 
1,500,000 cells/mL), and high SCC (between 2,500,000 
and 3,000,000 cells/mL) milk cheeses and the statistical 
significance of the 3 factors considered: the SCC level, 
the month of ripening, and the year of sampling.

Results show a significant effect of the SCC on pro-
tein content that underwent a statistically significant 
increase as the SCC values increased. This result differs 
from those previously reported by other authors who 

Table 1. Mean values of the parameters analyzed of hard ewe milk cheeses in different SCC groups

Item

SCC (× 1,000/mL)

 

Significance

<500 1,000–1,500 2,500–3,000 SCC Month Year

pH 5.33 5.35 5.37 NS *** NS
Fat1 (%) 54.04b 53.35ab 52.60a * NS ***
Protein2 (%) 38.90a 39.70ab 40.07b * NS ***
Ash3 (%) 6.84 6.87 7.10 NS NS ***
Dry extract (%) 77.79b 76.64a 77.02ab * *** NS
Water activity 0.853ab 0.858b 0.845a * *** **
Fat acidity4 3.76a 5.44b 8.79c *** *** ***
L*5 78.45 78.94 79.94 NS *** ***
a*5 −0.538 −0.069 0.294 NS *** NS
b*5 20.09b 18.88a 18.95a * *** NS
WBSF6 (N) 29.94b 25.33a 25.56a * *** ***
Fatty acid      
  Butyric (C4:0) 1.45 1.38 1.39 NS *** NS
  Caproic (C6:0) 2.12 2.11 2.11 NS *** NS
  Caprylic (C8:0) 2.59 2.66 2.68 NS *** NS
  Capric (C10:0) 8.24 8.79 9.22 NS *** NS
  Lauric (C12:0) 4.68a 5.01ab 5.34b * *** NS
  Myristic (C14:0) 10.42a 11.17b 11.76b *** * **
  Myristoleic (C14:1) 0.17a 0.22b 0.23b ** * **
  Palmitic (C16:0) 25.23 25.04 24.86 NS *** NS
  Palmitoleic (C16:1) 1.13a 1.22b 1.25b ** NS NS
  Heptadecanoic (C17:0) 0.62 0.65 0.63 NS *** ***
  Heptadecenoic (C17:1) 0.18 0.20 0.19 NS NS NS
  Stearic (C18:0) 12.04 11.44 11.19 NS *** NS
  Elaidic (C18:1 trans) 2.01 1.69 1.43 NS NS NS
  Oleic (C18:1) 18.20 18.23 18.03 NS *** NS
  Linoleic (C18:2) 2.74 2.46 2.23 NS NS NS
  Araquidic (C20:0) 0.05a 0.05a 0.06b * NS NS
  Linolenic (C18:3) 0.50ab 0.52b 0.43a * NS NS
  Eicosapentaensic acid (C20:5) 0.04 0.04 0.04 NS NS NS
  Docosahexaenoic acid (C22:6) 0.02 0.02 0.02 NS NS NS
  CLA (cis-9,trans-11) 0.53b 0.45a 0.41a ** NS **
  CLA (cis-9,cis-11) 0.07b 0.07ab 0.06a * NS *
  CLA (trans-9,trans-11) 0.04 0.04 0.04 NS NS ***
a–cValues followed by different letter in the same row differ significantly according to the Tukey test (P < 0.05).
1Fat content on a dry weight basis.
2Total % N × 6.38, on a dry weight basis.
3Ash on a dry weight basis.
4mg of KOH per gram of fat.
5L* = lightness; a* = redness; b* = yellowness.
6WBSF = Warner-Bratzler shear force.
*P ≤ 0.05; **P ≤ 0.01; ***P ≤ 0.001.
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either failed to find significant differences among SCC 
levels both in freshly elaborated and ripened cheese 
(Pirisi et al., 2000; Jaeggi et al., 2003; Nudda et al., 
2003; Revilla et al., 2011, 2009b) or found significantly 
lower values of casein content, both α-CN and β-CN, 
as the SCC increased (Revilla et al., 2011, 2007), which 
is attributable to the higher proteolytic activity as the 
SCC increased (Albenzio et al., 2004, 2011).

The fat content was significantly lower in cheeses 
with higher SCC levels, due to the lower initial milk fat 
content of high SCC milk (low SCC = 8.65%; average 
SCC = 8.49%, high SCC = 7.52%) and to a higher 
lipolytic activity as previously observed for high SCC 
cow milk (Gargouri et al., 2008). The higher lipolytic 
activity of high SCC cheeses is due to the lipase activ-
ity of somatic cells that produces higher concentrations 
of free fatty acids (Albenzio et al., 2011), increasing 
fat acidity. Thus, it may be seen that fat acidity was 
significantly higher in the cheeses with a high SCC, 
with the differences being wider as ripening progressed.

The dry extract was significantly affected by SCC 
levels and low SCC cheeses have higher values of this 
parameter, which is in agreement with previous research 
that reported higher moisture values for cheeses made 
from milk with high SCC levels (Jaeggi et al., 2003; 
Albenzio et al., 2004; Revilla et al., 2009b). This result 
may be due to an alteration in the milk protein com-
position and mineral balance (Munro et al., 1984), but 
the somatic cells themselves may also contribute to the 
higher cheese moisture content (Marino et al., 2005). 
High moisture levels are known to accelerate proteolysis 
[and the increase of moisture with the SCC may have 
promoted higher proteolysis in the cheese (Jaeggi et al., 
2003)]. However, water activity was significantly lower 
in high SCC cheeses, because the higher the proteolysis 
and lipolysis the higher the release of AA, peptides, 
organic acids, and calcium phosphate, which are the 
compounds that reduce water activity.

Low SCC cheeses had significantly higher values of 
b* as they were more yellow than average SCC and high 
SCC cheeses, but we observed no significant differences 
for L* and a*. The results of Rohm and Jaros (1997) 
indicated that the yellowness index increased with the 
unsaturation of fat and DM content, mainly with the 
amount of fat (Sánchez-Macías et al., 2010), and results 
showed that low SCC cheeses showed significantly lower 
levels of SFA (low SCC = 67.44, average SCC = 68.30, 
high SCC = 69.24) and higher levels of dry extract and 
fat content as shown in Table 1.

Cheese texture determined as Warner-Bratzler shear 
force showed a significant decrease when there was an 
increase from low to average SCC levels. Textural prob-
lems in ewe cheeses as the SCC increases have been 

previously observed both in recently manufactured 
(Pirisi et al., 2000) and in matured cheese (Jaeggi et al., 
2003; Revilla et al., 2009a). These problems are related 
to the higher moisture that reduces the coherence of 
the protein matrix (Fox et al., 2000), but mainly to 
the higher proteolysis in high SCC cheeses that reduces 
the strength of the gel and decreases the shear force 
(Revilla et al., 2009a). Previous studies revealed higher 
amounts of fragment I of αS1-casein in high SCC cheeses, 
which is associated with cheese texture problems such 
as increased crumbliness (Irigoyen et al., 2000; Sousa et 
al., 2001; Revilla et al., 2007).

Finally, the SCC showed no significant effect on ash 
content and pH tended to show higher values as the 
SCC increased, which agreed with previous studies (Re-
villa et al., 2007, 2009b), but in this case the differences 
were not statistically significant.

Fatty acid composition showed a significant effect on 
the SCC in 8 out of 23 individual fatty acids quanti-
fied. Among these, SFA (lauric, myristic, and araquidic 
acids) and MUFA (myristoleic and palmitoleic) had 
significantly lower values in low SCC cheeses, whereas 
PUFA levels (linolenic and 2 CLA isomers) were signifi-
cantly higher, which was in contrast to previous stud-
ies that failed to find any differences in the fatty acid 
profile due to the SCC (Laurinaviciute et al., 2004).

The month of ripening significantly affected dry ex-
tract and water activity due to the progressive loss of 
water during maturation. This process was also mainly 
responsible for the increase in Warner-Bratzler shear 
force. Fat acidity increased because as cheese ages the 
total free fatty acid content also increases (Pavia et 
al., 2000), which also affects the pH values. As far as 
cheese color is concerned, L* was significantly lower 
while a* and b* were significantly higher as ripening 
progressed due to the proteolytic and lipolytic process 
and to the increase in DM (Rohm and Jaros, 1997). 
Finally, ripening significantly affected SFA because a 
significant increase in short-chain SFA together with an 
increase in long-chain SFA was observed in both years 
in the third month of maturation.

The year of manufacture significantly affected fat, 
protein, ash, and water activity and this may also ac-
count for the observed differences in color and texture. 
Finally, lipolysis was more intense in the first year with 
higher mean values of fat acidity (7.16 vs. 6.67) being 
attained.

ANN Modeling

The best network structure selection was performed 
using several criteria: the confusion matrix (training, 
verification, and test sets) that accounts for the sam-



Journal of Dairy Science Vol. 102 No. 2, 2019

ARTIFICIAL NEURAL NETWORKS AND SOMATIC CELLS IN CHEESE 1019

ples that were correctly classified, the MSE, and the 
plot of receiver operating characteristics that correlates 
the false positive rate with the true positive rate. As 
it is recommended that the number of neurons in the 
hidden layer should be between the input and the out-
put layer size and determined empirically (Berry and 
Linoff, 1997; Borguer and Guterman, 1997), networks 
with one hidden layer but with several neurons ranging 
from 3 to 33 were tested to select that with the best 
classification ability. The results of the MSE and the 
training, validation, and testing to the neural networks 
are summarized in Table 2. A total of 60,000 RNA 
have been trained. For each configuration (from 3 to 33 
neurons in the hidden layer), 1,000 RNA were trained.

The best ANN configuration for classifying cheeses 
correctly in accordance with the SCC of the milk used 
in their production is that presenting 8 neurons in the 
hidden layer. This ANN configuration gave the best 
results for each of the selection criteria used, classifying 
100% of the samples correctly and having the lowest 
MSE of all the networks tested.

According to Demuth and Beale (1994), when the 
verification error increases for a certain number of 
interactions, the training must be stopped. The train-
ing and validation errors were monitored during the 
process (Figure 1). Training, validation, and test me-
dian errors decreased continuously with the number of 
interactions; the training was stopped after 49 epochs 
before the network began to overfit the data and the 
errors on the verification set began to increase.

Identification of Important Input Variables

The effect of each input variable on the modeled vari-
ables was evaluated by analyzing the weights of each 
of the inputs of the neurons of the hidden layer. The 
neurons of a neural network are activated or inhibited 
in accordance with the inputs they receive and the “im-
portance” of these inputs regarding the problem to be 
solved. This importance is represented as a “weight” for 
each input in the form of numerical values that multiply 
the values of each input. The final state of excitation is 
determined by comparing the inputs, weighted by their 
respective values, with a threshold value or “bias.” The 
final result of the training process of a neural network 
is the determination of the values that the bias and 
weights must have to solve the problem for which the 
network has been trained.

In our case the neural network is programmed with a 
ToolBox of the Matlab program (of MathWorks). Once 
the training stage has been completed, these values 

Table 2. Results of artificial neural network with 33 input units and 
3 nominal output variables (low, average, and high SCC): the mean 
square error (MSE) and correctly classified cases (%)

No. of neurons  
in the hidden layer MSE

Correct classification cases (%)

Training Validation Test Total

3 0.295 55.3 41.6 50.0 52.5
4 0.336 44.6 41.6 33.3 42.5
5 0.304 51.7 58.3 33.3 50.0
6 0.288 58.9 50.0 83.3 61.2
7 0.354 42.8 33.3 16.6 37.5
8 0.171 100.0 100.0 100.0 100.0
9 0.337 44.6 58.3 25.0 43.7
10 0.217 91.0 83.3 83.3 88.7
11 0.286 64.2 58.3 41.6 60.0
12 0.326 46.4 50.0 50.0 47.5
13 0.224 89.2 75.0 66.6 83.7
14 0.264 71.4 75.0 50.0 68.7
15 0.224 91.0 66.6 58.3 82.5
16 0.228 83.9 91.6 83.3 85.0
17 0.215 87.5 83.3 58.3 82.5
18 0.235 87.5 66.6 50.0 78.7
19 0.299 57.1 66.6 50.0 57.5
20 0.324 53.5 50.0 33.3 50.0
21 0.322 48.2 50.0 50.0 48.7
22 0.316 58.9 33.3 25.0 50.0
23 0.239 82.1 66.6 66.6 77.5
24 0.348 19.6 66.6 25.0 27.5
25 0.361 37.5 50.0 50.0 41.2
26 0.256 78.5 50.0 75.0 73.7
27 0.346 46.4 50.0 25.0 43.7
28 0.199 100.0 75.0 66.6 91.2
29 0.302 67.8 33.3 33.3 57.5
30 0.356 33.9 58.3 25.0 36.2
31 0.274 73.2 50.0 50.0 66.2
32 0.363 32.1 50.0 41.6 36.2
33 0.200 96.4 75.0 75.0 90.0

Figure 1. Plot of the mean square error relative history with 33 
input units and 8 neurons in the hidden layer. Best validation perfor-
mance is 0.16951 at epoch 43.
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can be stored on a multidimensional array that can 
be transformed into 3 arrays by means of the “sepa-
rateweb” function of the ToolBox itself. In this way we 
can obtain data on the weight of each of the inputs of 
the neurons of the hidden layer (Table 3).

In view of these results, we can observe how in the 
network training process different weights (positive or 
negative) have been allocated to each of the inputs of 
each of the neurons of the hidden layer. The absolute 
weight of each input on the neuron gives us an idea of 
the importance of this input on the correct classifica-
tion capacity of said neuron. To analyze the results ob-
tained in a simple manner, it was decided to calculate 
the quadratic weight of each of the inputs, which can be 
understood as the sum of the squared weight of each of 
the 8 neurons of the hidden layer, allocated by the neu-
ral network for that parameter. The data obtained are 
shown in Figure 2. The fatty composition of the cheese 
has a considerable influence when predicting correctly 
the SCC of the milk used to produce it. The variables 

that most contribute to the correct operation of our 
network are linoleic (C18:2) and linolenic (C18:3) acid 
followed by CLA isomers and fat acidity.

The levels of linoleic acid, linolenic acid, and CLA 
isomers were higher in cheeses produced with low SCC 
(Table 1), and similar results were found by Coelho et 
al. (2017) in cow milk cream with a low SCC. Milk with 
different SCC presents different profiles of endogenous 
enzymes entailing different degrees of lipolysis, which 
give rise to dairy products with different characteristics 
(Li et al., 2014). These longer-chain fatty acids are de-
rived from blood lipids produced during the digestion 
and absorption of dietary fat or from the mobilization 
of fatty acids from adipose tissue (Zeppa et al., 2003). 
These fatty acids might be further modified in the mam-
mary gland through the activity of desaturase enzymes 
(Vlaeminck et al., 2006). It has been suggested that the 
lower concentrations of these compounds in milk with 
high SCC may be related to reduced food intake by the 
sheep (Carboni et al., 2017), as was already observed 

Table 3. Weights of each of the inputs in each of the 8 neurons of the hidden layer obtained by means of ToolBox from the Matlab (MathWorks, 
Natick, MA) program

Input1

Neurons in the hidden layer

1 2 3 4 5 6 7 8

Butyric (C4:0) −0.055 −0.309 −0.788 0.337 0.156 0.908 −0.188 −0.358
Caproic (C6:0) 0.530 0.224 −0.392 −0.247 −0.180 0.570 0.471 0.032
Caprylic (C8:0) 0.129 0.159 −0.077 0.020 −0.339 0.299 0.087 0.649
Capric (C10:0) −0.568 0.035 0.032 −0.044 −0.108 −0.073 −0.130 0.373
Lauric (C12:0) −0.011 −0.157 0.264 0.347 0.129 −0.211 0.162 −0.116
Myristic (C14:0) 0.065 0.151 0.577 0.644 0.735 −0.018 −0.526 0.265
Myristoleic (C14:1) 0.474 0.524 1.017 −0.200 0.867 −0.105 −0.567 0.985
Palmitic (C16:0) 0.373 −0.934 −0.300 0.426 0.708 −0.318 −0.327 −0.388
Palmitoleic (C16:1) 0.877 0.699 0.278 0.295 0.341 −0.073 −0.586 1.258
Heptadecanoic (C17:0) −0.439 0.224 0.474 0.430 1.053 0.801 −0.270 −0.064
Heptadecenoic (C17:1) 0.212 1.744 0.113 0.198 0.590 0.928 −0.403 0.757
Stearic (C18:0) −0.026 0.813 −0.462 0.060 −0.301 0.478 −0.095 −0.170
Elaidic (C18:1 trans) 0.050 −1.589 −0.964 −0.182 −1.466 0.914 0.138 −0.655
Oleic (C18:1) −0.572 1.566 0.271 −0.311 −0.310 0.553 −0.238 0.260
Linoleic (C18:2) 1.798 −1.939 −1.188 −0.167 −0.920 −1.643 1.131 −0.182
Araquidic (C20:0) −0.735 1.372 0.332 0.383 0.412 1.715 −0.043 −0.504
Linolenic (C18:3) 1.642 −1.654 −0.171 0.132 −1.619 −1.088 0.327 2.559
EPA (C20:5) −0.859 −0.604 1.093 0.435 0.460 0.653 0.062 0.093
DHA (C22:6) 0.330 −0.787 −0.063 −0.118 0.306 −0.808 −0.413 1.133
CLA (cis-9,trans-11) −0.068 −0.949 −0.606 −0.017 −1.404 0.279 0.576 −2.214
CLA (cis-9,cis-11) 0.872 −0.982 −0.994 0.338 −0.989 −0.900 0.147 2.230
CLA (trans-9, trans-11) −1.098 −1.927 0.467 0.607 −0.141 1.079 0.331 −0.284
pH −0.008 −0.728 0.610 0.164 0.149 0.618 −0.011 0.259
Fat (%) 0.176 0.614 −0.466 −0.589 0.015 0.103 −0.090 −0.586
Protein (%) 0.006 0.686 −0.067 0.552 −0.484 0.301 −0.032 0.359
Ash (%) −0.034 −0.414 −0.584 −0.696 0.046 −0.378 0.536 −0.799
Dry extract (%) 0.267 −0.382 −0.261 0.341 0.202 −0.193 0.441 0.109
Water activity 0.319 −0.071 −0.466 0.879 −0.200 0.655 −0.048 0.437
Fat acidity (mg of KOH per g of fat) −1.585 0.402 1.166 0.190 1.037 1.241 −1.021 −1.000
L* −0.449 0.314 −0.311 −0.170 −0.169 0.286 0.094 −0.905
a* −0.028 0.379 −0.089 −0.310 0.017 −1.053 −0.211 0.366
b* 0.447 −0.365 −0.207 0.068 −0.249 −0.878 0.449 0.357
WBSF (N) 0.599 0.258 0.153 0.188 −0.039 −0.391 0.166 1.033
1EPA = eicosapentaenoic acid; DHA = docosahexaenoic acid; L* = lightness; a* = redness; b* = yellowness; WBSF = Warner-Bratzler shear 
force.
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in cows affected by clinical mastitis (Sepúlveda-Varas 
et al., 2014).

Another important parameter of the network is fat 
acidity. As we have already seen in Table 1, as the SCC 
increased, higher fat acidity values were also observed. 

The SCC is an important source of endogenous proteins 
including enzymes; a wide range of enzymes are re-
leased into milk after the lysis of SCC (e.g., lipoprotein 
lipase; Li et al., 2014). Lipoprotein lipase activities were 
detected in high SCC milk (Azzara and Dimick, 1985); 

Figure 2. Quadratic weight of each of the inputs. t = trans; c = cis; EPA = eicosapentaenoic acid; DHA = docosahexaenoic acid; L* = 
lightness; a* = redness; b* = yellowness; WBSF = Warner-Bratzler shear force.
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this enzyme participates in the production of free fatty 
acid in milk during storage (Li et al., 2014) as milk with 
a high SCC is more susceptible to lipolysis (Santos et 
al., 2003). Lipoprotein lipases are generally considered 
to be causative of flavor defaults such as rancidness in 
some dairy products (Li et al., 2014).

CONCLUSIONS

The results of this study showed that ANN constitute 
a reliable tool for predicting the somatic cell level in 
milk used to produce cheeses from the physicochemi-
cal data measured in them. The application of ANN 
has shown that linoleic acid, linolenic acid, and CLA 
isomers are the compounds that seem to be strongly 
related to the changes caused by the SCC in the com-
position of sheep milk. Furthermore, fat acidity is the 
parameter that makes the greatest contribution to the 
possible prediction of the SCC of the milk used in the 
production of sheep cheese. Application of ANN with 
a high number of inputs could be the key to establish-
ing the effects of SCC on cheese quality together with 
the correlation that exists between enzyme activity and 
SCC levels.
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