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Abstract: This study used artificial neural network (ANN) modeling to
predict and optimize the physical and technological properties of quinoa-
enriched extruded products. A multilayer perceptron model was developed to
estimate bulk density (BD), expansion index (EI), hardness (Har), number of
fractures (NF), and crispiness work (Crw) as functions of screw speed (350-650
rpm) and quinoa addition (0-30%). The model demonstrated high predictive
accuracy and successfully passed goodness-of-fit tests. Global sensitivity analysis
revealed that screw speed was the dominant factor, while higher quinoa levels
and screw speeds promoted expansion and reduced density and hardness. The
ANN approach proved effective for modeling and optimization of extrusion
conditions.
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Introduction

Artificial neural networks have been widely employed in food science
research, with a great capability in approximating nonlinear functions and
creating accurate predictions using input-output relationships (Ma et al., 2024).
The application of ANN modeling in food extrusion has proven particularly
valuable for reducing experimental runs, identifying optimal processing
conditions, and understanding the relative importance of different factors that
may influence the product quality (Khan et al., 2022; Szpicer et al., 2025).
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The incorporation of quinoa into extruded product formulations offers
promising opportunities to develop value-added products with improved
nutritional value and potential health benefits, making it an attractive option for
the development of innovative functional foods and snacks (Mufioz-Pabon et
al., 2022).

The physical and technological properties of extruded products, including
bulk density, expansion index, hardness, number of fractures, and crispiness
work, serve as critical quality indicators that determine consumer acceptance
and product performance in various applications (Sahu et al., 2022; Nwadi, and
Okonkwo, 2026).

This research focuses on developing ANN model to predict the selected
physical and technological properties (BD, EI, Har, NF and Crw) of quinoa-
enriched extruded products as functions of screw speed and quinoa addition
levels. The model was validated using multiple statistical indicators and
subjected to global sensitivity analysis to evaluate the relative importance of
processing parameters on each quality attribute.

Materials and methods
Statistical analysis

The selected textural properties of the quinoa-based extruded products, as
reliable indicators of extrusion performance, BD, EI, Har, NF, and Crw were
retrieved from our previous research (Filipovic et al., 2026). The artificial neural
network modelling and sensitivity analysis of the experimental data, were
performed using the StatSoft Statistica 10.0® software.

ANN modelling

The ANN model was created to predict and optimize the parameters: BD, EI,
Har, NF and Crw, depending on the screw speed (300, 550 and 650) and the
addition of quinoa (0, 10%, 20% and 30%).

A multilayer perceptron (MLP) architecture, consisting of input, hidden, and
output layers, was employed to develop the ANN model. This structure is well
suited for approximating nonlinear relationships, and normalized input and
output data were used to enhance model performance and stability (Loncar et al.,
2024). The artificial neural network model was trained using to the methodology
previously explained by Pan et al,, 2023. The weight coefficients and biases are
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represented as matrices and vectors W: and Bz, and W2 and Bz, respectively. The

structure of the ANN model can be presented as:
Y=£07, -f,(W-X+B)+B,) 1)
Y - the output matrix, fi and f> -the transfer functions of the hidden and
output layers and X -the input matrix.
The weight coefficients W: and W: were iteratively adjusted during the

training process to minimize the discrepancy between the experimental data and
the ANN model predictions (Shi et al., 2023).

Global sensitivity analysis

Yoon's global sensitivity equation was used to evaluate the relative influence
of the screw speed (300, 550 and 650) and the addition of quinoa (0, 10%, 20% and
30%) on BD, EI, Har, NF and Crw, in conjunction with the weight coefficients of
ANN model (van Griensven et al., 2006):

Z(”}k “Wy)
RI (%) =—* ——.100%

i Z(“rk wy)
2

i=0
w - weight coetficient, i - input variable, j - output variable, k - hidden neuron,
n - number of hidden neurons, m - number of inputs.

Error analysis for the ANN model validation

The predictive performance of the ANN model was evaluated using several
statistical indicators, including the coefficient of determination (r%), reduced chi-
square (x%), mean bias error (MBE), root mean square error (RMSE), mean
percentage error (MPE), sum of squared errors (SSE), and absolute average
relative deviation (AARD). These parameters, calculated according to the
equations reported by Putari¢ et al 2022, assess the level of agreement between
the predicted and experimental values and thereby determine the accuracy and
rehablhty of the developed model.

Z(Yexpa_ pre:

N-—n , (3)
] X a

RMSE [_.Z(xw ﬁ_i)z]
N = P P. ) (4)
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N — X
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Xepi- the experimental values and Xxpw:i- value obtained by the model, N- the
number of observations and n -the number of — constants.

Results and discussion

For the observed responses (BD, EI, Har, NF and Crw) ANN model was
conducted, Table 1. The weight coefficients and biases used for ANN model
calculations for input parameters are given in Table 2, while the weight
coefficients and biases used for ANN model calculations for output parameters
are presented in Table 3.

Table 1. Summary of active networks

Net. Training| Test |Valid |Train Test Valid. | Train. Error | Hidd. OQutput
name perf. |perf. perf. error | error error | Alg. funct | activa activa

MLP 7-6-5 0932 | 1.000 | 1.000 | 39.81 | 20.62 81.38 | BFG53 | SOS [Identity [Identity

Table 2. The matrice elements Wz and B:

Input 1 2 3 4 5 6
Screw speed(350) 0.394 | -0.430 | 0.350 | -0.467 | -0.164 | -0.127

_ -0.130 | 0.113 | -0.059 | 0.060 | 0.065 | 0.035
Screw speed(500)

Screw speed(650) -0.171 | 0.213 | -0.081 | 0.368 | 0.062 | 0.156
Quinoa addition(0) 0424 | 0327 | 0.230 | -0.235 | -0.109 | -0.089
Quinoa addition(10) | 0.094 | -0.098 | 0.097 | -0.117 | 0.008 | -0.035
Quinoa addition(20) | -0.134 | 0.154 | -0.103 | 0.227 | -0.069 | 0.157
Quinoa addition(30) | -0.279 | 0.230 | -0.188 | 0.169 | 0.039 | 0.112
Bias 0.089 | -0.027 | 0.053 | 0.038 | -0.059 | 0.031
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Table 3. The matrice elements W2 and B:

Qutput 1 2 3 4 5 6 | Bias

BD 0.263 | -0.033 | 0.086 | -0.309 | -0.054 | -0.196 | 0.201

EI -0.181 | -0.046 | -0.005 | 0.278 | 0.058 | 0.178 | 0.747

Har 0.329 | 0.020 | 0.043 | -0.194 | -0.023 | -0.225 | 0.249

NE -0.188 | -0.044 | -0.001 | 0.355 | 0.023 | 0.234 | 0.486

Crw 0.260 | 0.004 | -0.041 | -0.205 | -0.006 | -0.251 | 0.196
Model validation

To evaluate the accuracy of the proposed ANN model, various performance
metrics were calculated, including reduced chi-square (x2), root mean square
error (RMSE), mean bias error (MBE), mean percentage error (MPE), total
squared error (SSE), average absolute relative deviation (AARD), and coefficient
of determination (r2), Table 4.

Table 4. Tests for the created ANN model the “goodness of fit".

X2 RMSE MBE MPE SSE AARD 12
BD 10.383 2.942 2510 | 23427 | 28.249 | 31.483 | 0.873
El 0.129 0.328 -0.287 | 11.551 | 0.304 3.540 | 0.796
Har 75.014 7.906 4221 | 13.287 | 536.384 | 80.378 | 0.849
NF 16.421 3.699 -0.134 | 12.638 | 163.997 | 40.372 | 0.901
Crw 2.552 1.458 0499 | 23472 | 22529 | 13.428 | 0.701

The results indicate that ANN model successfully passed minor lack-of-fit
tests, demonstrating their effectiveness in predicting the analyzed parameters.

Global Sensitivity Analysis

The impact of screw speed (350, 500 and 650rpm), and quinoa addition (0,
10, 20, and 30%), on BD, EI, Har, NF and Crw (Figure 1) was analyzed using
Yoon's global sensitivity equation and the weight coefficients of developed
ANN model.

The global sensitivity analysis demonstrated that screw speed and quinoa
addition markedly influence the observed properties of the extruded products.
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Screw speed showed the strongest overall effect. At 350 rpm, positive
sensitivities were observed for BD (26.24%), Hardness (24.93%), and Crw
(24.17%), while EI (-25.84%) and NF (-25.55%) were negatively affected,
indicating the formation of denser and harder structures with limited
expansion. On the other hand, 650 rpm showed a positive effect on EI (18.67%)
and NF (19.24%) and a negative effect on BD (-16.65%), Hardness (-15.75%), and
Crw (-17.48%), confirming that higher mechanical energy promotes expansion
and reduces structural compactness. The intermediate speed (500 rpm) showed
comparatively minor effects.

A similar trend was observed for quinoa addition. At 0%, BD (19.21%),
Hardness (20.35%), and Crw (19.24%) were positively influenced, while EI (-
18.10%) and NF (-17.33%) were negatively atfected. Higher quinoa levels (20-
30%) reversed this behavior, positively affecting EI (12.57-13.23%) and NF
(13.01-13.48%) and negatively influencing BD (-11.78% to -13.97%), Hardness (-
11.84% to -14.84%), and Crw (-12.98% to -14.28%). Overall, screw speed was the
dominant factor, and both higher screw speeds and increased quinoa content
favored expansion while reducing density and hardness. These results clearly
demonstrate that optimization of expanded extruded products requires a
balanced combination of higher screw speeds and moderate-to-high quinoa
addition levels.

=F
| 11
Figure 1. Relative importance of the screw speed and the addition of the
quinoa on: a) BD, b) EL c) Har, d) NF and e) Crw
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Conclusion

The developed ANN model (MLP 7-6-5) proved to be an effective for
predicting the observed physical and technological properties of quinoa-
enriched extruded products. High coefficients of determination (12=0.932) and
satisfactory error indicators confirmed the accuracy of the model. Global
sensitivity analysis identified screw speed as the most influential processing
parameter, while higher quinoa additions and increased screw speeds
promoted expansion and reduced bulk density, hardness, and crispiness work.
The obtained results demonstrate that ANN modeling can successfully describe
complex nonlinear relationships in extrusion processes and serve as a reliable
approach for quality improvement of functional extruded products.

Acknowledgement

The research presented in this article is the part of projects supported by the
Provincial Secretariat of Higher Education and Scientific Research,
Autonomous Province of Vojvodina, Republic of Serbia, contract number:
003794135 2025 09418 003 000 000 001/2.

References

Ma, P, Zhang, Z, Jia, X, Peng, X,, Zhang, Z., Tarwa, K., Wei, C.I, Liu, F., Wang,
Q. (2024). Neural network in food analytics. Critical Reviews in Food
Science and Nutrition, 64, 4059-4077.

Khan, M.LH,, Sablani, S.S., Nayak, R., Gu, Y. (2022). Machine learningased
modeling in food processing applications: State of the art. Comprehensive
reviews in food science and food safety, 21, 1409-1438.

Szpicer, A. Binkowska, W, Stelmasiak, A. Wojtasik-Kalinowska, I,
Czajkowska, A. Mierzejewska, S, Domiszewski, Z., Rydzkowski, T,
Piepidrka-Stepuk, J., Pélttorak, A. (2025). Advances in computational fluid
dynamics of mechanical processes in food engineering: Mixing, extrusion,
drying, and process optimization. Applied Sciences, 15, 8752.

Mufioz-Pabon, K.S., Roa-Acosta, D.F., Hoyos-Concha, J.L., Bravo-Gémez, ]J.E.
and Ortiz-Gémez, V. (2022). Quinoa snack production at an industrial level:
effect of extrusion and baking on digestibility, bioactive, rheological, and
physical properties, Foods, 11, 3383.

701



4th INTERNATIONAL SYMPOSIUM ON BIOTECHNOLOGY Proceedings, 2026

Sahu, C., Patel, S., Tripathi, A.K. (2022). Effect of extrusion parameters on
physical and functional quality of soy protein enriched maize based
extruded snack. Applied Food Research, 2(1), 100072.

Nwadi, O.M.M. and Okonkwo, T. (2026). Effects of Extrusion Cooking on Food
Quality Attributes, Storage Stability, and Inactivation of Bacterial Spores: A
Review. Pakistan Journal of Nutrition, 25, 1-10.

Filipovi¢, J., Djalovic, 1., Ko3uti¢, M., Nicetin, M., Loncar, B., Radosavljevi¢, M.,
Filipovi¢, V. (2026). Modeling and Optimization of Extruded Corn Product
Fortification. Foods, 15, 208.

Loncar, B, Pezo, L, Knezevi¢, V., Nicetin, M., Filipovi¢, J.,, Petkovi¢, M,
Filipovi¢, V. (2024). Enhancing cookie formulations with combined
dehydrated peach: A machine learning approach for technological quality
assessment and optimization. Foods, 13, 782

Pan, W, Jiang, H., Wang, S., Lu, W.F,, Cao, W. and Weng, Z. (2023). A real-time
approach for failure detection in material extrusion process based on
artificial neural network. Rapid Prototyping Journal, 29, 1666-1678.

Shi, X, Sun, Y., Tian, H., Abhilash, P.M., Luo, X. and Liu, H. (2023). Material
extrusion filament width and height prediction via design of experiment
and machine learning. Micromachines, 14, 2091.

A.van Griensven, AV, Meixner, T., Grunwald, S., Bishop, T., Diluzio, M. and
Srinivasan, R. (2006). A global sensitivity analysis tool for the parameters of
multi-variable catchment models. Journal of hydrology, 324, 10-23.

Puntari¢, E., Pezo, L., Zgorelec, Z., Gunjaca, J., Kudi¢ Grgi¢, D. and Voca, N.
(2022). Prediction of the production of separated municipal solid waste by
artificial neural networks in Croatia and the European Union.
Sustainability, 14(16), 10133.

702



