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ARTICLE INFO ABSTRACT

Editor: Raquel Aires Barros This study optimized the extraction of three major phenolic compounds (oleuropein, tyrosol, and verbascoside)
from olive pomace using microwave- and ultrasonic-assisted methods. Screening factorial design (SFD) and

Keywords: central composite design (CCD) were employed, and response surface methodology (RSM) and artificial neural

Olive pomace networks (ANN) were used for data modeling. The microwave-assisted method in the SFD yielded higher

Phenolic compounds

Design of experiments
Response surface methodology
Artificial neural networks

compound amounts, with verbascoside showing a four-fold increase compared to the ultrasonic-assisted method.
Factors like vessel diameter, ultrasonic power using UAE, and solvent acidity in both techniques had minimally
impacted extractability. CCD-RSM revealed temperaturés significantly affect on oleuropein, but improved tyrosol
recovery, with the effect on verbascoside being influenced by the temperature range. RSM and ANN integration
enhanced understanding and prediction of factor behavior. Microwave-assisted extraction at 113 °C for 26 min,
with minimum ramp time of 7.7 min, yielded 67.4, 57, and 5.1 mg of oleuropein, tyrosol, and verbascoside per
gram of extract, respectively, with a prediction error ranging from 0.83 to 15.19.

environment when not adequately treated [21].

This bio-residue is a source of high-value-added biomolecules such as
lignin, cellulose, hemicellulose, minerals, organic acids, and phenolic
compounds [27]. The wide structural diversity of these extractable
bioactive molecules is one of the crucial factors for their exploitation by
the cosmetic, food, and pharmaceutical industries. The most abundant
phenolic compounds in OP are oleuropein, hydroxytyrosol, verbasco-
side, and tyrosol, well known for their ultraviolet radiation protection,
antioxidant, anti-inflammatory, anti-melanogenic, cellular senescence
delay, and other characteristics related to photoprotection and sup-
pression of both intrinsic and extrinsic ageing signs
[11,15,16,18,19,25,28,4,32], making them promising cosmetic
ingredient.

Therefore, the recovery of these value-added compounds from OP
and their subsequent conversion into products for different markets falls
within the bioeconomy and circular economy paradigms. Novel
extraction methods, including ultrasounds (UAE) and microwave-

1. Introduction

Olive oil production is mainly concentrated in Europe (76 %), with
Spain as the leading producer, followed by Italy, Greece, and Portugal.
Despite the economic importance of this food product, the olive oil in-
dustry is responsible for a significant environmental footprint, mainly
due to residue generation [30]. Olive pomace (OP) is the primarily bio-
residue of olive oil production (approximately 35-40 kg per 100 kg of
olive) and presents a substantial environmental problem with high cost
of transportation and treatment for the industry [20,24]. Over the last
few years, olive mills have transitioned from a conventional three-phase
system to a more environmentally friendly two-phase system. This
technological change improved the olive oil quality and reduced
wastewater generation. Nevertheless, OP management still present a
great challenge to the industry due to its high phytotoxicity. Thus, over
400 000 tons of olive pomace are produced yearly, harming the
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c Regression coefficient for the Screening design
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~ - . ANN Artificial Neural Networks
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n Number of observations . . N
. BIC Bayesian Information Criterion
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Reg J ) EDA Exploratory Data Analysis
R,%red Coefficient determination predicted. IDE Integrated Development Environment
t Time [min] MAE Mean Absolute Error
T Temperature [°C] MAE Microwave-Assisted Extraction
X Independent variables MAPE  Mean Absolute Percentage Error
Y Response PAE Pressure-Assisted Extraction
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o Star points in the experimental design . . .
B Regression coefficient for the central composite design SFD Screening Factorial Design
A Chgn . P & UAE Ultrasound-Assisted Extraction
& YIGnBu-7 Yellow Green Blue 7 colors included.

2 Sum of terms

assisted (MAE) extractions, have been utilised as efficient techniques to
improve the recovery of phenolic compounds from different biological
raw materials, offering advantages such as faster heat transfer, low
solvent consumption, reduced extraction times, and higher extraction
yields [29].

The challenges to improving the extractability of these compounds in
olive pomace are related to the need to utilise olive pomace in its
original state (over 70 % moisture content). Currently, the recovery of
bioactive compounds from olive pomace is conducted using its dried
form [2,5,26]. However, this process requires high energy and capital
investment to effectively dry OP and enhance the extractability of its
bioactive molecules. In addition, individual screening of extraction
variables is a time-consuming process that ignores a possible interaction
between factors. Thus, establishing a statistical design of experiment
(DoE) approach for optimal variable combinations is required to maxi-
mize the final response [7]. In this context, the application of mathe-
matical models, such as Response Surface Methodology (RSM) and
Artificial Neural Networks (ANN), are useful to optimise the interactions
between different variables assessed to guarantee optimum yields.

Therefore, the present work aims to optimise olive pomace extrac-
tion in its original form using two green extractions approaches (mi-
crowave and ultrasound assisted extraction). A Central Composite
Design (CCD) was applied after a step-by-step screening analysis to
assess the linear, quadratic, and interaction effects of the independent
variables (time, temperature, solvent proportion, solid-liquid ratio,
ramp, and power) on the target responses (verbascoside, tyrosol, and
oleuropein), fitting the model through RSM and ANN. Hence, the
extrapolation of the knowledge collected during the application of these
two extraction technologies will be useful in the development of an
extraction pilot system that will ensure optimum extraction yield of
these compounds and contribute to small and medium-scale olive mills
economy.

2. Materials and methods
2.1. Chemicals and standards

High-Performance Liquid Chromatography (HPLC)-grade acetoni-
trile (99.9 %) was acquired from Fisher Scientific (Lisbon, Portugal) and
formic acid from Panreac (Barcelona, Spain). Phenolic compound
standards were purchased from Extrasynthese (Genay, France). All other
chemicals were of analytical grade and purchased from common sour-
ces. Water was treated using a Milli-Q water purification system (TGI

Pure Water Systems, Greenville, SC, USA).
2.2. Sample preparation

Olive pomace was obtained from Tras-os-Montes Prime Lda, a local
olive oil producing company in Sucaes, Mirandela, Northeast of Portugal
(N41.4909, W7.2603), with a two-phase decanter for olive oil recovery.
On reception, the OP was placed in separate air-tight bags and stored at
—20 °C until analysis.

2.3. Extraction procedure

The OP was extracted in its original form using UAE and MAE
following conditions mentioned below. Afterwards, to homogenise the
samples and dilute them in the appropriate solvent, extract suspension
was freeze dried prior to chromatographic analysis.

2.3.1. Ultrasound-Assisted Extraction (UAE)

The extraction was performed in an ultrasonic homogenizer (CY-500
model, Optic Ivymen System, Barcelona, Spain) according to the
following four continuous factors and ranges: X; — Solvent (0 — 1.25 % of
acetic acid), Xp — Time (1 — 25 min), X3 — Ratio (25 - 75 g/L), X4 — Power
(125 - 450 W) and the categorical: X5 — vessel diameter factor (60 or 80
mm diameter; small or big, respectively).

2.3.2. Microwave-Assisted Extraction (MAE)

The extraction was performed in a microwave digestion system
(Speedwave Xpert, Berghof, Eningen, Germany). As in the UAE, ho-
mogenization/nomenclature of the factor was chosen as close as
possible. Therefore, 4 continuous factors (and ranges): X; — Solvent (0 —
1.25 % of acetic acid), Xa — Time (5 — 25 min), X3 — Ratio (25 - 75 g/L),
X — Temperature (80 — 121 °C), and the categorical: X7 — ramp factor (1
or 10 min) were selected. After the screening analysis, the three most
important factors were selected, employing X, — Time (10 — 30 min) with
a slight ascend to the right, Xg — Temperature in the same ranges, and
converting the categorical X; — ramp (5 — 15 min) into a continuous
factor, also with a slight ascend to the right. All the above-mentioned
factors and levels for both extraction techniques were used for the
screening analysis.

2.4. Chromatographic conditions

The phenolic fingerprint of the extracts was determined by High-
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Performance Liquid Chromatography (HPLC) (Prominence CBM 20-A,
Shimadzu, Japan) with a UV-DAD detector. Extracts were redissolved
in 20 % aqueous ethanol at 10 mg/mL and filtered through an LC filter
disk (nylon filter 0.2 um, 25 mm diameter, Whatman M, GE Healthcare,
Buckinghamshire, UK). The HPLC column was a Kinetex C18 XB-C18 (5
um, 250 mm, 4.0 mm) and the detection was made at 280, 330, and 370
nm as preferred wavelengths following a procedure previously
described [22]. Quantitative analysis was performed using selected
calibration curves obtained from commercial standards, and the results
were expressed in mg per g of extract.

2.5. Experimental design

The optimisation was developed using three steps: 1) selection of
extraction parameters according to a preliminary study [22], where
different extraction conditions and extraction solvents were investigated
to determine the optimum conditions for polyphenols extraction of
irradiated samples, 2) screening of significant parameters using
Minimum-Run Resolution IV Screening Factorial Design (SFD), and 3)
optimisation of the significant parameters using Central Composite
Design (CCD). The factors with p-values lower than 0.05 were consid-
ered as significant and hierarchy factors were maintained. SFD and CCD
were built using Design Expert software, version 11.1 (Stat-Ease, Inc.
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Minneapolis, MN, USA) and RStudio, version 2022.12.0 + 353.

2.5.1. Minimum-run resolution IV screening factorial design (SFD)

SFD was utilised to identify the significant parameters that can in-
fluence phenolic extraction. The non-significant parameters from the
SFD were screened out and fixed at convenience. SFD was based on the
first-order polynomial model:

n—1 n
Z Z CiXiX; + ¢

=1 Al

Yi=Cot+ Y CX;+ o)
i=1

Y; is the experimental response, X; and X; are the independent vari-
ables, Cy, C;, and Cj are the regression coefficients for the intercept,
linear terms, and interactions, respectively. The SFD at two levels (high
and low) was used for the screening of the main effect, 2-factor in-
teractions, and curvature from the factors described in section 2.3. The
factors and ranges are presented in Fig. 1, section Al. The design consists
of 12 runs of the combinations of the independent factors at high (+) and
low (-) levels, including 4 additional runs at the base/medium level (0),
for a final 16-run experimental design. The following mathematical
relationship was utilised to convert a real value (z;) into a coded rep-
resentation (x;) within the context of a specific experimental design:
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Fig. 1. A1) Descriptive statistics of the responses (tyrosol, verbascoside, and oleuropein) for UAE and MAE. Figures B clusters the information UAE while Figures C
clusters MAE information. B1 and C1 displayed a diagonal Pearsons correlation matrix of the compounds for each extraction, and figures B2-B4 and C2-C4) display in
a 2D contour plots the minimum and maximum values recover, ascending directions and curvature from the extraction, presented separately for better compre-
hension of each extraction technology. On X-axis, the most significant factor is display while in the Y-axis the second most significant factor is presented and within
the plot in a white dialog box, the rest of the factor are shown with the conditions selected for plotting.
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Where Az; represents the distance between higher and lower real values
to the central point of the variable, f4 is the higher code limit value in
the matrix for each variable, and z° is the real value in the central point.

2.5.2. Central Composite Design (CCD)

CCD investigated the significant parameters obtained during SFD for
further optimisation. Three factors were examined at five levels (—a, —1,
0, 1, a) and the design was created in two blocks containing 6 centre
points and 20 runs (Fig. 2 — Al). The data collected from the CCD was
analysed using multiple linear regression to fit a quadratic polynomial
model of the form:

n n n—1 n
Y =5+ Zﬂixi+ Zﬁiin-z+ Z Zﬁin,-Xj+8 3)
i=1 i=1

=1 Al

As in section 2.6.1, Y represents the predicted response, X; and X;
represent the independent variables, f, f;, f; and f; are the regression
coefficients for the intercept, linear, quadratic, and interaction co-
efficients of the model, respectively.

2.5.3. Artificial neural network fitting
Artificial neural networks (ANNs) have been proposed as a promising
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method for generating non-linear models for response surfaces and
optimisation within the field of analytical chemistry [33]. These net-
works are based on the structure of biological neural networks and
comprise a collection of highly interconnected processing units known
as neurons. Neurons are organised into a series of layers, including an
input layer with neurons corresponding to independent variables, an
output layer with neurons corresponding to dependent variables, and
one or more intermediate layers referred to as hidden layers, which
establish connections between inputs and outputs, through a process
known as training [23].

Due to the limited number of data points collected, it became
necessary to make specific adjustments in the R script (as outlined in the
attached repository in the paper). To address this, data training and fine-
tuning were executed using the ’neuralnet’ function, with the specifi-
cation of architecture type, error function, threshold, and fitting con-
figurations. Subsequently, for the validation phase, we leveraged the
optimization achieved through Response Surface Methodology (RSM).
We provided the input data along with the experimental observations
and compared them with the predictions generated by the neural
network using the 'compute’ function. These values were then subject to
further evaluation, wherein we calculated metrics including Root Mean
Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and the
coefficient of determination (R-squared).

The training was carried out using backpropagation by adjusting the
connections between neurons to adapt the outputs to the desired values
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Fig. 2. Central Composite Design of MAE is displayed in different layer following the color scale mentioned in section 2.6.1. Al, B1, and C1 summarize the weights
and biases of the ANN modeling while A2, B2 and C2 show the response surface graphs for each extracted compound. A3, B3 and C3 display the perturbation plot of
the 3 factors analyzed. while A4-A6 display the single-factor behavior of oleuropein highlighting the border of the plot in blue for significant factors and yellow for
not significant ones. Finally, B2-B6 and C2-C6 present the same order and meaning that A4-A6 but for tyrosol and verbascoside respectively.
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of the dependent variables using a fixed parameter which in our case
was targeted to minimise error. In the training phase, each number of
neurons receives the input signal x; from n neurons, aggregate them by
using the adjusted weights (wj;) of the joints, better known as synapses.
The results are then passed through a selected function transformation
which will then output the signal y;, regarding the adjustment to the
previously mentioned statistical fitting coefficients. The selected trans-
formation functions tested were linear, sigmoid/logistic, hyperbolic
tangent, soft plus, and ReLU using sum square error (SSE) as an error
function with a threshold of 0.05 to find the best fitting [17].

2.5.4. Analysis, optimisation, and confirmation of prediction models

Both RSM and ANN-developed models were tested on their predic-
tion performance, making comparisons and computing different fitting
statistic coefficients (loss functions) such as the Rz, mean absolute error,
RMSE, and mean absolute percentage error (MAPE) values. The last
three were targeted for a minimum value and the first one targeted for
maximum value for a well-fitted model:

1 n
M ==>lpi—t;
eanabsoluteerror n 2 [(pi — 1) “
2 n — . 2
RSME = { 721:1(172’[’) ()
1 yi — Yi,,
MAPE = — — "1
n§ : 1100 6

Where ¢; is the value of the experimental data, p; is the predicted value,
and n is the number of samples in the dataset. Additionally, yi is the
average of the experimental response, while y; is the average of pre-
dicted response. The optimised network and RSM for each response were
tested, and the results were plotted against true values. Finally, the
global optimisation points were generated by Design expert software
and the confirmation points were analysed in both RSM and ANN model
prediction, comparing finally the Absolute Residual Error using the
following equation:

AbsoluteResidualerror = | % [*100 (2]

i

2.6. Statistical analysis

Different tools were used for assessing and evaluating the data
collected. Analysis of variance (ANOVA) for the determination of the
individual linear, quadratic, and interaction regression coefficients was
carried out using Design Expert software, version 11.1 (Stat-Ease, Inc.
Minneapolis, MN, USA). Afterwards, the selection of the final model was
achieved by employing the Bayesian information criterion (BIC) either
in the forward or backward form, considering the following definition to
compute BIC:

BIC = kin(n) — 2In(L) ®

Where k stands for the number of parameters estimated by the model, n
is the number of observations, and I the maximised value of the likeli-
hood function of the model. The final model was assessed by different
criteria such as model significance (computing the F value at p < 0.05),
the A of R%; and R, ; < 0.2, and computing the normality of their re-
siduals. ANN, Mean Absolute Percentage Error (MAPE), and Root
Squared Mean Error (RMSE), and prioritising the factorial hierarchy and
evaluating the pertinent fit statistics, the data was processed and
analyzed using RStudio, version 2022.12.0 + 353 using the following
libraries: Experimental design (DoE.base, SixSigma, AlgDesign, rsm,
DoE.wrapper, AlCcmodavg), Data wrangling and visualization (tidy-
verse, ggplot, ggpurb, multipanel figure, magrittr, broom), and ANN
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modeling (neuralnet, MASS, Metrics).

2.6.1. Exploratory data analysis (EDA)

The YLGnBu-7 colour scale (Fig. S1) was used to homogenise the
obtained data and allow for easy visualization, where yellowish colors
represent the lowest values, greenish colors for medium values, and
blueish colors for the higher values. In all the constructed models the
colour scale was always used to highlight the p-values, where the yellow
colour shows a not significant effect (p > 0.05), light green (p < 0.05),
turquoise colour (p < 0.01), and blue (p < 0.001) showing different
significant effects.

As a parallel analysis, a correlation was performed for all the re-
sponses analysed within every extraction type using the functions pro-
vided in the Scipy package (release 1.6.1) in Python 3.8.12 using the
opensource IDE Spyder 5.1.5. The result heatmap visualization and EDA
was achieved using Numpy (version 1.19.2), Pandas (version 1.1.3),
matplotlib (version 3.5.1) and seaborn (version 0.11.1).

3. Results and discussion
3.1. Screening of significant parameters using SFD

Fig. 1-A1 compiled the results from the identified individual com-
pounds (tyrosol, verbascoside, and oleuropein) of the 16 experimental
runs in a box-plot graph from all the ranges of factors tested (complete
numerical data in Table S1). The maximum extractability was shown in
MAE for tyrosol, verbascoside, and oleuropein (65.58, 8.56, and 89.45
mg/g of extract, respectively). Tyrosol and oleuropein in MAE presented
an average value that is 10 and 15 times fold higher than verbascoside,
Finally, the same pattern of the compounds yields remains similar in
UAE. The compounds identified matched with some of our previous
works and with other authors [9,22,31].

The depicted correlations at Figure B1 and C1 represents a Pearsons
correlation coefficient, which quantifies the similarity between com-
pounds based on their extraction behavior under identical conditions.
Values nearing 1 signify a high degree of similarity among compounds,
while values approaching —1 indicate substantial dissimilarities. For
instance, in UAE and MAE (Fig. 1-C1), a high correlation value between
oleuropein and verbascoside (0.78 and 0.79, respectively) and non-
correlational values between oleuropein and tyrosol (-0.058) was
observed. Understanding the meaning of those correlations will help
anticipate the difference in extractability when one factor changes its
levels. For example, the modification of some factorial magnitudes in the
case of oleuropein and verbascoside (which have a correlation of almost
80 %), is expected to affect the amplitude of the response of both
compounds equally.

The models were constructed by executing, in most cases, the BIC
backward factor selection, prioritising the factorial hierarchy, as shown
in Table 1. The precision of the models were suitable considering the R?
value (which in all cases was above 0.9) and the delta of the adjusted
determination coefficients which was equal or lower than 0.2. Finally, at
the bottom of the same chart, a polynomial equation is provided, and the
remaining compounds were also constructed.

Fig. 1-B2-B4 presented 2-dimensional contour plots containing the
recovered concentration of the compounds of interest (mg compound/g
extract of olive pomace) through UAE technology. In the “X” axis, the
most significant factor of each response was represented, while in the
“Y” axis, the second most significant factor was also mapped (according
to Table 1). The other factors were fixed at their highest point, selected
after an internal optimisation approximation, and displayed in the white
text boxes within the graphs (numerical data in supplementary Table
$2). From the three contour plots, verbascoside represents the least
quantity of recovered extracted phenolic compound with minimal and
maximum concentrations of 0.82 mg/g and 2.03 mg/g, respectively.
Oleuropein displayed the highest amount (40.13 mg/g) and data spread
(15.67 mg/g). Finally, an average of 11.49 mg/g of tyrosol, making it
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Table 1
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SFD Model coefficients and fit statistics of the results collected (green and yellow terms showing significance and not significance, respectively, NC — not considered,

NA - not available).

Tyrosol Verbascoside Oleuropein
Source UAE MAE UAE MAE UAE MAE
Intercept 11.63 46.55 1.71 6.6 34.53 73.14
X1:% Acetic Acid -0.014 3.11 0.1475 0.9988 391 6.83
X2: Time 0.3565 4.66 0.1425 0.3813 4.61 1.65
X3: % Solid to Liquid 0.3 4.5 0.1625 0.58 1.79 1.49
X4 or X6: Power or Temp -0.0325 4.63 0.0075 -0.0112 -0.8229 -2.65
X5 or X7: Vessel Diameter or Ramp 0.021 6.89 0.015 0.6875 1.66 2.38
X1X2 NC -3.93 -0.1219 -0.2556 NC 1.86
X1X3 NC 1.62 NC 0.5056 NC NC
X1X4 or X1X6 -0.089 -1.99 0.0769 NC NC NC
X1X5 or X1X7 NC -4.13 NC -0.2694 NC NC
X2X4 or X2X6 -0.2135 NC -0.1419 NC -4.97 -1.42
X2X5 or X2X7 NC NC NC NC NC -2.81
X3X4 NC NC NC NC -0.7729 NC
X4X5 -0.249 NC -0.2625 NC -5.33 NC
X1X2X6 NC 6.99 NC 0.4588 NC NC
Model 0.0213 0.0142 0.0415 0.0135 0.0203 0.0166
Curvature 0.2022 0.0088 0.1309 0.1408 0.0434 0.8298
Lack of fit 0.9703 0.9935 0.8976 0.8545 0.8426 0.9891
R? 0.968 0.9862 0.968 0.9657 0.9528 0.9289
Adjusted R? 0.872 0.9401 0.872 0.8884 0.8584 0.8153
Predicted R? NA 0.9445 NA 0.6827 NA 0.6585
Aadj-Pred R? NA -0.0044 NA 0.2057 NA 0.1568
Model selection BIC backward BIC backward BIC backward BIC backward BIC backward BIC fordward

Polynomial eq example (Tyrosol-UAE)

11.63 - 0.014*X1 + 0.3565*X2 + 0.3*X3 - 0.0325*X4 + 0.021*XS5 - 0.089*X1*X4 - 0.2135*X2*X4 - 0..249*X4*X5

2.8-fold lower than oleuropein but 6.6-fold higher than verbascoside
was obtained. Power and diameter factor were not significant parame-
ters in all the responses; therefore, they could be fixed for convenience in
other experimental steps which required UAE. It is worth noting that the
capabilities of the experimental design will compute values outside of
the experiment’s records. However, extrapolation must be ignored or
treated cautiously, pointing out that suggested trends could be broken
easily outside the factorial boundaries tested.

As in the UAE, the graphs Fig. 1 C2-C4 show the three compounds
extracted using the microwave-assisted technology, where the highest
extraction was found on oleuropein with 89.45 mg/g with a combina-
tion of factors of X1: 1.25 % of acetic acid, X2: 25 min, X3: 75 % solid to
liquid ratio, X4: 80 °C and X5: 1 min ramp to achieve the desired tem-
perature. It is also interesting to point at a small inflection point in the
higher ranges of tyrosol which show the ascending lines to flex as the
navigation in the model increases. This suggests a slow-down in
extractability in the higher levels of the time and temperature factors,
with average values of 65.58 mg/g. On the other hand, verbascoside was
the compound with the lowest extractability [6.5 mg/g] when compared
with mean values of tyrosol (7.2-fold lower) and oleuropein (11.4-fold
lower), and with a maximum extraction value of verbascoside registered
at 8.56 mg/g.

Finally, comparing UAE vs MAE compounds extractability, the
computed values of MAE were higher in every single compound, which
is believed to happen due to the usage of higher temperatures. The
comparison of the 3 compounds in MAE were 5.3, 4.2, and 2.2-fold
higher for tyrosol, verbascoside, and oleuropein, respectively, when
comparing the maximum extractability values against UAE. Therefore,
MAE offers at least double the amount of compounds extractability
within the factorial levels tested. Other authors also reported better
extractability at higher temperatures using the microwave-assisted
extraction [10,12].

In summary, experimental data from the Screening Factorial Design
has proved that in the conditions tested, microwave-assisted technology
recovers a higher yield of the 3 compounds compared with ultrasonic-
assisted extraction. The higher yield of the compounds was found on
oleuropein, followed by tyrosol, and finally verbascoside. Factors such
as vessel diameter, and ultrasonic power provided no or little

significance to the extractability of the compounds when employing
UAE. Oleuropein and verbascoside are the higher correlated compounds
extracted, while the behaviour within tyrosol and oleuropein seems to
be independent.

3.2. Central composite design of the MAE

Based on the information extracted from the SFD, MAE was selected
as the best extraction technology. Factors such as extraction tempera-
ture, time, and ramp time were selected as the main parameters to
explore, while other factor tested were keep fix, compute, and optimise
in the CCD. In addition, extraction time and ramp time were moved
slightly on the increased values range, as shown in Table 2.

The CCD experimental design presented in Table 2 was performed in
duplicate to generate a higher volume of data points and accuracy
without requiring extensive repetitions. Therefore, data processing was
treated as the means of both values of each run and the following
computing performed in the same fashion.

The minimum recovered mean value in the CCD experimental runs
was obtained for verbascoside (5.16 mg/g) followed by tyrosol (40.21
mg/g) which was 7.8 times fold-higher, and finally, oleuropein (74.89
mg/g) which presented around 14.5-, and 7.8-times fold-higher values
compared to the extracted verbascoside and tyrosol, respectively
Table 2.

3.2.1. RSM factorial behavior and optimum point

The normal process when modeling through RSM consists of select-
ing factors that provide significant differences while maintaining usual
statistical diagnostics tuned to their better results, this process then
becomes searching for better trade-offs, where single and global opti-
misation will be handled [8]. Fig. 2 A2-A6, B2-B6, and C2-C6 showed a
graphical representation of the RSM modeling for oleuropein, tyrosol,
and verbascoside, respectively. A2, B2, and C2 displayed the final sur-
face modeled, followed by the perturbation plot of the factors analysed
in Fig. 2 A3, B3, and C3, which is a graphical representation used to
assess the sensitivity of a response variable to changes in the factors or
input variables when making small changes or perturbations to the
factor levels. Additionally to the holistic view of the perturbations plots,
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Table 2
CCD Experimental Design, RSM, and ANN modelled compound responses.
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(Coded Values within) Oleuropein (mg/g extract)
Run Type Temperature Extraction Ramp
(°C) Time Time Exp RSM ANN
(min) (min)

1 Factorial 89 (-1) 14 (-1) 7(-1) 86.22 84.48 84.58
2 Factorial 69.65 71.49 69.70
3 Central 101 (0) 20 (0) 10 (0) 80.32 74.01 71.47
4 Factorial 14 (-1) - 79.72 82.30 79.68
5 Factorial 89 (-1) _ 74.71 73.07 77.61
6 Central 101 (0) 20 (0) 10 (0) 71.63 74.01 71.47
7 Factorial 14 (-1) 7(-1) 62.12 67.38 65.37
8 Central 101 (0) 20 (0) 10 (0) 75.17 74.01 71.47
9 Factorial 89 (-1) 14 (-1) 85.55 83.88 82.92
10 Factorial 89 (-1) -* 87.44 88.48 87.41
11 Factorial 7(-1) 69.63 71.39 69.62
12 Central 101 (0) 20 (0) 10 (0) 76.34 74.01 71.47
13 Star 20 (0) 10 (0) 78.53 72.62 78.44
14 Star 101 (0) 20 (0) 5(-1.682) 69.65 69.94 72.86
15 Central 101 (0) 20 (0) 10 (0) 70.94 69.73 71.47
16 Star 80 (-1.682) 20 (0) 10 (0) 85.04 88.32 87.72
17 Central 101 (0) 20 (0) 10 (0) 76.58 69.73 71.47
18 Star 101 (0) 10 (-1.682) 10 (0) 69.51 72.59 75.95
19 Star 101 (0) 10 (0) 62.94 66.87 67.01
20 Star 101 (0) *(0)- 66.12 69.52 70.11

Tyrosol (mg/g extract) Verbascoside (mg/g extract)
Exp RSM ANN Exp RSM ANN
3491 35.76 34.63 5.46 5.82 5.20
54.80 55.42 54.81 6.42 6.17 6.32
37.82 35.84 36.11 5.26 5.03 5.10
38.21 44.36 38.21 5.46 5.60 5.42
32.10 30.36 34.66 424 423 4.10
36.27 35.84 36.11 4.52 5.03 5.10
48.10 46.53 48.12 4.46 4.58 4.49
35.76 35.84 36.11 4.93 5.03 5.10
35.56 33.59 34.58 5.12 4.80 5.13
35.23 32.53 34.66 5.49 5.24 5.30
56.95 57.59 56.95 4.96 5.16 5.27
33.79 35.84 36.11 5.39 5.03 5.10
72.18 68.75 72.18 6.50 6.37 6.52
35.85 38.04 36.19 4.83 5.07 5.29
37.16 36.21 36.11 4.95 5.07 5.10
35.29 38.62 34.61 5.64 5.77 5.23
36.67 36.21 36.11 5.46 5.07 5.10
34.59 32.92 34.67 4.54 4.55 4.52
37.22 39.50 37.24 4.56 4.55 4.66
35.66 3438 35.98 5.06 5.07 5.16

the Fig. 2 subfigures ABC 4-6 revealed the importance of extraction
temperature (significant factors) for the compounds analysed, where
oleuropein presented thermolabile behavior, while tyrosol and verbas-
coside benefit from higher extraction temperatures. The second relevant
factor was extraction time, but only tyrosol showed statistical signifi-
cance. In fact, the factorial graph reveals an increase of tyrosol yield
with higher temperature and extraction time. The third factor analyzed
(Ramp time), did not shown statistical significance and no interaction of
factors where spotted. The thermolabile behaviour of oleuropein has
already been observed in other research in both MAE and UAE [1,14].
[3], using a high temperature and pressure reactor to extract compounds
of interest from the solid residue of Italian black olives, found a similar
behaviour to that described in our data for oleuropein and for the pos-
itive effect of temperature and extraction time on tyrosol. Regarding
Verbascoside, other research using MAE technology showed that its
extraction improves with a temperature increase, with time not being a
significant factor in the extraction of the compound [13].

Summarizing the last paragraph, the conditions for maximizing the
recovery yield must consider different factorial parameters, which are
described in Table S4. To optimise the recovery of all compounds,
global maximisation was used for all factors except ramp time which was
not statistical significance and was minimised. Thus, the optimised
conditions were as follows: extraction temperature equal to 113 °C,
extraction time of 26 min, and a ramp of 7.7 min, to achieve a predicted
69.3, 57.5 and 5.3 mg /g of extract of oleuropein, tyrosol, and verbas-
coside, respectively (Table S4). Although the chosen conditions pro-
vided by the software for an overall optimisation are multiple and based
on our experimental data and requirement, the higher temperature was
selected to extract the compounds. In addition, lower ramp time was
selected aiming to reduce energy and time consumption.

3.2.2. ANN and RSM models fitting

To achieve optimal modeling conditions, we rely on the visual rep-
resentation of points in Fig. 3 together with a tool kit of fitting statistical
computations like the one mentioned in section 2.8.

Regarding the visual representation, the sections A1-B3 presented

the experimental values vs the predicted ones for every compound
(Figure A1-A3), and the representation of all data (experimental, ANN
and RSM predictions) for the yield of every compound against the
experimental runs (Figure B1-B3). The overall visual representation
shows trends and similarities which help to better understand the nu-
merical coefficients reported on Fig. 3 C1 for RSM and Fig. 3 C2 for ANN.

Fig. 3 C1 display the compute coefficients for every single factor,
interaction, and quadratic term in numerical values with their confi-
dence interval (95 %). The colors scale was used to represent the co-
efficients statistical significance. The model fitting terms and the
polynomial equation employed for the calculations were also presented
in the lower part of this figure.

Regarding ANN coefficients, the section C2 presented the neurons
weight values used in the graphical plot displayed in Fig. 2 A1, B1 and
C1 for oleuropein, tyrosol and verbascoside respectively. In addition,
this figure also showed the computed error and steps to allow the fitting
of the model. All the numerical data from the ANN neurons and biases
will help to interpolate values in the confirmation tests.

Detailed information about the model’s efficiency is presented in
Fig. 3 C4, and their robustness is provided in Fig. 3 C3. It is important to
highlight that a good model fit is determined by high R? values and low
RMSE and MAPE. Therefore, when comparing both models, oleuropein
was a better fit (highest R?) according to the RSM technique, while
tyrosol and verbascoside were better fitted on the ANN model (Fig. 3
C3). At the same time, when testing the confirmation points, oleuropein
and tyrosol showed better performance (lower absolute error) with the
ANN model, while verbascoside was better fitted with the RSM model.

Although the efficiency of the neural networks improves with bigger
training data, combining ANN with RSM provides better prediction
values with less errors improving the final model, even with small
dataset (Fig. 3 C3-4). Tyrosol and verbascoside were the response with
higher absolute error on the confirmation point, and when comparing
the real vs predicted values, a narrowed distribution is shown, which is
corroborated by the higher R2. The absolute errors on the prediction
ranged between 0.83 and 15.19, with all the responses within the con-
fidence interval of prediction. This behaviour might suggest a slight
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Fig. 3. Divided into three rows, the first row (A1-3) presents plots comparing the experimental values (black) with the predicted values computed by RSM (light
green) and ANN (blue). The second row (B1-3) displays chronological plots of the experimental and predicted values against the experimental run order. In the
bottom row, the figure includes tables of coefficients for RSM (labeled as C1) and ANN (labeled as C2). In the RSM coefficients table, factors that are not significant
are highlighted in yellow, while factors with higher significance are represented by shades of green to blueish colors. Additionally, in the middle of the bottom row,
table C3 presents the fit statistics computed for the model. Finally, table C4 shows the confirmation points along with their respective errors.

overfitting of data and refining the modelling could help to reduce the
error, although the values presented are within the confidence interval
of prediction.

Therefore, in the experimental tests performed and analysed, the
ANN presented a slight edge over the RSM technique according to the fit
statistics shown, allowing a better overall understanding of the behav-
iour of the factors and responses, in one hand, the visual aspect of RSM
allow to understand trends and magnitude effect, while in the other
hand, ANN allow another fitting approach beyond linear or quadratic
modeling. This strategy helped to predict values within the ranges tested
minimizing experimental runs. In other work, authors have also attrib-
uted a synergistic effect on the RSM-ANN modelling [6] as a hybrid
optimisation approach.

4. Conclusions

This research successfully optimized the extraction of three bioactive
compounds (tyrosol, oleuropein, and verbascoside) from pomace, a
major by-product of the olive oil industry. This optimization approach
addresses the environmental challenge posed by the accumulation of
this waste by adopting a circular economy framework. The findings of
this study contribute to the conversion of this waste into valuable
resources.

The optimization process employed a combination of response sur-
face methodology (RSM) and artificial neural network (ANN) modeling,

resulting in improved model fitting and prediction accuracy. The ulti-
mate objective of this research is to apply the optimized parameters in a
pilot extraction system, thereby facilitating the successful scalability of
the process.

The optimized conditions determined through factorial combination
involved using a microwave-assisted extraction at 113 °C for 26 min,
with a minimum ramp time of 7.7 min. These conditions yielded pre-
dicted values of 67.4 mg/g for oleuropein, 57 mg/g for tyrosol, and 5.1
mg/g for verbascoside, respectively, per gram of extract. These results
highlight the potential of the optimized extraction process in achieving
high yields of the targeted bioactive compounds.
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