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Summary  Cocoa butter is the most important ingredient of chocolate, which determines its melting behaviour. Vari-
ations in the melting characteristics of cocoa butter can profoundly affect the performance and suitability
for their industrial utilisation. Over time, researchers have been attempting to establish a logical relation-
ship between cocoa butter’s unique thermal properties and the amount of saturated to unsaturated fatty
acids in mono, di and triglycerides, and fatty acids (as major components), and free fatty acids, soap, pri-
mary oxidation products, minerals, moisture, phospholipids, tocopherols, unsaponifiable matters and
metals (as minor components) found in cocoa butter. In this research, the thermal behaviours of thirteen
samples of cocoa butter with different origins were investigated using isothermal differential scanning cal-
orimetry. The cocoa butters starting temperature of crystallisation, temperature of maximum heat release,
temperature of completed crystallisation and the enthalpy of heat release during recrystallisation were
evaluated. In addition, the chemical composition (moisture, acidity, peroxide, minerals and soap content),
fatty acid and triacylglycerol composition were used to establish an MLP-ANN with fourteen input neu-
rons connected by two flexible, sigmoid activation function layers. The back-propagation was used to
train the artificial neural network (ANN) structure and optimise the error of prediction. The study
showed that the MLP algorithm can predict the thermal behaviour of CB samples with trace error,
regardless of plant growth and extract process condition.

Keywords Cocoa butter, DSC, multilayer perceptron, sigmoid activation function.

Introduction

Cocoa butter (CB) is the most important vegetable fat,
which is extracted from cocoa beans. CB is the most
valuable raw material in chocolate due to its structural
(rheological and textural) and chemical characteristics
as well as organoleptic qualities (Ewens et al., 2021;
Samanta et al., 2022). These characteristics of CB make
it suitable for manufacturing various confectionery
products. However, the correlation between its major
(saturated to unsaturated fatty acids in mono, di, and
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triglycerides and fatty acids) and minor components
(free fatty acids, soap, primary oxidation products, min-
erals, moisture, phospholipids, tocopherols, unsaponifi-
able matters and metals) poses a significant challenge in
fully understand their combined impact on the thermal
behaviour of CB. Conversely, these components define
the thermal aspect of CB, a characteristic influenced by
the specific growth conditions of the cocoa tree
(Torres-Moreno et al., 2015). Indeed, it is important to
note that FFA is closely related to bean diseases and
postharvest hydrolysis. Consequently, the FFA content
can be also used as a marker for assessing the deteriora-
tion quality of the beans beside that they can influence

doi:10.1111/ijfs. 17298
© 2024 Institute of Food Science & Technology (IFST).

G20z Iudy 0 uo 3senb Aq £50€€6./0258/1 L/6G/2101e/Asli/wod dno-olwepede//:sdyy woly papeojumoq


https://orcid.org/0000-0001-7197-5874
https://orcid.org/0000-0001-7197-5874
https://orcid.org/0000-0001-7197-5874
https://orcid.org/0000-0001-5687-0249
https://orcid.org/0000-0001-5687-0249
https://orcid.org/0000-0001-5687-0249
mailto:nicola.gasparre@umanitoba.ca

the thermal behaviour of the CB (Ostrowska-Ligeza
et al., 2021; Houphouet et al., 2023).

Due to this, in recent years, research efforts have
been spent to establish a mathematical function that
describes the thermal behaviour of CB. Developing
such a function poses a challenge since the variable
parameters exhibit varying degrees of influence on the
final crystallisation behaviour. Previous studies have
focused on different aspects, such as the ratio of satu-
rated to unsaturated fatty acids in mono, di, and tri-
glycerides structure, fatty acid composition, free fatty
acids, soap content, primary oxidation products, min-
erals, moisture content, phospholipids, tocopherols,
unsaponifiable matter and metals as influential factors
of melting and crystallisation behaviour of CB, individ-
ually (Fernandes et al., 2013; Wang & Maleky, 2018).
These investigations have provided valuable insights
into the intricate nature of CB’s thermal properties.
Building upon this foundational knowledge, advanced
computational techniques such as the artificial neural
networks (ANN) have emerged as powerful tools in
food technology research. With their ability to reduce
cost and time, adapt to changing conditions, and oper-
ate at high speeds, ANNs is an accurate tool with a
crucial role in solving complex problems, especially in
food technology, enabling researchers to gain deeper
understanding and make accurate predictions (Bhagya
Raj & Dash, 2022; Thapa et al., 2023). This mathemati-
cal function, drawing inspiration from the human bio-
logical neural system, demonstrates remarkable efficacy
where conventional statistical methods cannot elucidate
the connection between input and output data (Ferrero
Bermejo et al., 2019). In the biological system, when
the dendrites of a neuron receive ample stimulation at
the synaptic joints and the cumulative signal surpasses
a critical threshold, they initiate the transmission of an
electrochemical signal from the dendrites to the axons,
thus, to conveying an electrochemical message (Huang
et al., 2007; Baykal & Yildirim, 2013). This system
becomes more efficient when receiving messages from
multiple nodes and sending them to the surrounding
neurons. Technically, ANN models are arranged to find
input weight (strength) and mimic synaptic mechanism
(eqn 1). Meanwhile, different activation functions are
used to determine the threshold limit of each ANN
neuron, such as the sigmoid function. This threshold
limit is established during the learning period to deter-
mine the correct output value (Baykal & Yil-
dirim, 2013).

n
Net = )’ W;X; + bias; (1)
1

In the net function, the X1, X2,..., Xn is inputs and
W1, W2,..., Wn is respective weights and noise is
added as bias.
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In recent years, novel researchers have tried to intro-
duce practical applications for Multilayer Perceptron
(MLP)-ANN models specifically when it comes to the
effect of parameters, which could not be easily related
to each other or to check their whole impact on the
features of final matrices. Having input the outcomes
from any experiment, which are classified using these
specific models, training of the algorithm could be
conducted to predict some specific characteristics by
spending training periods with the attained results
(Ostrowska-Liggza et al., 2021).

Machine learning has been instrumental in measuring
parameters such as toxin levels in foods (Wu et al.,
2018), detecting cracked eggshells Deng et al. (2010),
and analysing food colour (Minz et al., 2020). Further-
more, the application of the ANN has demonstrated
promising results, particularly in predicting the meat-
ball deep-fat frying process (Mittal & Zhang, 2001) and
the shelf life of two varieties of packaged rice snacks
(Siripatrawan & Jantawat, 2009) as well as assessing
rice milling quality (Zareiforoush et al., 2015).

The current study aimed to establish a
Feed-Forward Artificial Neural Network based on
Multilayer Perceptron to predict the crystallisation
behaviour of CB using the determination of different
inputs and evaluating the differential scanning calorim-
etry (DSC) of the CB samples.

Material and methods

Raw material

A selection of thirteen cocoa butter samples was pre-
pared, having different production dates, which were
coded as CB1 (Cargill, USA, Ivory Coast origin), CB2,
CB3, CB4 (Olam, Netherland, Ghanaian origin), CB5
(Golden Harvest, Indonesia, Indonesian origin), CB6
(Favorich, Malaysia, Malaysian origin), CB7 (Cocoa
life, Dominican Republic, Dominican Republic origin),
CBS8 (Cargill, USA, Ecuadorian origin), CB9, CBI10,
CBI11, CB12, CB13, and (Unknown samples).

Qualitative characteristics

All analysis of CB samples was performed following
the AOAC standard methods, including moisture con-
tent (method No. 926.08, 1995), acidity (method No.
920.124, 1995), minerals (method No. 960.29, 1995)
and AOCS standard methods for peroxide (CD 8-53,
1997), FFA (method Ca 5a-40, 1997) and soap content
(method Cc 17-95, 1997).

Fatty acids quantification

The quantification of fatty acids was carried out using
gas chromatography (GC) and samples were prepared
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following the method described by Samaniego
et al. (2021) with minor adjustments. Briefly, 50 mg of
CB was boiled in a volumetric flask with 2 mL
of sodium methoxide and dissolved in methanol
(0.2 moL L") for 15 min. Following this, a mixture
comprising sulfuric acid (dissolved in methanol), 4 mL
sodium chloride and 1 mL of isooctane (2,2,4 tri-
methylpentane) was added.

To find out the amount of the fatty acid composi-
tion of each CB sample, a gas chromatograph (GC-
2014, Kyoto, Shimadzu, Japan) equipped with a FID
detector and a Polar capillary column (Agilent J&W,
Santa Clara, CA, USA) measuring 100 m in length
was employed. The column was coated with 0.2 pm of
CP-Sil 88 with an internal diameter of 0.25 mm and a
film thickness of 0.2 mm. Hydrogen with a purity of
99.99% was used as carrier gas. Then, 1 pL top phase
of the supernatant solution was injected into the GC.
During the operation, the temperature of the injector
and the detector was kept constant at 240 °C, while
the temperature of column oven increased from 120 to
240 °C at a rate of 4 °C per min, and then kept con-
stant at 240 °C for 7 min. In order to recognise the
peaks in the samples, the obtained retention times
were compared against certified reference standards of
Fatty Acid Methyl Esters (FAMEs) known as Stan-
dard 47885-U. These standards were acquired from
Sigma-Aldrich (St. Louis, MO, USA). Then, the
amount of each fatty acid was determined by dividing
the peak area, corresponding to that particular fatty
acid by the peak area of all the fatty acids combined
(ISO, 12966-4).

Thermal properties

The thermal profile of the CB samples was performed
scanning

in triplicate through the differential

Remove constant rows and

data normalization

Definition net structure and

selecting activation function

calorimeter (DSC) (Setaraml131, Geneva, Austria).
Indium and n-dodecane (Sigma Aldrich) were used for
calibration, while an empty pan was used as the refer-
ence of the tempering profile. Then, the CB samples
(15 mg) were sealed in aluminium pans. During the
test, the tempering profile test was set at 60 °C for
15 min to destroy all crystal forms. Subsequently, tem-
perature was reduced at a rate of 2 °C min~' until it
reached 15 °C to allow the formation of all possible
crystal structures (Colella er al., 2023). The sigmoid
model described by Foubert ez al. (2004) was applied
on the DSC graph to calculate the start and the end of
crystallisation process. Then, the amount of heat
release at the end of the crystallisation was determined
using an algorithm developed in MATLAB 2021 soft-
ware, designed to calculate the area under the curve.

Triacylglycerol profile analysis

The triacylglycerol (TAG) profiles of different samples
of chocolates were analysed using high performance
liquid chromatography (Agilent HPLC, Santa Clara,
CA, USA) equipped with Column ZORBAX C-18
(4.6 x 250 mm, 5 pm, Agilent Technologies) according
to the AOCS Official Method Ce 5b-89 (Watanabe
et al., 2021).

Artificial neural network methodology

Figure 1 provides a detailed overview of the process
involved in developing and selecting the most suitable
neural network model for the given prediction task.
Utilising MATLAB 2021 software, an MLP model
was created. This latter comprised fourteen neurons in
the first layer (as row of input data), corresponding to
the row of input data, with the configuration of hidden
layer of neurons, specified in Table 1. To assess the

Inputlayer

Optimal ANN structure

Fig. 1 Schematic diagram of raw data preparation and MLP models.
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validity of the models, statistical parameters such as
correlation coefficients were evaluated for the training
set (Rtrain), test set (Rtest) and validation set
(Rvalidation).

Statistical analysis

To run the analysis of variance (ANova) and the signifi-
cance mean levels (Duncan) (P < 0.05), all the data
obtained were processed through the SAS software
version 9.2 (SAS Institute, Cary, NC, USA). Addition-
ally, Principal Component Analysis (PCA) was per-
formed using Minitab 18 software (Minitab, LLC,
Penn State University) for clustering the results.

Result and discussion

Multilayer perceptron-MLP

The results showed that there is a strong correlation
between the composition of CB and its crystallisation
behaviour. The composition of the CB samples
includes the chemical features, impurities (soap, pri-
mary oxidation products, minerals and moisture) as
well as the fatty acid and TAG compositions. Table 1
shows the results for the thirteen CB samples arranged
in decreasing order of temperature ranging from 60 to
19 °C, to fully solidify the CB oils. The findings indi-
cate significant variations (P < 0.05) in the quantities
among the samples, leading to different DSC out-
comes. Notably, impurities such as soap contributed
to lower temperatures for both start and finish the
crystallisation process. The same phenomenon
occurred when the acidity and peroxide values
increased. This observation aligns with the findings
from Avyala et al. (2007), which reported a reverse—
linear correlation between solid fat content and the
FFA content of CB. In fact, the crystal-hindering com-
ponents play a blocking role on the crystal bonding
site (Herrera & Marquez Rocha, 1996). Generally, the
set point of the crystallisation, which is known as Te,
tends to be lower, necessitating a more significant
decrease in temperature to achieve enough fat crystal
formation to solidify the CB. Considering that
long-chain fatty acids, such as stearic acid, have higher
melting points, a higher quantity of stearic acid and
consequently, a higher stearic-oleic-stearic content of
TAG, would prompt CB to initiate fat crystals forma-
tion earlier compared to other types of fatty acids and
TAGs. Moreover, based on the results from Table 1,
the effect of a lower quantity of impurities and fewer
chemical compounds are higher than the effect of
higher quantities of stearic acid and SOS. Therefore,
the interaction of all the mentioned parameters leads
to CB10 and CBI1 exhibiting significantly (P < 0.05)
the highest and the lowest quantities of DSC factors,

International Journal of Food Science and Technology 2024

respectively. Figure 1 illustrates the schematic diagram
of this process, where the first functional layer has two
and four neurons followed by four and eight neurons
in the second active layer. To predict CB’s thermal
properties, the data underwent pre-adjustment to
remove constant rows and normalised data. A flexible
range of neurons in the first and second hidden layers
was used to design the MLP algorithms. This study
used fourteen input neurons to enter chemical, fatty
acid, and triacylglycerol composition into a straight-
forward network (one flow of data from input to out-
put), a familiar ANN for pattern recognition. The first
layer, serving as the input layer in Fig. 1, does not
contain functional neurons but is utilised as a conduc-
tor for each variable to reach the hidden layer. The
number of nodes in the input layer depends on CB
variables, while the concentration of nodes in the hid-
den layer is determined experimentally without follow-
ing a standard pattern. One of the most helpful
training algorithms for a feed-forward MLP is back
propagation (BP), which computes the weight of nodes
to minimise prediction error between accurate results
and forecasts (Jahani, 2019; Singh et al., 2022). In this
study, ANN models were trained by using the BP
algorithm, with 70% of the data (ten samples) used
for training and the remaining 30% (three samples)
for testing. The sigmoidal function determined the
threshold for entry data into the following functional
nodes. The model’s performance was evaluated as an
MLP learning indicator, as shown in Table 2. The per-
formance graph indicated a decreasing trend of error
in the training process, depicted by the blue colour.
However, as the number of functional neurons in hid-
den layers increased, the validation and test errors of
the models also increased. This rise in validation and
test errors signify overtraining of the model. Previous
research has reported that an enlarged function layer
leads to increased error, as the model attempts to fit
the data, including natural analysis instrument error
(Balkhi & Moallem, 2022; Mohammadzadeh
et al., 2022). The optimal MLP model for predicting
thermal properties with a favourable learning rate was
found to have four neurons in both the first and sec-
ond functional hidden layers, achieving a model per-
formance of 2.79.

Principal component analysis

To gain a comprehensive understanding of the impact
of the different variables of CB on its characteristics, a
principal component analysis (PCA) was conducted
(Fig. 2). The PCA explained 45.7% and 22.1% of the
variability with two components, PCl1 and PC2,
respectively. Overall, an increase in CB impurities cor-
responded to a decrease in both the starting and end-
ing temperature of fat crystallisation. However, when

© 2024 Institute of Food Science & Technology (IFST).
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Table 2 The models of functional layers and performance parameter of models

Hidden layers

Performance Training Test Validation Performance
Model IL FHL SHL model Riain  correlation Riest correlation Ryalidation  COrrelation plot
1 14 2 4 6.588 0.99 J 0.96 0.96
2 14 2 8 3973 099 : 092 ° 0.98
% ¢
3 14 4 4 2.790 0.99 099 : 0.99 R
i )
4 14 4 8 9521 0.99 096 :- 0.97
IL, Input layer; FHL, first hidden layer; SHL, second hidden layer.
5_
® CB1
4
i
9
o 3
c ®CB2
3
>
2 2
b ® CB3 B
?: Peroxide Acidity  pa|mitic acid
é. 1 @ CB10 Moisture content POP
ﬁ Oleic acid Arachidic acid
; Linoleic acid
] 0 PLS
< ®CB11
c
8- ° Minerals
-1 ® Soap content
g cB9 CB7 Stearic acid
“ S0OS ocb4
] CB12 ® POS
® CB8
-3
-7.5 -5.0 -2.5 0.0 25 5.0

Component 1 (45.7% of the variables)

Fig. 2 PCA graph of the effect of different parameters on the crystallisation behaviour.
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Fig. 3 Scree plot of eigenvalues of different components.

Table 3 Eigenvectors of the chemical, fatty acid composition
and thermal parameters of cocoa butter samples

Variables PC1 PC2 PC3 PC4

Soap content 0.288

Minerals 0.201

SOS 0.2

AH 0.172

POS 0.096

Acidity 0.31

Palmitic acid 0.277

Moisture content 0.26

Linoleic acid 0.072

Oleic acid 0.071

Peroxide 0.436

Arachidic acid 0.367

Stearic acid 0.256

0.158
0.495
0.296

0257
ax 0.241

e e
12}
° Qb

3

Te, Temperature of end crystallisation; T,.x, Peak temperature; T, Start
temperature of crystallisation.

considering the types of fatty acids and triglycerides,
their effects on crystallisation curve was found to be
entirely different. In terms of other effective compo-
nents of PCA, components 3 and 4 (Fig. 3) exhibited
eigenvalues higher than 1, accounting for 12.2% and
5.7%, respectively. The cumulative variance explained
by the first four components reached 85.7% which

International Journal of Food Science and Technology 2024

includes the most significant data. According to
Table 3, it could be seen that soap content, minerals,
SOS, AH and POS alongside acidity, palmitic acid,
moisture content, linoleic acid and oleic acid contrib-
uted to the majority of variances (67.7%). This sig-
nifies their pivotal role in shaping the observed
variance patterns within the dataset. In particular,
CBI1 and CB samples (upper right quadrant) showed
higher values of acidity, peroxides and palmitic acid
and were uniform in terms of enthalpy, arachidic
acid and POP. On the other hand, in the upper left
quadrant, CB3 and CBI10 displayed similar contents of
oleic and linoleic acids together with PLS. Comparable
results about start, peak and end temperatures of crys-
tallisation were found among the samples located in
the lower left quadrant (CB6, CB7, CB9 and CB12),
whereas those present in the lower right quadrant
(CB4, CBS5, CB8, CB11 and CB13) exhibited homoge-
neous values of stearic acid, POS and SOS.

Conclusion

The outcomes of the study showed that the rate of solidi-
fication of CB was highly dependent on its chemical com-
position, which in turn significantly influences its
crystallisation behaviour. One notable aspect of this
research lies in its achievement of accurately predicting
thermal outcomes through conventional methodologies
grounded in widely accepted standards. Owing to that,
the developed ANN model, based on MLP, could offer
several avenues for implementation in industrial settings.
Firstly, by integrating the proposed model into existing

© 2024 Institute of Food Science & Technology (IFST).
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production processes, manufacturers can enhance their
ability to predict and control the crystallisation behav-
iour of cocoa butter. This predictive capability is crucial
for ensuring consistent product quality and optimising
manufacturing efficiency. The ANN model’s ability to
handle multiple variables simultaneously enables a holis-
tic approach for process optimisation and troubleshoot-
ing, as it could allow manufacturers to identify and
address potential bottlenecks or inefficiencies in their pro-
duction workflows. For instance, this model could be key
in the optimisation of tempering processes, which is a
critical step in chocolate production, where controlled
crystallisation of cocoa butter is essential for achieving
desired texture, gloss and snap in the final product. By
inputting relevant parameters such as fatty acid composi-
tion, impurity levels and thermal properties into the
trained ANN model, manufacturers can obtain accurate
predictions of the crystallisation behaviour of cocoa but-
ter samples under varying conditions. These predictions
can then inform decisions regarding tempering tempera-
ture profiles, cooling rates and agitation techniques, ulti-
mately leading to improved process efficiency and
product quality. Furthermore, the ANN model can assist
in quality control measures by providing early detection
of deviations in crystallisation behaviour. Through
real-time monitoring of key parameters and comparison
with the predictions generated by the ANN model, man-
ufacturers can identify potential issues before they esca-
late, allowing for timely adjustments to production
processes. This proactive approach to quality control can
help minimise product defects, reduce waste and enhance
overall operational efficiency.
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