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A B S T R A C T

This study developed and optimized a probiotic chickpea milk fermentation process using Lactiplantibacillus 
plantarum PC4, integrating response surface methodology with artificial neural network genetic algorithm 
(ANN–NSGA-II) modeling. Fermentation parameters (time, temperature, inoculum level) were systematically 
evaluated for their effects on antioxidant activity (DPPH, FRAP, TPC), pH, and probiotic viability. Although 
response surface models showed strong fitting accuracy (R² > 0.96), ANN demonstrated superior prediction 
stability and captured nonlinear behavior across all responses (Test R² > 0.97). Multi-objective optimization 
using NSGA-II maximized antioxidant capacity and viable cell counts while maintaining pH near 4.5. The 
optimal compromise solution (7.40 h, 35.95 ◦C, 2.22 %) achieved high antioxidant values and 8.81 log CFU/mL 
viable probiotics, with validation experiments demonstrated reasonable agreement between the predicted and 
experimental results. Fermentation enhanced β-glucosidase activity, lactic acid accumulation, and the formation 
of alcohols and esters, while markedly reducing aldehyde-driven beany odor. Sensory evaluation confirmed 
stronger fermented aroma, lower beany notes, and improved overall flavor. These findings establish 
ANN–NSGA-II as an effective and precise framework for developing functional plant-based fermented 
beverages.

1. Introduction

Chickpea (Cicer arietinum L.) is a widely cultivated legume valued for 
its high protein, complex carbohydrates, dietary fiber, minerals, and 
bioactive compounds such as polyphenols and saponins (Lopes et al., 
2020; Rincon et al., 2020). Compared with other legumes, chickpea has 
lower fat content and minimal allergenicity, which makes it attractive 
for developing allergen free, protein enriched plant-based milk alter
natives (Vallath and Shanmugam, 2022). Driven by lactose intolerance, 
milk protein allergies, vegan diets, and environmental concerns, de
mand for dairy alternatives has increased. Many cereal and nut-based 
beverages are already commercialized but often show low protein 

density and nutritional imbalance (Lopes et al., 2020). In contrast, 
chickpea-based milk offers higher protein content, favorable emulsi
fying properties, and a relatively low glycemic index, although its use is 
still limited by beany flavor, poor protein solubility, and residual anti
nutritional factors such as phytic acid and oligosaccharides (Abadl et al., 
2023; Pennells et al., 2024; Wang et al., 2018).

A range of processing strategies, including heat treatment, enzymatic 
modification, ultrasonication, and especially fermentation, has been 
applied to improve the sensory quality, digestibility, and nutrient 
bioavailability of legume-based beverages. Chickpea milk is a promising 
substrate for probiotic delivery because its macronutrient profile sup
ports microbial growth while allowing the development of value-added 
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functional drinks with improved antioxidant properties and viable cell 
counts. Lactic acid bacteria (LAB) are widely employed in plant-based 
fermentations due to their metabolic versatility and resilience in non- 
dairy matrices (Abbaspour, 2024; Chaturvedi and Chakraborty, 2021). 
LAB can hydrolyze complex macromolecules and release phenolic and 
flavonoid compounds, thereby enhancing antioxidant capacity, while 
producing organic acids, exopolysaccharides, and short chain metabo
lites that improve palatability, texture, and potential health benefits (De 
Villa et al., 2023; Jayasree Joshi et al., 2024).

The performance of Lactiplantibacillus plantarum in chickpea milk is 
strongly influenced by fermentation variables such as temperature, in
cubation time, inoculum level, and initial pH. These factors act in a 
nonlinear and sometimes antagonistic manner on microbial growth, 
acidification, and the synthesis of bioactive metabolites (Mishra et al., 
2014). Response surface methodology (RSM) remains a common tool for 
studying such systems, since it can identify significant factors and sec
ond order interactions (Pavani et al., 2024). However, RSM assumes 
quadratic relationships and can be inadequate for highly nonlinear or 
strongly coupled bioprocesses (Zhang et al., 2023). One factor at a time 
designs and simple linear models are even less suitable for capturing the 
complex dynamics of plant-based fermentations, and they often fail to 
provide reliable guidance for multi response optimization (Okoro et al., 
2025). Artificial neural networks (ANN) have therefore gained attention 
as flexible data driven models that can approximate complex input 
output relationships in food processes (Bhagya Raj and Dash, 2022).

Although ANN models show strong predictive ability, they do not 
inherently supply optimal operating conditions and must be combined 
with external optimization algorithms (Wang and Kang, 2022). 
Chickpea milk fermentation presents a multi-response optimization 
challenge because nonlinear interactions among microbial growth, 
antioxidant formation, and acidification drive several quality attributes 
simultaneously. These interdependent responses can follow competing 
trends (e.g., maximizing antioxidant capacity while controlling pH and 
maintaining viable LAB), making single-objective optimization insuffi
cient for achieving balanced product quality. The non-dominated sort
ing genetic algorithm II (NSGA-II) is a widely used multi-objective 
evolutionary algorithm that can generate Pareto optimal solutions for 
multiple, often conflicting, quality targets (Nametala et al., 2020; Verma 
et al., 2021; Zăvoianu et al., 2013). Hybrid ANN–NSGA-II frameworks 
thus allow simultaneous prediction and global optimization in complex 
food systems with several responses (Yu et al., 2016). In a fermentation 
case study, an EKF-ANN coupled with NSGA-II generated Pareto-optimal 
solutions and improved the target bioactives by 13.34 % (flavonoids) 
and 7.92 % (two benzoquinones) at the selected compromise point 
(Zheng et al., 2016). Despite the rapid growth of plant based fermented 
beverages, there is still limited work on chickpea milk that integrates 
ANN based modeling with multi-objective optimization. This study 
therefore aimed to (i) quantify the effects of key fermentation variables 
on antioxidant activity, pH, and probiotic viability in chickpea milk, (ii) 
develop predictive models using RSM and ANN, (iii) apply NSGA-II to 
the ANN model to identify optimal fermentation conditions, and (iv) 
compare the predictive performance and optimization efficiency of the 
RSM and ANN–NSGA-II approaches.

2. Materials and methods

2.1. Raw material and starter culture

Chickpeas (Cicer arietinum L.) were purchased from AEON super
market in Selangor, Malaysia, and stored at room temperature until 
used. Lactiplantibacillus plantarum PC4, originally isolated from carrot 
pickle, was selected as the starter culture in this study. The strain was 
obtained from the Faculty of Food Science and Technology, Universiti 
Putra Malaysia.

2.2. Preparation of chickpea milk and starter culture

Chickpea milk was prepared as previously described, with minor 
modifications (Ping et al., 2025). Briefly, chickpeas were soaked over
night to achieve sufficient hydration, followed by wet grinding with 
distilled water at a 1:8 (w/v) ratio. The resulting slurry was filtered 
through sterile gauze to eliminate coarse particulates. The filtrate was 
then refrigerated at 4 ◦C overnight to facilitate starch sedimentation. 
Subsequently, sucrose was incorporated at a final concentration of 6 % 
(w/v), and the mixtures were subjected to heat treatment in a water bath 
at 90 ◦C for 15 minutes. After thermal processing, the samples were 
allowed to cool to room temperature before inoculation. Lactic acid 
bacterial strains were cultured in 10 mL of De Man, Rogosa, and Sharpe 
(MRS) broth (Oxoid, Hampshire, UK) at 37 ◦C for 24 h. Subsequently, 
the cultures were centrifugated at 3500 rpm (approximately 1370 × g, r 
= 10.0 cm) for 3 min (Sigma Sartorius 3–18 K, Göttingen, Germany) to 
pellet the cells. The harvested biomass was then rinsed three times with 
sterile 0.8 % (w/v) saline solution to remove residual media 
components.

2.3. Determination of microbial content of fermented chickpea milk

The proliferation of LAB strains in different substrate formulations 
was monitored via colony enumeration using the standard pour plate 
method. Serial 10-fold dilutions were prepared from 1 mL of sample, and 
1 mL aliquots of each dilution were transferred into sterile Petri dishes. 
Subsequently, 15–20 mL of MRS agar (cooled to around 40 ◦C) was 
added, and the plates were rotated to ensure uniform dispersion before 
solidification. After solidification, the plates were incubated at 37 ◦C for 
48 h under anaerobic conditions. Viable counts were recorded from 
plates containing 30–300 colonies, and LAB populations were expressed 
as CFU/mL according to Eq. (1): 

Number of LAB
(
CFU mL− 1) = Colonies counted × Dilution factor

×
1

aliquot
(1) 

2.4. Determination of antioxidant activity

2.4.1. DPPH radical scavenging activity
The DPPH (2,2-diphenyl-1-picrylhydrazyl) radical scavenging ca

pacity was evaluated following the method of Abadl et al. (2023), with 
minor modifications. 0.1 mM DPPH methanolic solution was prepared 
and adjusted to an initial absorbance of 0.80–0.81 at 517 nm. Each 
sample was vortexed, centrifuged at 3500 rpm (approximately 1370 × g, 
r = 10.0 cm) for 5 min, and filtered through a 0.45 μm nylon membrane. 
Then, 1.0 mL of the filtrate was mixed with 2.5 mL of DPPH solution and 
incubated in the dark at room temperature for 30 min. The control 
consisted of DPPH mixed with distilled water. Absorbance was 
measured at 517 nm using a UV–visible spectrophotometer (BIOMATE 
3, Thermo Fisher Scientific, USA), with water as blank. Results were 
calculated using a calibration curve and expressed as L-ascorbic acid 
equivalents (μg/mL).

2.4.2. Determination of ferric-reducing antioxidant power (FRAP)
With slight modifications, the ferric reducing antioxidant power 

(FRAP) assay was conducted based on Benzie and Strain (1999) method. 
The working FRAP reagent was freshly prepared by combining 10 mM 
TPTZ (2,4,6-tri(2-pyridyl)-s-triazine) in HCl, 20 mM FeCl₃⋅6H₂O, and 30 
mM sodium acetate buffer (pH 3.6) in a 1:1:10 ratio. 100 μL aliquot of 
each sample was added to 3.0 mL of the reagent, vortexed thoroughly, 
and incubated at room temperature in the dark for 30 min. Absorbance 
was recorded at 593 nm using a UV–vis spectrophotometer. The control 
consisted of distilled water in place of the sample. Results were 
expressed as mM FeSO₄ equivalents (mM/L), calculated from a standard 
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calibration curve.

2.4.3. Determination of total phenolic content
Total phenolic content (TPC) was determined according to the 

method of Yang et al. (2007), with minor modifications. Briefly, 200 μL 
of each sample was combined with 1.0 mL of 1:10 diluted 
Folin–Ciocalteu reagent, followed by adding 0.8 mL of 7.5 % (w/v) so
dium carbonate solution. The reaction mixture was incubated at room 
temperature in the dark for 90 min. Absorbance was then recorded at 
765 nm using a UV-visible spectrophotometer. TPC values were calcu
lated from a gallic acid standard curve and expressed as μg gallic acid 
equivalents (GAE)/mL.

2.5. Determination of β-glucosidase activity

β-Glucosidase activity was determined using p-nitrophenyl-β-D-glu
copyranoside (p-NPG) as the substrate, following the method of Mat
suura et al. (1995) with slight modifications. Briefly, 0.1 mL of the 
sample was mixed with 0.9 mL of p-NPG solution (1 mmol/L in 0.05 
mol/L citrate buffer, pH 4.8), and the reaction mixture was incubated at 
37 ◦C for 10 min. The reaction was terminated by adding 0.5 mL of 0.5 
mol/L Na₂CO₃ solution, and the release of p-nitrophenol (PNP) was 
quantified by measuring the absorbance at 405 nm using a V-visible 
spectrophotometer (BIOMATE 3, Thermo Fisher Scientific, USA). A 
calibration curve was constructed using PNP. Enzyme activity was 
expressed as units per milliliter (U/mL), where one unit (1 U) was 
defined as the amount of enzyme releasing 1 μmol of PNP per minute 
under the assay conditions. All assays were performed in triplicate, and 
results were expressed as mean ± standard deviation.

2.6. Determination of organic acid using HPLC

Sample preparation followed the procedure reported by Zhang et al. 
(2022) with slight modifications. Briefly, plant-based milk samples were 
centrifuged, and the resulting supernatant was passed through a 0.45 µm 
nylon membrane to eliminate suspended solids. Organic acid quantifi
cation was carried out according to Anzian et al. (2024). A Waters HPLC 
system (Waters Corporation, USA) equipped with a W2690/5 pump and 
a W2487 UV detector was employed, and data were processed using 
Empower 3 software (Build 3471, Waters Corporation, USA). For each 
analysis, 15 µL of the filtrate was injected into a LiChroCART®-RP18 
column (300 mm × 7.8 mm, 5 µm particle size) fitted with a matching 
guard column (Merck, Darmstadt, Germany). The column oven was 
maintained at 35 ◦C. The mobile phase consisted of 0.004 N sulfuric acid 
(pH 2.1), which was filtered (0.45 µm) and degassed in an ultrasonic 
bath for 15 min prior to use. Isocratic elution was performed at a flow 
rate of 0.5 mL/min, and UV detection enabled the identification and 
quantification of organic acids. The analysis targeted citric acid, L-malic 
acid, D-tartaric acid, succinic acid, and L-lactic acid. Standard com
pounds were purchased from Sigma-Aldrich (Merck, Darmstadt, Ger
many) with a certified purity above 99.5 %. Mixed standard solutions at 
concentrations of 200, 400, 600, 800, and 1000 ppm were prepared and 
filtered before injection. Calibration curves were obtained by plotting 
the peak area of each compound against its concentration. All curves 
exhibited excellent linearity with coefficients of determination (R² ≥
0.999), confirming the robustness of the method for accurate quantifi
cation. Method validation (linearity, LOD, LOQ, recovery, precision) 
was performed according to ICH guidelines, and detailed results are 
provided in Supplementary Table S2.

2.7. Evaluation of volatile compounds

Volatile compounds were analyzed using a triple quadrupole gas 
chromatograph-mass spectrometer (GCMS-TQ8050NX, Shimadzu Cor
poration, Kyoto, Japan), following the method described by Chen et al. 
(2023) with some modifications. The headspace vial was purged with 

high-purity nitrogen to ensure complete removal of atmospheric gases 
prior to analysis. The thermo RSH autosampler was utilized to inject 3 
mL of the sample. At the same time, the extraction fiber was precondi
tioned at 250 ◦C for 30 min within the gas chromatography inlet to 
ensure thermal stability and performance. The bake oven was main
tained at 80 ◦C, the sample was equilibrated in a water bath for 20 min, 
and volatile compounds were extracted via SPME for 20 min. The fiber 
was subsequently desorbed in the GC inlet for 5 min, with the process 
automated by the SPME module and data collection initiated by the 
instrument control system. Quantification of volatiles was performed 
using the internal standard method, with Heptan-3-one (2-methyl-) 
added prior to extraction to correct for instrumental variability and 
matrix effects. Gas chromatographic separation was carried out on a 
TG-5MS capillary column using high-purity helium (99.999 %) as the 
carrier gas. Ionization was achieved in electron impact (EI) mode at an 
electron energy of 70 eV, and mass spectra were recorded over a scan 
range of 33–450 amu. The column temperature program was initiated at 
50 ◦C with a 5 min hold, subsequently increased to 200 ◦C at a rate of 5 
◦C/min and maintained for 2 min, and finally raised to 230 ◦C at 10 
◦C/min with a final hold time of 3 min. Identification of volatile com
pounds was carried out by matching the obtained mass spectra (MS) and 
calculated retention indices (RIs, based on n-alkanes C5–C32) with 
reference data from the National Institute of Standards and Technology 
(NIST) database.

2.8. Sensory evaluation

A sensory panel (n = 14, 7 males and 7 females, aged 22–45 years) 
was recruited and trained to evaluate the intensity of sensory attributes 
of chickpea milk using the generalized labeled magnitude scale (gLM). 
All participants confirmed that they were free from food allergies, 
particularly to legumes or dairy products, and voluntarily agreed to 
participate by providing informed consent. The gLM scale ranged from 
0 = “no sensation” to 9 = “strongest imaginable sensation of any kind,” 
with intermediate anchors (1 = barely detectable, 5 = moderate, 7 =
strong). The evaluated attributes included color uniformity (degree of 
evenness), beany flavor intensity, fermented aroma intensity, acidity 
intensity, thickness/viscosity, smoothness, and aftertaste intensity. 
Before the formal evaluation, panelists underwent structured training in 
two sessions. In the first session, the definitions of all sensory attributes 
were explained to establish a common understanding among panelists. 
The use of the generalized labeled magnitude scale (gLM) was also 
introduced, and panelists were instructed on how to relate perceived 
intensity to the scale anchors. In the second session, food-based refer
ence materials were provided for attribute calibration. Beany flavor was 
represented by raw soybean soaking water (1:5, w/v, 2 h at room tem
perature), with the filtrate used as the high-intensity reference and a 1:1 
dilution as the low-intensity reference. Acidity was calibrated with citric 
acid solutions (0.05 % and 0.15 %, w/v). Thickness was represented by 
corn starch suspensions (0.5 % and 2 %, w/v); and smoothness was 
illustrated by whole milk as a smooth reference and diluted okara sus
pension as a chalky reference. Panelists were asked to taste or observe 
these references and practice assigning intensity scores using the gLM 
scale.

Each sample (30 mL) was coded with randomized three-digit 
numbers and served at 10 ± 2 ◦C in a quiet, well-lit room free from 
extraneous odors. To minimize carry-over effects, bottled mineral water 
was provided for palate cleansing between samples. Panelists indepen
dently recorded their scores, and no discussion was permitted during the 
evaluation. The study protocol was approved by the Ethics Committee of 
Universiti Putra Malaysia (Reference No.: JKEUPM-2025–284).

2.9. Modelling procedure of RSM-CCD

Response Surface Methodology (RSM) based on a Central Composite 
Design (CCD) was employed to optimize the fermentation conditions of 
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chickpea milk. Three independent variables were selected: fermentation 
time (X₁, 4–8 h), temperature (X₂, 34–40 ◦C), and inoculum level (X₃, 
1–3 % v/v). These variables were chosen based on preliminary experi
ments and relevant literature. Five response variables were evaluated: 
DPPH radical scavenging activity (Y₁), total phenolic content (Y₂), ferric 
reducing antioxidant power (Y₃), pH (Y₄), and probiotic viability (Y₅, log 
CFU/mL), as detailed in Table 1. A second-order polynomial model was 
fitted to describe the relationship between the independent variables 
and each response as follows (2): 

Y = β0 +
∑3

i=1
βiXi +

∑3

i=1
βiiX2

i +
∑

1≤i<j≤3
βijXiXj (2) 

where Y represents the predicted response, β₀ is the intercept, βᵢ, βᵢᵢ, and 
βᵢⱼ denote the linear, quadratic, and interaction coefficients, respectively; 
and Xi and Xj represent the coded values of the independent variables, 
including fermentation time, temperature, and inoculum level.

2.10. Modelling procedure

2.10.1. Data preparation
Experimental data used for modelling were obtained from the 

response surface optimization study. A total of 20 experimental condi
tions were tested, and each condition was performed in triplicate, 
resulting in 60 data points. The input variables were fermentation time 
(h), fermentation temperature ( ◦C), and inoculum level ( %), while the 
output variables included antioxidant activity determined by DPPH, 
FRAP and TPC, pH value, and probiotic viability. All data were imported 
and processed using MATLAB (R2024b).

2.10.2. ANN construction and validation
A three-layer feedforward ANN was constructed using MATLAB 

Neural Network Toolbox to model the nonlinear relationships between 
input variables (Time, Temp, Inoculum level) and each response vari
able (DPPH, FRAP, TPC, pH, LAB). The network contained three input 
neurons, one hidden layer with 10 neurons, and one output neuron 
(Fig. 1). Several architectures (5, 10, 15, 20 neurons) were trained under 
identical settings and evaluated using Train R², Validation R² and Test R² 
(Table S1). The 10-neuron model consistently achieved high fitting ac
curacy and stable generalization. For instance, in DPPH prediction, it 
obtained Train R² = 0.9861 and Test R² = 0.9742, similar to larger 
models but without validation loss. Increasing neurons to 15 or 20 did 
not improve performance and caused overfitting, where Test R² notably 
declined, especially for FRAP, TPC and LAB (e.g., FRAP Test R² fell from 
0.9563 at 10 neurons to 0.6670 at 20 neurons). The 5-neuron model 
showed lower Test R² and insufficient learning. Thus, the 10-neuron 
architecture provided the optimal balance of complexity and predic
tive power and was selected for subsequent optimization.

A five-fold cross-validation strategy was used to evaluate the model 
stability and generalization ability. Each model was trained using the 
Levenberg-Marquardt algorithm and evaluated through 30 repeated 
runs with randomized initial weights. The dataset was partitioned into 
training (70 %), validation (15 %), and testing (15 %) subsets. The best- 
performing network was selected for each output based on the highest 

average coefficient of determination (R²) across the three subsets. To 
further evaluate the performance of model, the mean square error (MSE) 
and root mean square error (RMSE) were calculated. These metrics 
provided a quantitative measure of prediction accuracy, ensuring the 
reliability of the ANN models for subsequent optimization. R2, MSE, and 
RMSE were calculated according to Eqs. (3–5), respectively. 

R2 =
Σn

i=1(yi − ŷi)
2

Σn
i=1(yi − y)2 (3) 

MSE =
1
n
∑n

i=1
(yi − ŷi)

2 (4) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2

√

(5) 

Where yi was the actual value for sample, ŷi was the predicted value for 
the sample, y was the average value of actual values, and n was the 
number of samples.

2.10.3. Multi-objective optimization and TOPSIS selection
NSGA-II was implemented through the gamultiobj function to maxi

mize DPPH, FRAP, TPC, and LAB, with pH constrained near 4.5 because 
LAB-fermented plant-based milk is commonly fermented to pH 4.5 as an 
endpoint before cooling and storage (Piazentin et al., 2020). The pop
ulation size and maximum generation were set to 100 and 200, 
respectively, to provide sufficient search diversity and convergence 
stability, and gaplotpareto was enabled to monitor the evolution of the 
Pareto front in real time. A Pareto-optimal solution set was obtained, 
and only formulations with LAB ≥ 7 log CFU/mL were retained to ensure 
probiotic viability. The retained Pareto solutions were subsequently 
ranked using the Technique for Order Preference by Similarity to the 
Ideal Solution (TOPSIS), in which all responses were assigned equal 
weights. The final condition was selected as the compromise solution 
with the highest relative closeness to the ideal response profile.

2.11. Data analysis

Data analysis and response surface modeling were performed using 
Minitab 16.0 (Minitab Inc., USA), while the graphical representation of 
the response surfaces was carried out using Origin 2025 (OriginLab, 
Northampton, MA, USA). Artificial neural network (ANN) modeling was 
developed using MATLAB R2024b (MathWorks Inc., Natick, MA, USA). 
Optimization procedures based on and a multi-objective non-dominated 
sorting genetic algorithm II (NSGA-II) were implemented using MATLAB 
Optimization Toolbox. The compromise optimal solution was selected 
using the TOPSIS (Technique for Order Preference by Similarity to Ideal 
Solution) method. All analyses were performed in triplicate.

3. Results and discussion

3.1. CCD-RSM modeling

Table 2 summarizes the experimental results and model-predicted 
values obtained from 20 fermentation trials involving chickpea-based 
milk substrates. The experiments were designed to evaluate the influ
ence of three independent variables: fermentation time (X₁: 4–8 h), 
fermentation temperature (X₂: 34–40 ◦C), and inoculum level (X₃: 1–3 % 
v/v) on five response parameters. The influence of linear, quadratic, and 
interaction components on each response variable was assessed based on 
the coded regression coefficients of the independent factors, as detailed 
in Table 3. The fitted quadratic polynomial models exhibited strong 
statistical significance, with all models achieving high coefficients of 
determination (R² > 0.96), adjusted R² values ranging from 0.9287 to 
0.9726, and predicted R² values between 0.7604 and 0.9192. These 

Table 1 
Experimental range and levels of independent variables.

Independent 
variables

Symbol Axial 
(-α)

Level 
(¡1)

Level 
(0)

Level 
(þ1)

Axial 
(þα)

Fermentation 
Time (h)

X1 2.64 4 6 8 9.37

Fermentation 
Temperature ( 
◦C)

X2 32 34 37 40 42

Starter Inoculum 
( %, v/v)

X3 0.3 1 2 3 3.7
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metrics demonstrate the reliability and robustness of the models in 
capturing the response behavior under different fermentation condi
tions. The lack-of-fit values (p > 0.05 for all responses) confirmed that 
the fitted models were adequate with no significant deviation from the 
experimental data, validating their suitability for optimization. The 
optimal chickpea milk fermentation conditions were determined using 
response surface plots (Fig. 2) and optimization analysis. The ideal 
conditions for enhanced antioxidant activity, probiotic viability, and 
target pH were 6.10 h, 35.1 ◦C, and a starter inoculum of 2.53 %.

3.1.1. Effect of fermentation conditions on DPPH scavenging activity
The influence of fermentation variables on DPPH radical scavenging 

activity (Y1) was modeled using a second-order polynomial regression, 
with model parameters presented in Table 3. The regression model 
showed high statistical significance (p < 0.001) and excellent goodness- 
of-fit, as reflected by the R² value of 0.9799, adjusted R² of 0.9618, and 
predicted R² of 0.8600. The lack of fit was insignificant (p = 0.079), 
confirming model adequacy.

According to the regression coefficients, all three linear terms (X1, 
X2, X3) significantly influenced DPPH activity (p < 0.001). Specifically, 
both fermentation time (X1) and temperature (X2) had significant 
adverse linear effects, indicating that longer durations and higher tem
peratures reduced antioxidant capacity. This trend may be attributed to 
the thermal or enzymatic degradation of antioxidant compounds or 
metabolic consumption by probiotic strains. In contrast, starter inoc
ulum (X3) exhibited a significant positive effect (p < 0.001), suggesting 
that higher inoculum levels promote greater production or preservation 
of antioxidant metabolites, possibly via more active microbial 
metabolism.

The significant quadratic terms (X1², X2², X3²) further revealed the 
nonlinear nature of the response. The negative coefficients of X1² 
(− 1.1951), X2² (− 0.8839), and X3² (− 0.4208) imply that excessively 
high levels of these variables result in a decline in DPPH activity, rein
forcing the notion of optimal fermentation conditions.

Interaction effects were also evident. The interaction between 
fermentation time and temperature (X1×X2) exhibited a highly signifi
cant positive effect (1.085, p < 0.001), suggesting a compensatory 
mechanism wherein the adverse effects of prolonged time could be 
mitigated by moderating the temperature and vice versa. Moreover, the 
interaction between X1 and X3 (p < 0.01) also positively contributed to 
DPPH retention, emphasizing the role of synergistic microbial activity 

under balanced time and inoculum conditions.
The response surface plots in Fig. 2A–C visually supported these 

statistical findings. The surface shows a saddle shape, with an apparent 
decline in DPPH values at high fermentation times and temperatures, 
confirming the adverse impact of excessive thermal and temporal stress. 
Fig. 2(B) illustrates a rising ridge toward higher inoculum levels, 
affirming its positive contribution to antioxidant preservation. Simi
larly, Fig. 2(C) reveals a subtle but positive elevation in DPPH activity 
with increasing inoculum, especially at moderate temperatures.

3.1.2. Effect of fermentation conditions on FRAP
The response surface model for ferric reducing antioxidant power 

(FRAP, Y2) exhibited a high level of significance, with R² = 0.9760, 
adjusted R² = 0.9543, and predicted R² = 0.8619, alongside a non- 
significant lack-of-fit (p = 0.184). The model sufficiently captured the 
behavior of FRAP under varied fermentation conditions.

Fermentation time (X1) significantly increased FRAP (0.01672, p <
0.001), indicating that extended fermentation enhanced reductive ca
pacity. This may be due to microbial release or conversion of antioxidant 
precursors into redox-active compounds. Interestingly, this positive 
trend contrasts with DPPH behavior, where prolonged fermentation 
time negatively affected scavenging ability, suggesting distinct path
ways or compound sensitivities between the two antioxidant 
mechanisms.

In contrast, fermentation temperature (X2) demonstrated a substan
tial adverse effect (− 0.05089, p < 0.001), implying that elevated tem
peratures diminish ferric-reducing power. This aligns with the thermal 
degradation trend observed for DPPH, reinforcing the importance of 
controlled thermal input for antioxidant retention.

Starter inoculum (X3) exerted a positive but non-significant linear 
influence (0.00484, p > 0.05), suggesting a limited role in FRAP 
enhancement under the tested range. This differs from its pronounced 
positive impact on DPPH, possibly reflecting divergent microbial con
tributions to electron-donating versus radical-scavenging activities.

Quadratic effects further defined the curvature of FRAP responses. 
X1² (0.01206, p < 0.01) had a significant positive coefficient, suggesting 
a progressive increase in FRAP beyond linear effects, while X3² 
(− 0.00738, p < 0.05) revealed a subtle diminishing return at higher 
inoculum levels. Notably, the temperature quadratic term (X2²) was not 
statistically significant, indicating a more linear thermal response.

Among interaction terms, the X1×X2 interaction was significant and 

Fig. 1. Schematic representation of the neural network architecture, with output nodes illustrated in the lower right section.
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negative (− 0.01875, p < 0.01), suggesting that the FRAP enhancing 
effect of prolonged fermentation was compromised when paired with 
elevated temperature. This interaction aligns with the DPPH activity's 
observed trade-off, reinforcing the antioxidant components' thermal 
sensitivity. Other interaction terms, including X1×X3 and X2×X3, did not 
reach statistical significance.

The trends are reflected in the response surface plots. The Fig. 2(D) 
plot shows a declining plane with increasing temperature despite time- 
mediated elevation in FRAP at lower thermal conditions. The surface of 
Fig. 2(E) reveals a pronounced curvature, confirming the quadratic 
relationship and minor contribution of the inoculum. In Fig. 2(F), FRAP 
steadily declines with rising temperature, with little modulation by 
inoculum level.

These results suggest that maximal FRAP activity can be achieved 
through prolonged fermentation at relatively low temperatures. Further 
supporting this observation, Yan et al. document that fermentation by 
different lactic acid bacteria (LAB) generally increases FRAP values in 
beverages. However, they also indicate that high temperatures can 
negatively impact fermentation efficacy, suggesting that elevated ther
mal conditions may hinder enzymatic processes necessary for promoting 
antioxidant compounds (Yan et al., 2023). Similarly, Nguyen et al. 
(2024) point out that biological compounds are susceptible to degra
dation when exposed to prolonged high temperatures, which can reduce 
antioxidant activity (Duy et al., 2020). Compared with DPPH, the pos
itive effect of time is more prominent for FRAP, while temperature ex
erts a consistently adverse impact across both indices. Controlling 
thermal input is the most critical factor for preserving and enhancing 
ferric reducing capacity during chickpea milk fermentation.

3.1.3. Effect of fermentation conditions on TPC
The total phenolic content (TPC, Y3) exhibited a robust fit to the 

second-order polynomial model, as evidenced by a high R² of 0.9856, an 
adjusted R² of 0.9726, and a predicted R² of 0.9192. The non-significant 
lack-of-fit (p = 0.217) further validated the adequacy of the model for 
predictive applications.

Among the linear terms, fermentation temperature (X2) and starter 
inoculum level (X3) were the dominant positive contributors to TPC, 
with coefficients of 1.837 and 2.940, respectively (p < 0.001). These 
findings suggest that moderate thermal input enhances phenolic release, 
likely through improved cell wall disruption or enzymatic activity 
(Zhang et al., 2025), while increased inoculum provides a higher 
metabolic load to facilitate microbial hydrolysis or transformation of 
bound phenolics. This effect may also be associated with enhanced mi
crobial β-glucosidase activity, which may hydrolyze chickpea isoflavone 
glycosides, particularly conjugated precursors of biochanin A and for
mononetin, as well as some genistein-related phenolics, thereby 
increasing the proportion of extractable aglycone-type compounds (Gao 
et al., 2015). In contrast, fermentation time (X1) demonstrated a 
significantly adverse effect (− 1.551, p < 0.001), implying a net decline 
in TPC with prolonged fermentation. This reduction could be attributed 
to either the oxidative degradation of released phenolics or microbial 
assimilation over time.

All three quadratic terms (X1², X2², X3²) were significantly negative 
(p < 0.001 or p < 0.01), indicating nonlinear, saturation-like behavior. 
In particular, X3² exhibited the strongest curvature (− 3.025), suggesting 
that excessive inoculum levels may hinder phenolic accumulation, 
potentially due to rapid acidification or microbial overconsumption.

Among interaction terms, X2×X3 displayed a significant adverse ef
fect (− 2.774, p < 0.001), highlighting that the beneficial effect of either 
high temperature or inoculum is not additive. The negative X₂×X₃ 
interaction suggests that a moderate increase in temperature may 
improve matrix softening and facilitate the release of bound phenolics, 
while a higher inoculum level may enhance microbial enzymatic activity 
and accelerate the liberation of phenolic compounds. However, when 
both factors were elevated simultaneously, fermentation likely became 
excessively intensive. Higher temperature can accelerate LAB growth Ta
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and acidification, and a larger inoculum can further shorten the lag 
phase and intensify metabolic turnover. Under these conditions, phe
nolics released at the early stage may not be retained efficiently, but 
instead may be further transformed, destabilized, or metabolically 
consumed (Gaur and Gänzle, 2023). Therefore, the combined elevation 
of temperature and inoculum level suppressed net phenolic retention, 
even though each factor alone was beneficial within a moderate range. 
Other interaction terms, including X1×X2 and X1×X3, were not statisti
cally significant.

The surface plots provide visual confirmation of these effects. Fig. 2
(G) reveals a dome-shaped surface, with the highest TPC occurring at 
moderate time and temperature values. At extreme time or temperature 
values, phenolic content decreased markedly. In Fig. 2(H), TPC 
increased steadily with higher inoculum up to a point beyond which the 
curve flattened or declined, reinforcing the quadratic behavior. Fig. 2(I) 
displayed a distinct saddle shape, reflecting the negative synergy be
tween thermal intensity and microbial density.

Compared to antioxidant capacity indicators, the TPC response 
shared some parallels with DPPH, particularly the detrimental effect of 
prolonged fermentation time. However, in contrast to DPPH and FRAP, 
where temperature generally exerted suppressive effects, TPC benefited 
from moderate temperature increases, underscoring the temperature- 
dependent release of phenolic compounds. Meanwhile, the impact of 
inoculum on TPC was more pronounced than on FRAP, aligning more 
closely with the DPPH trend.

3.1.4. Effect of fermentation conditions on pH
The pH value of fermented chickpea milk was significantly influ

enced by all three fermentation variables, as reflected by the high pre
dictive performance of the response surface model (R² = 0.9625, Adj-R² 
= 0.9287, Pred-R² = 0.7604). The lack-of-fit was non-significant (p =
0.071), indicating that the model adequately captured the acidification 
behavior under varying processing conditions.

Fermentation time (X₁) exhibited the most pronounced effect on pH 
reduction, as evidenced by its strongly negative linear coefficient 
(− 0.3655, p < 0.001). This trend corresponds to the continuous pro
duction and accumulation of organic acids, particularly lactic acid, over 
time. Similarly, fermentation temperature (X₂) and inoculum level (X₃) 
also contributed significantly to the decrease in pH (− 0.1576, p < 0.001 
and − 0.1296, p < 0.01, respectively). The increase in microbial load and 
thermal energy likely promoted metabolic activity and sugar catabo
lism, thereby accelerating acidogenesis.

In contrast to the curvature observed in antioxidant indices, none of 
the quadratic terms (X₁², X₂², X₃²) reached statistical significance, indi
cating a predominantly linear trend in acidification throughout the 

tested range. However, the significant negative interaction between 
fermentation time and inoculum level (X₁×X₃, − 0.1087, p < 0.05) 
revealed that increased inoculum amplified the acidifying effect of 
prolonged fermentation. Conversely, the interaction between tempera
ture and inoculum (X₂×X₃, 0.1388, p < 0.01) displayed a counter
balancing effect, suggesting that at higher inoculum levels, the elevated 
temperature did not linearly intensify acid production, potentially due 
to inhibition of lactic acid bacteria growth by excessive fermentation 
temperature. These observations are well aligned with the response 
surface plots. Fig. 2(J) demonstrates a sharp decline in pH with 
increasing fermentation time and temperature. In Fig. 2(K), pH 
decreased rapidly at higher inoculum levels, especially at extended 
fermentation times. Fig. 2(L) illustrates a more moderate curvature, 
confirming the buffering effect between thermal and microbial 
contributions.

3.1.5. Effect of fermentation conditions on probiotic viability
The proliferation of Lactiplantibacillus plantarum PC4 during chickpea 

milk fermentation strongly depended on the dynamic interplay among 
time, temperature, and inoculum level. Unlike antioxidant or pH re
sponses, which were predominantly unidirectional or nonlinear, pro
biotic viability followed a typical microbial growth trajectory 
characterized by an initial expansion phase and saturation or inhibition 
at higher parameter levels.

Fermentation time emerged as the primary driving factor. As shown 
in Fig. 2(M) and (N), cell counts increased steeply during early 
fermentation, with a tendency to stabilize beyond 6–7 h. This trend 
corresponds with the exponential growth phase of lactic acid bacteria, 
during which nutrients are abundant and environmental stress is mini
mal. However, excessive prolongation led to a slight decline, likely due 
to acidification (as supported by pH trends) and depletion of essential 
growth factors (Webber et al., 2014).

Inoculum level exerted a dual effect: moderate increases (up to 2.5 
%) promoted viable counts through accelerated colonization and 
metabolic synergy. In contrast, further increases yielded diminishing 
returns, as observed in the curvature of the X₃² term. This plateau may 
reflect overcrowding, pH drop, or quorum sensing–mediated growth 
regulation.

Temperature showed a relatively mild yet consistent effect, with cell 
viability rising gradually from 34 ◦C to 38 ◦C. However, in high inoc
ulum concentrations, the interaction between temperature and starter 
level (X₂×X₃) became more pronounced, yielding a noticeable uplift in 
probiotic survival.

Comparing this behavior to antioxidant responses, notable di
vergences emerge. While DPPH and TPC peaked and then declined 

Table 3 
Significant coefficients (p < 0.05) and ANOVA results of the response surface model.

Term Y1 Y2 Y3 Y4 Y5

Constant 12.127*** 0.2157*** 47.838*** 4.5287*** 7.8650***
X1 − 0.4879*** 0.01672*** − 1.551*** − 0.3655*** 1.7153***
X2 − 0.8100*** − 0.0509*** 1.8370*** − 0.1576*** 0.2995*
X3 0.4854*** 0.0048 2.9400*** − 0.1296** 0.5029***
X1 X1 − 1.1951*** 0.0121** − 2.7370*** 0.0450 − 0.6804***
X2 X2 − 0.8839*** 0.0061 − 2.1480*** 0.0309 − 0.5549***
X3 X3 − 0.4208** − 0.0074* − 3.0250*** − 0.0257 − 0.1872
X1 X2 1.0850*** − 0.0188** 0.1790 − 0.0737 − 0.2810
X1 X3 0.3950** 0.0038 0.2510 − 0.1087* − 0.0840
X2 X3 − 0.0450 0.0010 − 2.7740*** 0.1388** 0.3790*
P lof 0.079 0.184 0.217 0.071 0.059
R2 0.9799 0.9760 0.9856 0.9625 0.9774
Adj R2 0.9618 0.9543 0.9726 0.9287 0.9570
Pred R2 0.8600 0.8619 0.9192 0.7604 0.8511

Notes: X₁, X₂, and X₃ represent fermentation time, temperature, and inoculum level, respectively. Y₁, Y₂, Y₃, Y₄, and Y₅ denote DPPH, FRAP, TPC, pH, and probiotic 
viability, respectively. X₁X₁, X₂X₂, and X₃X₃ represent quadratic terms, while X₁X₂, X₁X₃, and X₂X₃ represent interaction terms. Plof indicates the p-value for lack-of-fit. R², 
Adj R², and Pred R² represent the coefficient of determination, adjusted coefficient of determination, and predicted coefficient of determination, respectively.

* , **, and *** indicate significance at p < 0.05, p < 0.01, and p < 0.001, respectively.
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under higher fermentation stress, probiotic viability remained stable or 
continued rising under similar conditions. This distinction highlights 
microbial proliferation's resilience relative to plant phenolics' oxidative 
stability. Conversely, the inverse association with pH confirms that 
active acidification was tightly linked to viable cell biomass, reinforcing 
the view that LAB growth and acid metabolism proceed in parallel.

3.1.6. Multi-factor interaction analysis
The interaction effects among fermentation time, temperature, and 

inoculum level revealed non-additive influences on fermentation out
comes. For antioxidant indices, X₁×X₂ and X₂×X₃ interactions alternated 
between synergistic and antagonistic effects, depending on the response 
considered. Acidification showed a synergistic acceleration under 

Fig. 2. Response surface plots depicting the interactive effects of fermentation time, temperature, and inoculum level on the antioxidant capacity (DPPH: A–C; FRAP: 
D F), total phenolic content (TPC: G–I), pH (J–L), and probiotic viability (M–O) in chickpea milk fermented by Lactiplantibacillus plantarum PC4.
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prolonged time and high inoculum, while probiotic viability benefited 
from X₂×X₃ interactions at moderate temperatures. These findings, 
together with the response surface plots (Fig. 2), indicate that the bal
ance between factors is more decisive than any single variable, under
scoring the importance of multi-factor interactions in optimizing 
chickpea milk fermentation.

3.2. ANN modeling

3.2.1. ANN model performance based on 5-fold cross-validation
The ANN models showed stable learning and generalization across 

all five folds (Table 4). For DPPH, Train R² ranged from 0.9701 to 
0.9906, and Test R² remained consistently high between 0.9532 and 
0.9832, demonstrating that the network did not overfit and was able to 
reliably predict antioxidant scavenging activity under unseen condi
tions. FRAP also showed strong overall performance, although fold 2 
exhibited a lower Test R² (0.8161) compared to the other folds 
(0.9260–0.9763). This fluctuation indicates moderate sensitivity of 
reducing power to sample variability or measurement noise, yet the 
remaining folds maintained high prediction accuracy.

The TPC model produced stable results across folds, with Test R² 
between 0.8939 and 0.9576. Slightly lower performance in fold 2 sug
gests that total polyphenol content may display greater biological vari
ability across fermentation batches, but all folds still achieved 
acceptable prediction accuracy above 0.89, confirming that ANN 
effectively captured polyphenol release dynamics.

For pH, Test R² ranged from 0.8907 to 0.9503. Although slightly 
lower than antioxidant indicators, the narrow range implies stable 
prediction of acidification behavior. Since pH changes gradually and are 
primarily driven by lactic acid accumulation, even a Test R² around 0.90 
is suitable for practical monitoring and process prediction.

LAB showed the highest stability and predictive strength. Train R² 
and validation R² were consistently above 0.99, while Test R² remained 
between 0.9847 and 0.9961 for all folds. These results confirm that 

microbial growth patterns are highly learnable from fermentation time, 
temperature and inoculum level, and the model captures the underlying 
nonlinear relationships with minimal overfitting.

The five-fold results demonstrate that ANN models generalize well 
across all functional and microbiological responses. The small differ
ences between Train and Test R² indicate that the networks did not rely 
excessively on training data, and the consistently high Test R² values 
highlight strong robustness against sample variation.

3.2.2. Validation of MSE trends during ANN training
Fig. 3A-E presents the training performance plots of the ANN models 

for DPPH, FRAP, TPC, pH, and LAB, respectively. The mean squared 
error (MSE) values shown correspond to the validation dataset at each 
epoch.

In the DPPH model (Fig. 3A), the validation MSE decreased rapidly 
during the first three epochs and stabilized thereafter, reaching a min
imum value of 0.01919 at epoch 5. The FRAP model (Fig. 3B) exhibited a 
steep decline in validation MSE within the first epoch, reaching 0.00225.

For the TPC model (Fig. 3C), the validation MSE gradually decreased 
across the first 6 epochs and reached a minimum value of 0.002633 at 
epoch 7. The pH model (Fig. 3D) showed a progressive reduction in 
validation MSE up to epoch 6, achieving a minimum value of 0.001495. 
The LAB model (Fig. 3E) exhibited a sharp decrease in validation MSE 
during the initial 3 epochs, attaining a minimum value of 0.000339 at 
epoch 4.

Throughout the training process, no sudden increases in validation 
MSE were observed for any of the models, and the validation curves 
remained generally stable after reaching their respective minimum.

3.2.3. Regression analysis of ANN model fitting
The predictive performance of the ANN model was evaluated by 

comparing experimental and predicted values of DPPH, FRAP, TPC, pH, 
and LAB in the training, validation, and test subsets (Fig. 4). All response 
variables showed a close overlap between true and predicted curves, 
indicating that the network successfully captured the nonlinear re
lationships within the fermentation system.

For antioxidant indicators, the prediction of DPPH demonstrated 
excellent fitting, with R² values of 0.9865 in training, 0.9836 in vali
dation, and 0.9830 in testing. FRAP also showed strong accuracy, with 
R² reaching 0.9742, 0.9930, and 0.9471 in the three subsets. These 
values confirm that the ANN model effectively learned the chemical 
responsiveness of fermented chickpea milk, where antioxidant capacity 
is affected by phenolic release, microbial metabolism, and fermentation 
duration. TPC prediction remained reliable, with R² values of 0.9699, 
0.9723, and 0.9050. The slightly lower R² in the test set can be attributed 
to higher experimental variation in phenolic content, which is sensitive 
to both fermentation intensity and spray drying conditions. The pre
dictions of pH also achieved high accuracy, with R² values of 0.9780, 
0.9820, and 0.9511, reflecting the stable model recognition of acidifi
cation dynamics associated with organic acid synthesis.

The most accurate prediction was obtained for LAB viability. R² 
reached 0.9936 in training, 0.9969 in validation, and 0.9963 in testing, 
demonstrating that microbial growth followed highly learnable kinetic 
patterns. The close alignment of experimental and predicted LAB values 
indicates strong generalization ability and confirms that the ANN does 
not overfit the data.

3.3. Pareto front generation and compromise solution selection

Based on the Pareto front distributions in Fig. 5 and the ranked so
lutions presented in Table 5, the highest TOPSIS score (0.643) was 
associated with a fermentation time of 7.40 h, a temperature of 35.95 ◦C, 
and an inoculum level of 2.22 %. Under these conditions, the ANN 
model predicted DPPH of 11.15 μg L-ascorbic acid /mL, FRAP of 0.297 
µmol Fe²⁺/mL, TPC of 44.42 mg GAE/mL, pH of 4.14, and LAB viability 
of 8.81 log10 CFU/mL. All responses were assigned equal weights during 

Table 4 
5-fold cross-validation performance of ANN models (denormalized test data).

Response Fold Train R² Validation R² Test R²

DPPH 1 0.9798 0.9896 0.9730
2 0.9701 0.9502 0.9832
3 0.9796 0.9802 0.9718
4 0.9906 0.9711 0.9532
5 0.9891 0.9796 0.9745

FRAP 1 0.9581 0.9886 0.9672
2 0.7820 0.9774 0.8161
3 0.9705 0.9827 0.9260
4 0.9772 0.9424 0.9763
5 0.9380 0.9691 0.9495

TPC 1 0.9725 0.9699 0.9162
2 0.9775 0.8858 0.8939
3 0.9670 0.9697 0.9292
4 0.9533 0.9826 0.9516
5 0.9593 0.9869 0.9576

pH 1 0.9608 0.9813 0.9126
2 0.9841 0.9324 0.8907
3 0.9674 0.9088 0.9503
4 0.9217 0.9736 0.9179
5 0.9688 0.9011 0.9056

LAB 1 0.9916 0.9990 0.9888
2 0.9960 0.9969 0.9847
3 0.9956 0.9937 0.9923
4 0.9920 0.9988 0.9961
5 0.9961 0.9737 0.9934

Notes: R² values were calculated based on denormalized data. Train R², Vali
dation R², and Test R² represent the coefficients of determination for the 
training, validation, and test subsets, respectively, in each fold of the 5-fold 
cross-validation procedure. DPPH, 2,2-diphenyl-1-picrylhydrazyl radical scav
enging activity; FRAP, ferric reducing antioxidant power; TPC, total phenolic 
content; LAB, lactic acid bacteria viability.
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TOPSIS ranking. This solution occupied a central position on the Pareto 
surface and demonstrated a balanced response profile, simultaneously 
achieving high antioxidant capacity, acceptable acidity, and satisfactory 
probiotic survival.

The second-ranked solution (TOPSIS 0.643) required a shorter 
fermentation period (6.17 h) at 36.52 ◦C and resulted in higher DPPH 
and TPC values. However, LAB viability decreased to 7.83 log CFU/mL, 
reducing the overall composite performance. The remaining Pareto- 
optimal solutions exhibited comparable trade-offs, as formulations 
with enhanced antioxidant activity frequently presented lower LAB 
counts or pH values deviating from the desirable fermentation range. 
Therefore, the selected condition was considered the most appropriate 
because it provided a more favorable overall combination of responses 
among the retained Pareto solutions, rather than the highest value for 
any single indicator. These findings indicate that the optimal point is not 
defined by any single biochemical parameter, but by the convergence of 

antioxidant responses, microbial stability, and acidity into an integrated 
compromise. As an evolutionary, population-based method, NSGA-II 
effectively maintained solution diversity through crowding distance 
sorting, enabling comprehensive exploration of the multi-dimensional 
design space (Lee et al., 2007). Integrating ANN surrogate models 
enhanced computational efficiency, offering a practical and robust 
approach for optimizing functional food formulations.

3.5. Validation and verification of the predictive model

Table 6 compares the predicted values generated by the two opti
mization strategies with their corresponding experimental measure
ments. Overall, ANN–NSGA-II exhibited higher predictive accuracy 
than RSM-CCD for most response variables. For DPPH, the ANN pre
diction deviated from the experimental mean by only 1.61 %, compared 
with 3.00 % for RSM. A similar trend was observed for FRAP and TPC, 

Fig. 3. Training performance curves for each ANN model: (A) DPPH, (B) FRAP, (C) TPC, (D) pH, and (E) LAB. Mean squared error (MSE) trends are plotted for 
training, validation, and test datasets across epochs.
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where RSM produced relatively large errors of 9.92 % and 8.66 %, while the ANN model yielded substantially smaller deviations of 1.35 % and 

Fig. 4. Comparison between true and ANN predicted values for (A) DPPH, (B) 17 FRAP, (C) TPC, (D) pH, and (E) LAB across training, validation, and test sets.
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0.32 %, respectively. These results indicate that the traditional second- 
order polynomial model was less effective in capturing the complex 
response surface associated with antioxidant formation, whereas the 
neural network more effectively learned the nonlinear relationships 
among fermentation variables. This interpretation was further sup
ported by the one-sample t-test results, in which the predicted and 
experimental values for DPPH, FRAP, and TPC under both optimization 
strategies were not significantly different (p > 0.05), despite the clearly 
smaller numerical deviations obtained by ANN–NSGA-II.

Both models showed relatively small deviations for pH, which is 
consistent with the gradual acidification behavior of lactic fermentation. 
In this case, RSM showed slightly better agreement with the experi
mental value, with an error of 3.78 %, whereas ANN gave a somewhat 
larger deviation of 4.64 %. However, the t-test indicated that the dif
ferences between predicted and experimental pH values were statisti
cally significant for both models (p < 0.05), suggesting that even though 
the absolute errors were limited, neither model fully captured the 
acidification endpoint with sufficient precision. This result may reflect 
the high sensitivity of pH to subtle biochemical changes during the late 
stage of fermentation. Therefore, compared with the antioxidant-related 
responses, pH appeared to be more difficult to predict accurately using 
either modeling approach.

In the case of probiotic viability, ANN again demonstrated higher 
accuracy, with a 4.03 % error compared with 5.34 % for RSM, con
firming its stronger capability in representing microbial growth 
behavior. Nevertheless, the one-sample t-test showed that the differ
ences between predicted and experimental viable counts were statisti
cally significant for both models (p < 0.01). This finding suggests that, 
although ANN–NSGA-II provided a closer numerical approximation 
than RSM-CCD, both models still had limited precision in estimating the 
final viable cell concentration. Compared with pH, however, ANN ach
ieved a smaller relative error and therefore retained a practical advan
tage for viability prediction.

The experimental validation demonstrates that ANN–NSGA-II ach
ieved a more reliable description of the multi-response fermentation 
system than RSM-CCD. The consistently lower prediction errors for 
antioxidant activity, total phenolic release, and viable cell counts sug
gest that the ANN model better accommodated the inherent nonlinearity 
and biological variability of the process. More importantly, when nu
merical deviation and statistical comparison were considered together, 
ANN–NSGA-II showed clear superiority over RSM-CCD for the major 
functional responses, especially DPPH, FRAP, TPC, and probiotic 
viability. Although its pH prediction was slightly less accurate than that 
of RSM, the overall performance of ANN–NSGA-II remained superior 
across the most important quality attributes. These findings highlight 
the advantage of ANN-based multi-objective optimization for data- 
driven design and control of plant-based fermentation products. 
Although direct machine learning-guided optimization studies in 

fermented plant-based milks remain limited, related work in adjacent 
fermentation systems supports the value of the present framework. ANN 
has been reported to better accommodate nonlinear input-output re
lationships than conventional empirical models, particularly when 
multiple process variables act simultaneously. In mixed-sugar fermen
tation, multi-input and multi-output ANN models improved predictive 
accuracy and generalization, indicating their suitability for biologically 
coupled systems (Huang et al., 2023). In fermented blueberry juice, 
regression modeling combined with a genetic algorithm improved 
phenolic enrichment and volatile quality, although the optimization still 
relied on polynomial fitting rather than ANN-based surrogate modeling 
(Liao et al., 2023). ANN has also shown stronger predictive performance 
than SVM in other fermentation processes involving multivariable 
nonlinear responses (Silva et al., 2022). These studies collectively 
indicate that machine learning-assisted optimization has potential in 
complex fermentation systems.

3.6. Evaluation of β-glucosidase activity

The evaluation of β-glucosidase activity in chickpea milk showed 
significant differences among unfermented, 6.10 h, and 7.40 h fermen
tation groups (Fig. 6). The unfermented sample exhibited negligible 
activity (0.0008 U/mL), suggesting that chickpea milk contained only 
minimal endogenous β-glucosidase. After 6.10 h of fermentation, the 
activity increased to 0.041 U/mL, indicating that microbial metabolism 
contributed to enzyme production and activation. At 7.40 h, the activity 
further increased to 0.053 U/mL, which was significantly higher than 
both the unfermented and 6.10 h groups (p < 0.05).

The increase in β-glucosidase activity during fermentation suggests a 
potential mechanistic linkage between enzymatic hydrolysis and 
phenolic release, as lactic acid bacteria can secrete β-glucosidases that 
hydrolyze glycosidic bonds and liberate aglycones from isoflavone gly
cosides (Rekha and Vijayalakshmi, 2011). Similar increases in β-gluco
sidase activity have been reported in other legume-based fermented 
products, where the enzyme plays a role in enhancing the bioavailability 
of phenolic compounds and antioxidant properties (Ping et al., 2025). 
The higher activity observed at 7.40 h compared with 6.10 h suggests a 
time-dependent increase; however, the relatively smaller increment in
dicates that enzyme production may approach a plateau due to nutrient 
limitation or product feedback inhibition.

3.7. Evaluation of organic acids

The concentrations of organic acids in fermented chickpea milk are 
shown in Table S3. Among the five targeted acids, only citric acid, D- 
tartaric acid, and L-lactic acid were detected, while L-malic acid and 
succinic acid were not detected in either the RSM-CCD or the 
ANN–NSGA-II optimized samples. Citric acid remained relatively 

Fig. 4. (continued).
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stable, with concentrations of 0.551 ± 0.002 mg/mL and 0.464 ± 0.002 
mg/mL in the RSM-CCD and ANN–NSGA-II groups, respectively, indi
cating that prolonged fermentation did not increase its level. D-tartaric 
acid rose significantly under ANN–NSGA-II optimization (0.831 ±
0.009 vs 0.709 ± 0.002 mg/mL, p < 0.05), suggesting enhanced sour
ness and improved flavor complexity. The most substantial change 
occurred in lactic acid, which increased markedly from 1.416 ± 0.006 

mg/mL under RSM-CCD to 2.453 ± 0.001 mg/mL under ANN–NSGA-II 
(p < 0.05). As the primary metabolite of lactic fermentation, its pro
nounced accumulation reflects intensified microbial glycolysis and 
directly explains the stronger pH reduction and flavor improvement 
achieved under optimized conditions.

Fig. 5. 3D Pareto fronts of ANN–NSGA-II optimization results. Points are colored by TOPSIS score, and the red star indicates the TOPSIS best solution.
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3.8. Evaluation of volatile compounds

Volatile profiles of chickpea milk before and after fermentation were 
characterized by SPME–GC/MS, revealing diverse aroma-active com
pounds across multiple chemical classes (Supplementary Table S4). 
Fig. 7A summarizes the changes in total concentrations of the main 
categories. Acids increased markedly during fermentation, rising from 
37.78 µg/kg at 0 h to 202.13 µg/kg at 7.40 h. This shift reflects enhanced 
microbial activity, particularly the production of acetic, hexanoic, and 
octanoic acids, which introduced sour and complex notes. Alcohols also 
accumulated, from 593.10 µg/kg at 0 h to 920.61 µg/kg at 6.10 h, fol
lowed by a slight decline. Long-chain alcohols such as 1-hexanol, 1- 
heptanol, and 1-nonanol showed consistent increases. In contrast, un
saturated alcohols including (E)-2-octen-1-ol declined, suggesting mi
crobial transformation or degradation. Several new alcohols, such as 
tetrahydromyrcenol and (E)-2-nonen-1-ol, appeared only under 
ANN–NSGA-II optimized conditions, indicating broader metabolic 
activation compared with RSM-CCD.

Aldehydes were the predominant class in unfermented samples, with 
a total concentration of 814.20 µg/kg. Fermentation reduced aldehyde 
levels to 623.78 µg/kg at 6.10 h and 507.19 µg/kg at 7.40 h. Hexanal, 
the major aldehyde, decreased from 473.10 µg/kg to 79.82 µg/kg. 
Because hexanal has a very low odor threshold, its reduction is closely 
linked to the attenuation of beany and oxidized notes (Harper et al., 
2022). Nonanal, dodecanal, and (E)-2-octenal also decreased signifi
cantly, supporting the role of microbial conversion of aldehydes into less 
odorous derivatives (Tangyu et al., 2023).. Notably, (E,E)-2,4-deca
dienal, associated with fried and fatty aroma, increased under 
ANN–NSGA-II optimization, suggesting selective formation of certain 

aldehydes despite the overall decline.
The alkene fraction declined drastically, from 236.50 µg/kg at 0 h to 

6.96 µg/kg at 7.40 h. Compounds such as 2,4-dimethyl-1-heptene and 1- 
dodecene disappeared after fermentation. The reduction of these un
stable hydrocarbons reduced waxy or solvent-like notes. Esters, absent 
in the unfermented samples, were generated after fermentation. The 
detection of vinyl hexanoate indicates esterification between accumu
lating acids and alcohols, contributing to fruity and sweet notes. Ketones 
and furans showed minor variations, although 2-pentyl furan persisted 
across all conditions.

The multivariate analysis in Fig. 7B confirms these compositional 
changes. Principal component analysis separated the three fermentation 
stages clearly, with PC1 (55.6 %) and PC2 (35.9 %) explaining most of 
the variance. ANN–NSGA-II optimized samples showed the greatest 
divergence from the unfermented baseline, reflecting deeper modifica
tion of the volatile matrix. This separation consists of higher levels of 
alcohols, acids, and esters and lower aldehyde and alkene contents.

3.9. Sensory analysis

The sensory evaluation of chickpea milk samples is presented in 
Fig. 8. The radar chart (Fig. 8A) shows distinct differences between 
unfermented and fermented samples. Unfermented chickpea milk 
received higher scores in color uniformity and beany flavor, while its 
fermented aroma and acidity were rated very low. In contrast, both 
fermented samples showed a clear rise in fermented aroma and acidity, 
especially at 7.40 h, consistent with the higher levels of organic acids 
and fermentation volatiles reported in Section 3.6. Thickness and 
smoothness were comparable across samples, although the unfermented 

Table 5 
Top ten Pareto-optimal fermentation conditions selected by TOPSIS scoring from 
NSGA-II optimization with LAB ≥ 7 log CFU/mL.

TOPSIS 
Score

X1 X2 X3 Y1 Y2 Y3 Y4 Y5

0.64 7.40 35.95 2.22 11.15 0.30 44.42 4.14 8.81
0.64 6.17 36.52 2.79 12.47 0.21 48.37 4.43 7.83
0.61 5.70 37.36 2.17 12.00 0.18 48.77 4.59 7.71
0.61 5.98 38.51 3.08 11.57 0.17 45.57 4.22 9.03
0.61 7.78 35.46 2.27 10.21 0.32 42.17 4.12 8.92
0.59 6.74 37.81 3.49 11.42 0.21 42.97 3.98 9.69
0.58 7.45 37.92 2.98 11.66 0.21 44.75 3.92 9.52
0.58 5.48 36.74 2.25 12.25 0.21 48.70 4.69 7.00
0.57 5.97 39.13 2.78 10.85 0.15 46.14 4.18 8.85
0.57 6.80 36.59 1.27 10.57 0.25 39.64 4.40 8.08

Notes: X₁, X₂, and X₃ represent fermentation time (h), temperature ( ◦C), and 
inoculum level ( %), respectively. Y₁, Y₂, Y₃, Y₄, and Y₅ denote DPPH (μg L- 
ascorbic acid/mL), FRAP (mM Fe²⁺/L), TPC (μg GAE/mL), pH, and probiotic 
viability (log10 CFU/mL), respectively. The TOPSIS score was used to rank the 
Pareto-optimal solutions obtained from NSGA-II optimization, with higher 
values indicating better overall performance. Only solutions satisfying the 
constraint of LAB ≥ 7 log CFU/mL were included.

Table 6 
Experimental validation of RSM-CCD and ANN–NSGA-II optimized fermentation conditions for functional chickpea milk.

Response Variables Goal RSM-CCD ANN–NSGA-II

Predicted Experimental (n ¼ 3) Error Predicted Experimental (n ¼ 3) Error

DPPH (µg L-ascorbic acid /mL) Maximize 12.389 12.017±0.516ns 3.00 % 11.149 11.328 ± 0.287 ns 1.61 %
FRAP (mM Fe2+ /L) Maximize 0.252 0.227±0.015ns 9.92 % 0.297 0.293 ± 0.013 ns 1.35 %
TPC (µg GAE /mL) Maximize 47.377 43.273±3.145ns 8.66 % 44.421 44.563 ± 1.835 ns 0.32 %
pH Target=4.50 4.50 4.67±0.058* 3.78 % 4.138 4.33 ± 0.058* 4.64 %
Probiotic viability (log CFU/ml) Maximize 7.637 8.045±0.041** 5.34 % 8.810 8.455 ± 0.027** 4.03 %

Note: All the values are means ± standard deviation from triplicate determinations. Error ( %) was calculated as the absolute percentage deviation between the 
predicted and experimental values: Error ( %) = |(Experimental − Predicted)/Predicted| × 100. For pH, the target value was set at 4.50. Superscripts indicate the 
significance of the difference between predicted and experimental values based on a one-sample t-test: ns, not significant (p > 0.05);.

* p < 0.05;.
** p < 0.01.

Fig. 6. Comparison of β-glucosidase activity in chickpea milk: unfermented, 
6.10 h, and 7.40 h fermentation. 
Note: Different letters (a–c) above the bars indicate significant differences 
among groups (p < 0.05) according to one-way ANOVA followed by Tukey test.
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milk tended to be slightly smoother. Aftertaste intensity was elevated in 
fermented samples, likely due to the combined perception of acidity and 
aroma compounds. Notably, color uniformity remained one of the 
discriminating visual attributes, even though fermentation did not cause 
a dramatic change in the overall color tone. In plant-based milk systems, 
visual uniformity is closely associated with appearance quality and 
colloidal stability, because fermentation may alter particle dispersion, 
aggregation behavior, or phase separation. Therefore, a lower score for 
color uniformity in fermented chickpea milk may reflect slight changes 
in physical homogeneity rather than a substantial shift in color itself.

The PCA biplot (Fig. 8B) further illustrates the distribution of sam
ples in relation to the sensory attributes. PC1 (52.3 % of variance) 
mainly differentiated fermented from unfermented milk. Fermented 
aroma and acidity loaded on the positive side of PC1 and were associ
ated with both fermented samples. . In contrast, color uniformity and 
beany flavor aligned with the negative side of PC1 and were associated 
with the unfermented sample. This distribution confirms that fermen
tation shifted the sensory profile from beany-dominant to acid- and 
aroma-dominant attributes. PC2 (16.2 % of variance) was less discrim
inative, but smoothness and aftertaste contributed to subtle differences 
between 6.10 h and 7.40 h samples.

These observations are consistent with the volatile compound results 
discussed in Section 3.6. The decline in aldehydes such as hexanal cor
responded with reduced beany flavor, while the increase in acids and 

esters supported the enhanced perception of fermented aroma and 
acidity. These data suggest that fermentation not only modifies chemical 
composition but also leads to perceptible improvements in sensory 
quality. A limitation of this sensory analysis is the relatively small 
trained panel (n = 14). Although this may constrain the generalizability 
of the results, the structured training procedure and the agreement with 
compositional data indicate that the main sensory trends were captured 
reliably.

4. Conclusions

This study confirmed that chickpea milk provides a suitable envi
ronment for fermentation by Lactiplantibacillus plantarum PC4, resulting 
in improved biochemical, microbiological, and sensory quality. 
Fermentation enhanced antioxidant activity and total phenolic release, 
increased β-glucosidase activity, and generated organic acids that low
ered pH to a desirable range. Volatile profiling further showed a sub
stantial decline in aldehydes responsible for beany notes, together with 
the formation of alcohols, acids, and esters that contributed to a cleaner 
fermented aroma. The modelling approach revealed that fermentation 
performance was governed by nonlinear interactions among time, 
temperature, and inoculum level; neural networks captured these pat
terns more accurately than polynomial regression. Multi-objective 
optimization successfully identified a balanced condition that simulta
neously supported high antioxidant responses, strong probiotic viability, 
and acceptable acidity, and validation experiments closely matched 
model predictions. These findings establish a data-driven foundation for 
developing chickpea-based probiotic beverages with improved flavor 
and nutritional properties.

From an industrial perspective, the ANN–NSGA-II framework may 
also provide a useful basis for fermentation scale-up, particularly in 
processes where multiple quality attributes change nonlinearly and 
require coordinated monitoring and control. With further integration of 
online sensors and real-time process data, this approach may support 
more adaptive process management in industrial fermentation. How
ever, this study was conducted under laboratory-scale batch conditions 
using a limited set of process variables. Further validation under pilot- 
scale or industrial conditions will be needed before broader application.
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