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Abstract

This research presented the procedural framework of developing and optimizing an artificial intelligence model for predicting
the change of bread texture by different baking enhancers. Emphasis was placed on the impact of various baking enhancers on
the Mixolab thermo-mechanical properties of wheat flour and consequent alterations in bread texture. The application of baking
enhancers positively contributed to dough formation and stability, producing bread with a soft texture. However, a relatively
low Pearson correlation coefficient was observed between a single Mixolab parameter and bread texture (r<0.59). To more ac-
curately predict the texture of bread from the thermo-mechanical features of wheat flour with baking enhancers, five Al models
(multiple linear regression, decision tree, stochastic gradient descent, random forest, and multilayer perceptron neural network)
were applied, and their prediction performance was compared. The multilayer perceptron neural network model was further
utilized to enhance the prediction of bread texture by mitigating overfitting risks. Finally, the hyperparameter tuning (activa-
tion function [Leaky ReLU], regularization [0.0001], and dropout [0.1]) led to enhanced model performance (R* = 0.8109 and

RMSE = 0.1096).
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+ 75Dachan Flour Mills Co., Ltd, Incheon, Korea)E A}
L33tk Awk 7 2kl Saprona texture BSB plus (C&P
Ingredients, Boca Raton, FL, USA), Excel, Bread Improver HM,
Bread Improver Free C, Triple Excel (Sun-In Co., Ltd, Yongin,
Gyeonggi-do, Korea), Enzymatico (Il Granaio Delle Idee,
Masera di Padova, Italy), Gamma Plus (Galim Food, Incheon,
Korea), IBIS Yellow, BBJ, Magimix light blue (SI LeSaffre,
Marcq en Baroeul, France), Joker A, A One Plus, S500 Green
(Puratos, Groot — Bijgaarden, Belgium), Plus malt (Bake
Plus, Hanam, Gyeonggi-do, Korea), Gamma 500 (Zeelandia,
Zierikzee, Netherlands), Pro2000 Plus (Choheung Co., Ansan,
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Fig 1A)] AT AAE 27H2ere 183 dz7e  ZEW(108 x | mari)z o] Fojz Ho|EAS 7Ea%

(A) Absorption, Mixing, Gluten, Viscosity, Amylase, Retrogradation, Water absorption, C1 time
(min), C1 torque (Nm), C1 temp.(°C), C1 amplitude, Stability time (min), CS time (min), CS
torque (Nm), CS temp.(°C), C2 time (min), C2 torque (Nm), C2 temp. (°C), C3 time (min), C3
torque (Nm), C3 temp. (°C), C4 time (min), C4 torque (Nm), C4 temp. (°C), C5 time (min), C5
torque (Nm), C5 temp (°C), Alpha, Beta, Gamma

Input variable (x, 30)

(Mixolab parameters)

Output variable (y, 1) Hardness (g)
x (X1,X2,7+,%30)  x = 108x30 matrix y ¥ =108x1 matrix
t
[ |
(B) Absorption Mixing Gluten C5 temp. (°C) Alpha Beta Gamma Hardness (g)
1 6 6 2 57.0 -0.102 0.192 -0.008 256.404
1 6 4 2 56.0 -0.110 0.284 -0.038 265.784
1 6 6 2 56.5 -0.114 0.312 -0.024 266.243
18 5 1 2 56.1 -0.132 0.338 -0.010 143.69
18 4 2 2 57.0 -0.094 0.406 -0.032 146.68
18 4 1 2 56.0 -0.118 0.278 -0.032 146.68

Fig. 1. Machine learning dataset for predicting bread texture: (A) Input and output variables and (B) Structure of dataset.
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(B) Models Hyperparameters
Multiple linear regression (MLR) Fit_intercept = True, Normalize = True
Decision tree (DT) Min_samples_split = 3, Min_samples_leaf = 2, Max_depth = 5
Stochastic gradient descent (SGD) Max_iter = 1500, Tol = 1e-4, Penalty = None, Eta0 = 0.1
Random forest (RF) N_estimators = 1000, Min_samples_split=2, Max_depth = 3

Activation function = Leaky_RelLU, Hidden layer = 3, Initializer =
Multilayer perceptron neural network (MPNN) Random_normal, Optimizer = Adam, Learning rate = ~0.0001, Epoch = 800,
Cost function = Root mean squared error (RMSE)

Fig. 2. Machine learning of workflow for predicting bread texture: (A) Schematic diagram and (B) Initial hyperparameter
condition.
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Table 1. Effects of bread improvers on the Mixolab thermo-mechanical properties of wheat flours and bread hardness

Water Development  Stability Cl C2 C3 C4 (63 Hardness
absorption (%)  time (min) time (min) (N'm) (N'm) (N'm) (N'm) (N'm) (2)
Control 64.90+0.00 9.11+0.17 9.77+0.20  1.13£0.01  0.56£0.01  1.53+£0.01 1.41+0.03 2.29+0.09  268.00+6.99
Baking improvers
1 66.07+0.57 8.89+0.32 9.73+0.10  1.13£0.01  0.54+0.02  1.52+0.03  1.41+0.07 2.39+0.17 215.61+3.66
2 60.70+0.00 8.88+0.18 10.45+0.08 1.09+£0.01  0.48+0.01 1.47+0.02 1.42+0.06 2.17+0.09 163.93+9.79
3 67.52+0.48 7.7940.51 8.83+0.34  1.13£0.01  0.47+0.01  1.44+0.01 1.2440.03  2.02+0.04 214.54+15.54
4 61.70£1.10 2.33+0.19 9.85+0.14 1.10£0.03  0.38+0.01 1.3740.04 126+0.05 2.02+0.07 211.61+10.31
5 61.80+0.73 1.65+0.42 9.67+0.15  1.11£0.02  0.45+£0.02 1.43+£0.06 1.48+0.08 2.35+0.15 237.04+6.15
6 62.07+0.72 1.994+0.19 9.30+0.26  1.09£0.03  0.30+£0.01  1.33+£0.02  1.15+0.05 1.71+0.06  162.01+5.50
7 64.18+0.42 2.87+0.47 10.12+0.15  1.10£0.03  0.49+0.02  1.46+0.02  1.33+0.03  2.03+0.04 161.49+3.33
8 63.57+1.24 2.44+0.04 10.1540.14  1.10£0.02  0.46+0.03  1.45+0.03  1.32+0.06 2.11+0.18  124.24+5.52
9 62.25+0.61 2.08+0.16 9.67+0.36  1.09£0.02  0.42+0.02 1.43+0.03  1.40+0.06  2.17+0.07  165.444+4.55
10 62.53+0.72 2.35+0.21 9.65+0.14  1.09£0.01 0.41£0.01 1.42+0.01 1.41+0.05 2.25+0.06 171.90+6.88
11 64.67+0.67 2.35+0.22 9.72+0.29  1.10£0.02  0.40+£0.01  1.39+£0.01 126+0.02 1.92+0.05 152.46+8.79
12 64.20+0.44 2.75+0.47 9.98+0.16  1.09£0.03  0.43+0.02 1.42+0.02 1.29+0.04 1.99+0.06 160.91+6.68
13 60.90+1.01 2.13+0.27 9.42+0.23  1.1240.04  0.34+0.01  1.324£0.01  1.13+0.02  1.65+0.03  141.96+6.29
14 62.47+1.33 2.61+0.41 9.93+0.24  1.09£0.02 0.46+£0.03 1.46+0.05 1.36+0.05 225+0.11 177.47+9.90
15 63.17+1.32 2.28+0.33 9.43+0.31  1.09£0.03  0.36+0.06  1.41+£0.03  1.32+0.05 1.93+0.13  149.90+1.42
16 63.70+0.00 2.52+0.37 10.27+0.10  1.08£0.02  0.50+0.01  1.48+0.03  1.37+0.04 2.19+0.09 203.63+11.62
17 62.30+0.46 2.26+0.26 9.60+0.17  1.1240.01  0.40+0.01  1.37+£0.02  1.13+0.06  1.63+0.05  144.17+2.12
! 0.353 0.534 —0.119 0.458 0.570 0.519 0.449 0.594 -

r = Pearson correlation coefficient with hardness
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Fig. 3. Effect of dataset normalization on the performance of
a machine learning model for predicting bread texture: (A)
Un-normalized and (B) Normalized.
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Fig. 4. Prediction performance of machine learning models: (A) Multiple linear regression, (B) Decision tree, (C) Stochastic
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Train set 0.7646+0.0000 0.1134+0.0000
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Train set 0.8554+0.0000 0.0888+0.0000
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R2 RMSE
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Test set 0.7478+0.0512 0.1262+0.0131

gradient descent, (D) Random forest, and (E) Multilayer perceptron neural network.
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Table 2. Effects of hyperparameters on the performance of a multilayer perceptron neural network for predicting bread texture

(activation function, regularization, and dropout)

Train set
R’ RMSE R’ RMSE
Sigmoid 0.3224+0.0999 0.1918+0.0141 0.4005+0.1497 0.1942+0.0245
Tanh 0.7508+0.0029 0.1166+0.0007 0.6965+0.0107 0.1392+0.0024
Activation function Linear 0.7496+0.0019 0.1169+0.0004 0.6934+0.0107 0.1399+0.0024
ELU 0.7550+0.0040 0.1156=0.0009 0.6938+0.0073 0.1398+0.0017
ReLU 0.9882+0.0112 0.0229+0.0108 0.7504+0.0471 0.1257+0.0119
Leaky ReLU 0.9684+0.0130 0.0404+0.0097 0.7846+0.0303 0.117040.0081
Regularization 0.9981+0.0021 0.0088+0.0049 0.7891+0.0402 0.1156+0.0107
Regularization+Dropout 0.9667+0.0108 0.042140.0069 0.8109+0.0272 0.1096+0.0079
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Fig. 5. Structure of the multilayer perceptron neural network model for predicting bread texture.
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