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Abstract

This study presents a multi-objective genetic algorithm (NSGA-II) driven framework for the rational formulation of a
plant-based probiotic premix powder under simultaneous nutritional and economic constraints. Protein content, energy
value, and protein density were maximized while formulation cost was minimized within predefined macronutrient ranges.
Pareto-optimal solutions were further refined into integer-feasible formulations and ranked using the Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS), from which the most balanced candidate was selected and experi-
mentally validated. The predicted and measured nutritional values showed strong agreement, with relative errors below 6%
for macronutrients, and approximately 6% for energy, confirming the robustness and practical reliability of the optimiza-
tion strategy. During 28 days of storage, probiotic viability remained above 7 logio CFU/g under refrigerated and ambient
conditions, while elevated temperature accelerated viability loss and color changes.. Microstructural and physicochemical
analyses revealed near-spherical particles and a predominantly amorphous composite matrix. Fourier transform infrared
spectroscopy (FTIR) spectra confirmed the preservation of major carbohydrate—protein functional groups, while High-
Resolution X-Ray Diffraction (XRD) patterns exhibited a broad diffraction halo without sharp crystalline peaks. Differ-
ential scanning calorimetry (DSC) thermograms displayed a single endothermic transition within the scanned temperature
range, indicating good thermal stability of the composite matrix. Sensory evaluation further demonstrated acceptable
flavor, viscosity, and overall preference of the optimized formulation. The novelty of this study lies in integrating multi-
objective optimization, integer-feasible formulation refinement, and experimental validation into a single reproducible and
cost-aware framework, offering a scalable strategy for the development of nutritionally optimized plant-based probiotic
powders.
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Introduction

Plant-based foods have gained increasing global attention
as a strategic response to major challenges confronting
contemporary food systems, including climate change,
depletion of natural resources, and the growing demand
for sustainable protein sources [1]. Mung bean, red kidney
bean, and chickpea differ substantially in amino acid com-
position, starch structure, and micronutrient content, and
their balanced combination has the potential to increase
protein density, improve mouthfeel, and reduce bitterness
[2]. Beyond their nutritional value, legumes contribute to
sustainable agriculture through biological nitrogen fixa-
tion, improved soil fertility, and more efficient land and
water use. As a result, legume-based foods are increas-
ingly regarded as key components of future-oriented, sus-
tainable dietary patterns.

In parallel with environmental and nutritional consid-
erations, socio-economic factors such as food affordabil-
ity, accessibility, and resource efficiency have become
central to food system innovation [3]. Developing nutri-
ent-dense yet cost-effective food products is particularly
important for improving dietary quality and widening
access to healthy food options across diverse consumer
groups. In this context, blending different legumes offers
a promising strategy to enhance nutritional complemen-
tarity. From a socio-economic perspective, formulation
strategies that explicitly account for cost minimization are
closely linked to public health, social welfare, and food
and food accessibility [4]. Affordable, nutrient-dense food
products are critical for improving dietary quality among
low- and middle-income populations, where economic
constraints often limit access to healthy foods. Technolog-
ical innovation in food processing and formulation design
therefore plays a pivotal role in fostering economic devel-
opment and improving access to nutritious foods without
compromising product quality. However, the behavior
of multi-legume systems is highly composition-depen-
dent. Variations in ingredient ratios can significantly
affect energy contribution, textural properties, sensory
perception, and overall cost structure, rendering empiri-
cal trial-and-error formulation inefficient and difficult to
generalize. From a broader agri-food system perspective,
these formulation challenges are closely linked to the effi-
cient utilization of plant-based resources, cost control,
and the development of affordable, nutrient-dense foods.
In this regard, model-driven optimization approaches
have been increasingly recognized as effective tools to
support resource efficiency and evidence-based decision
making in agricultural and food systems [5].
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To address this challenge, multi-objective optimiza-
tion provides a systematic strategy for food formulation.
Nutritional products must achieve several goals at the same
time, including high protein content, appropriate macronu-
trient ratios and reasonable cost. The non-dominated sort-
ing genetic algorithm II (NSGA-II) can efficiently search
within a constrained space and generate a Pareto set of opti-
mal solutions [6]. Combined with the Technique for Order
Preference by Similarity to Ideal Solution (TOPSIS), the
most balanced formulation can be selected from all feasible
candidates. Genetic algorithms have been widely adopted
in materials and chemical engineering, yet their applica-
tion in food product development is still emerging. Recent
studies in related agri-food domains have further demon-
strated that data-driven and optimization-based models can
enhance decision making and policy design, underscoring
the broader relevance of computational approaches for sus-
tainable food system optimization [7]. Studies focusing on
probiotic plant-based porridge powders derived from fer-
mented legume milks are especially scarce.

This study aimed to develop an instant premix por-
ridge powder by combining a spray-dried probiotic carrier
derived from fermented legume milks with cooked pow-
ders of mung bean, red kidney bean and chickpea, together
with selected food additives to improve sensory quality.
NSGA-II and TOPSIS were employed to design a nutrition-
ally balanced and cost-efficient formulation. The optimized
powder was evaluated for proximate composition, probiotic
viability, color and sensory attributes, while powder prop-
erties were characterized to assess microstructure, molecu-
lar interactions and thermal behavior. The findings provide
technical evidence for a new generation of plant-based pro-
biotic powders with improved convenience, nutritional den-
sity and shelf stability.

Materials and methods
Materials

Mung bean powder and chickpea powder were obtained
from Henan Qingwen Food Co., Ltd (China). Red kidney
bean powder was supplied by Jiangsu Junkanglai Health
Industry Co., Ltd (China). Cocoa powder (Hershey’s, USA)
was purchased from AEON Supermarket (Malaysia), and
konjac powder (RUIBIO, China) was used as the fiber
source. De Man, Rogosa and Sharpe (MRS) broth and MRS
agar (Brand, Country) were used for lactic acid bacteria cul-
tivation and enumeration. All powders were stored in sealed
containers at room temperature until use.
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Preparation of plant-based probiotic powder

Plant-based probiotic powder was produced using fer-
mented legume milk as the carrier, based on a preliminary
study. Mung beans, kidney beans, and chickpeas were
soaked overnight and homogenized with distilled water at a
ratio of 1:8. The slurries were filtered through gauze, and the
filtrates were refrigerated at 4 °C overnight to allow starch
sedimentation, followed by decantation. Sucrose was added
at 6%, and the samples were pasteurized at 90 °C for 15 min
and cooled to room temperature. Lactobacillus plantarum
PC4 was cultured in MRS broth at 37 °C, harvested by cen-
trifugation at 3500 rpm for 3 min, and washed with sterile
saline. Fermentation was conducted under conditions deter-
mined in preliminary experiments using a similar optimiza-
tion workflow and selection criteria as previously reported
[8]: mung bean milk was fermented for 6.0 h at 37.0 °C with
1.99% (v/v) inoculum; kidney bean milk was fermented for
6.46 h at 37.37 °C with 1.99% (v/v) inoculum; and chick-
pea milk was fermented for 7.40 h at 35.95 °C with 2.22%
(v/v) inoculum. After fermentation, equal volumes of the
three plant milks were combined, maltodextrin was added
at 14.64% (w/v), gum Arabic was added at 1.04% (w/v),
and the mixture was spray-dried using a Biichi B-290 dryer
with an inlet temperature of 122 °C and a feed flow rate of
22%. Spray-drying conditions were determined in prelimi-
nary experiments using the same optimization and decision
workflow applied in our fermentation study [8], and were
guided by reported effects of inlet temperature and gum
Arabic concentration on probiotic encapsulation [9].

MOGA for nutrition-cost trade-off optimization

Multi-objective genetic algorithm (NSGA-II) was employed
to optimize the formulation of five plant-based ingredients
including mung bean (x1), kidney bean (xz), chickpea (xs),
cocoa (x4), and konjac powder (xs). The decision vector was
defined as Eq. (1), and the proximate composition of each
ingredient used in the premix matrix is presented in Supple-
mentary Table S1.

T
T = [3717 T2, T3, T4, 935] (1)

Each ingredient was bound based on processing feasibility,
such that:

15 <21 <30;15 < 25 <30;15 < w3 <30;10 < 4 <20;10 < 25 <20 (2)

The total powder mass was fixed at 90 g, while probiotic
powder remained constant at 10 g, therefore:

Zf_lcvi =90 (3)

Objective function formulation

For each candidate formulation, the nutritional values per
100 g product were calculated through linear blending.
Total energy (E) was expressed as Eq. (4):

_ ZizlEi-Ti + Epp pb 4)
100

E

Here, pb denotes probiotic powder.

The protein (P), fat (F), and carbohydrate (C') con-
tents per 100 g of product were calculated by linear blend-
ing of ingredient contributions as shown in Egs. (5)-(7),
respectively:

5
p— Zizlpixi + Ppb pb (5)
100
5
F— Zileimi + pb (6)
100
> o1 Cii + Cpy pb
C = 1= 7
100 @
Protein density (PD) was calculated as Eqgs. (8):
P
PD =100 —= 8
00 T ®)
The cost per 100 g product was computed as Egs. (9):
5
Cost = Zizlcostixi 9

The optimization simultaneously maximized protein, energy,
and protein density, while minimizing cost. To adapt these goals
to NSGA-II, the objective vector was defined as Egs. (10):

f(x)=(—P,—E,— PD,Cost) (10)
Macronutrient feasibility constraints

To ensure nutritional relevance for healthy adults (aged
18-59 years), macro-ratio constraints were defined based

on the Acceptable Macronutrient Distribution Ranges [10].
The protein contribution to total energy was restricted by:

0.15E < 4P < 0.30E (11)

The limits for fat were:

0.07E <9F <0.16E 12)
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This range reflects the inherent low-lipid profile of legumes
(typically<6% fat) [2]. Higher dietary fat targets (20%—
30% energy) were avoided to ensure mathematical feasibil-
ity for this oil-free, whole-legume system and to safeguard
probiotic stability during spray drying. The constraints for
carbohydrates were:

0.60E < 4C < 0.78E (13)

This range reflects common regional dietary patterns in Asia
[11]. Only candidates simultaneously satisfying Egs. (11) to
(13) were classified as nutritionally feasible.

NSGA-II configuration

NSGA-II was implemented using the gamultiobj solver in
the MATLAB Global Optimization Toolbox. The algorithm
was configured with a population size of 100 and a maxi-
mum of 300 generations. Scattered crossover was applied
using the built-in crossoverscattered operator, in which
each decision variable of the offspring is randomly inher-
ited from one of the two parents. Mutation was performed
using built-in mutationadaptfeasible operator, which adap-
tively adjusts mutation step sizes and directions while
maintaining feasibility with respect to variable bounds and
constraints. Crossover- and mutation-related options not
explicitly specified were kept as MATLAB defaults.

The function tolerance was set to 10°°, corresponding
to the FunctionTolerance stopping criterion in MATLAB
gamultiobj. According to MATLAB definition, this cri-
terion does not directly impose an absolute tolerance on
objective function values, but terminates the optimization
when the change in the spread of the Pareto front across
consecutive stall generations falls below the specified
threshold. Because a fixed random seed was not enforced,
convergence and robustness were evaluated through three
independent runs using different random seeds.

Convergence was assessed using an Inverted Genera-
tional Distance (IGD) proxy computed against a common
global reference Pareto set, where smaller IGD values
indicate a closer approximation to the reference front. To
ensure comparability across different population sizes and
generation limits, a compact, discrete evaluation strategy
was adopted rather than continuous convergence trajecto-
ries. Specifically, IGD values were recorded at generation
100, generation 250, and the final generation, together with
runtime, the estimated plateau generation, and final-solution
overlap. The corresponding convergence and robustness
metrics are summarized in Table S2.
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The solver generated a continuous Pareto set X, and
corresponding objective matrix F.. Nutritional out-
comes of each solution were recalculated and visualized
in three-dimensional spaces of (P, E, PD) and (P, E,
Cost).

MOEA/D configuration

Multi-objective evolutionary algorithm based on decompo-
sition (MOEA/D) was applied as an alternative multi-objec-
tive solver. In MOEA/D, the multi-objective problem was
decomposed into a set of scalar subproblems using a set of
evenly spread weight vectors, and neighborhood relations
among subproblems were defined by distances between
weight vectors. Each subproblem was optimized by using
information from its neighboring subproblems, and an
external population was maintained to store nondominated
solutions found during the search.

A population size of 100 was used, and each subprob-
lem was assigned a neighborhood consisting of its 20
nearest weight vectors. Neighbor based mating was used
with probability 0.9 to promote local search along adja-
cent weight directions, following the mating restriction
mechanism described for MOEA/D, where the neighbor-
hood size controls the balance between local exploitation
and global exploration. Variation was implemented using
differential evolution style operators with a scale factor of
0.5 and a crossover probability of 0.9 [12]. Because these
operator hyperparameters are implementation dependent
and are not fixed by the MOEA/D framework itself, a brief
sensitivity check was conducted in the same manner as
the NSGA-II convergence diagnostics, and a stable trad-
eoff between runtime and solution quality was selected for
the final runs. The resulting MOEA/D Pareto set was then
evaluated using the same integer neighborhood refine-
ment, TOPSIS based ranking, and epsilon grid slimming
procedures as described in Sections. "Integer neighbor-
hood refinement" to "e-grid slimming procedure", so that
the post processing and selection criteria were kept identi-
cal across algorithms.

Integer neighborhood refinement

Since commercial formulations require integer gram units,
each point in X, was expanded into a discrete search neigh-
borhood by integer perturbation. After rounding, all vectors
were projected back into bounds and balanced to maintain
Eq. (3). Solutions failing the constraints in Eqgs. (11)-(13)
were discarded, yielding an integer-feasible set X;.
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TOPSIS-based ranking

To select the most balanced formulation, the Technique
for Order Preference by Similarity to Ideal Solution
(TOPSIS) was applied. The decision matrix was defined
as Eq. (14):

X =[P, E, PD, Cost] (14)

Vector normalization was applied as Eq. (15):

X

Xnorm = T
IX] (15)

Weights (w) were uniformly assigned as Eq. (16):
w = [0.25, 0.25, 0.25, 0.25] (16)

The weighted normalized matrix was described as Eq. (17):

V= Xnorm ocw (17)

The positive and negative ideal solutions were expressed as
Eq. (18):

+ _ Jmax(V}), beneficial indicator
Y= min(V;), non-beneficial indicator
(18)
o = min(Vj), beneficial indicator
3 \max(V;), non-beneficial indicator

Distances to ideal solutions were computed by:

DY = /> (V—-vt)’ D™ =/> (V-v)? (19

The TOPSIS closeness coefficient (C'C) was described as
Eq. (20):

D-

CC:7D++D—

(20)

The formulation with the highest CC' was selected as the
best candidate.

&-grid slimming procedure
To remove redundant solutions and retain representative

Pareto points, e-grid was applied to protein, energy, and
protein density, as defined in Egs. (21)—(23), withe P=0.10

g/100 g, ¢ E=0.80 kcal/100 g, and ¢ {PD}=0.010 g pro-
tein/100 kcal. This procedure was used solely as a post-
processing step for redundancy reduction and did not affect
dominance relationships or the TOPSIS-based optimality
assessment.

P - szn
bing = [} 1)
€p
E— Emin
bing = [] 22)
€E
PD — Pmin
binpp — [} 23)
EPD

Within each grid cell, only the solution with the high-
est C'C value was retained, resulting in a compact non-
dominated integer Pareto frontier suitable for product
development.

Proximate composition

Crude fat, ash, protein, moisture and carbohydrate were
determined according to AOAC official methods (2000).
The energy value of each formulation was calculated based
on FAO guidelines (2003) using the Atwater conversion
factors:

Energy (kcal/100g) = 4 (Protein%) + 9 (Fat%) + 4 (Carbohydrate%) (24)

Shelf-life stability and probiotic viability of
optimized premix porridge

Probiotic viability during storage

Shelf-life stability was evaluated under three storage tem-
peratures to represent refrigerated storage, room-temper-
ature storage, and accelerated thermal stress. Porridge
powders were packed in food-grade polyethylene zipper-
sealed pouches and tightly sealed prior to storage. Samples
were stored at 4+1 °C, 27+2 °C, or 37+1 °C and ana-
lyzed on days 0, 7, 14, 21, and 28, defined as an initial one-
month screening period for early post-production viability
changes. For each sampling point, 1.0 g of powder was
aseptically transferred into 9.0 mL of sterile physiological
saline and vortexed for 2 min to obtain a homogeneous sus-
pension. Serial tenfold dilutions were plated on MRS agar
and incubated at 37 °C for 48 h. Plates containing 30-300
colonies were used for enumeration, and viable counts were
expressed as log,, (CFU/g).

@ Springer
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Determination of color

Color measurements were carried out using a Konica
Minolta CR-300 reflectance colorimeter (Konica Minolta
Sensing Inc., Japan) equipped with an 8 mm measuring
aperture. The instrument was calibrated with a standard
white plate before use, and measurements were performed
on the legume-based milk samples at room temperature.
Lightness (L*), redness (a*), and yellowness (b*) values
were recorded according to the CIE Lab* color system.

Characterization of porridge premix powder
Cold Field emission scanning electron microscopy (SEM)

Microstructural analysis was conducted using a cold field
emission SEM (SU8600, Hitachi, Japan). Powder samples
were placed on conductive adhesive, gold-coated to enhance
conductivity, and observed at 500 %, 1000 x and 5000 x mag-
nifications under an accelerating voltage of 1 kV.

Fourier transform infrared spectroscopy (FTIR)

The FT-IR spectra of optimized premix powder at neutral
pH was measured at a range of 4000400 cm ™! by a FT-IR
Spectrometer (Bruker Invenio instrument) following the
procedure described by [13].

High-resolution x-ray diffraction (XRD)

Crystalline characteristics were examined using an X-ray
diffractometer (SmartLab 9 kW, Rigaku, Japan). Powdered
samples were spread uniformly onto flat sample holders and
lightly pressed to achieve a smooth surface. Diffraction pro-
files were recorded over a 20 range of 5°—100° at a scan
speed of 10°/min, with operating conditions of 40 kV and
40 mA.

Differential scanning calorimetry (DSC)

DSC analysis was carried out using a Discovery DSC 250
(TA Instruments, USA). Approximately 8—12 mg of premix
powder was hermetically sealed in an aluminum pan, with
an empty pan as the reference. The samples were heated
from 30 °C to 300 °C at a constant heating rate of 10 °C/
min under a nitrogen atmosphere. Thermal profiles were
collected to evaluate glass transition and melting behavior.

Sensory evaluation

A semi-trained sensory panel (n=14; 7 males and 7 females,
aged 22—45 years) was recruited to evaluate the intensity of
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key sensory attributes of the reconstituted porridge samples
using the generalized labeled magnitude scale (gLMS).
Prior to formal evaluation, panelists participated in two
structured training sessions (approximately 60 min each)
designed to standardize attribute understanding and scale
usage. Training included familiarization with the porridge
matrix, clarification of sensory attribute definitions, and
intensity alignment using food-based reference materials.

Four formulations were selected for sensory evalua-
tion based on the multi-objective optimization outcome
(Table 1). Each powder sample was reconstituted with warm
water (40+2 °C), stirred for 30 s, and served in odor-free
cups coded with randomized three-digit numbers to ensure
blind testing. All participants reported no history of food
allergies, particularly to legumes, cereals, or dairy products,
and provided informed consent prior to participation.

The gLMS ranged from 0="no sensation” to 9="stron-
gest imaginable sensation of any kind,” with intermedi-
ate verbal anchors (1=barely detectable, 5=moderate,
7=strong). The gLMS was selected to enable sensitive
discrimination of sensory intensity across formulations
with substantially different nutritional density and struc-
tural characteristics, thereby minimizing ceiling effects and
allowing quantitative comparison across attributes.

Panelists evaluated appearance uniformity, aroma inten-
sity, acidity perception, thickness/viscosity, smoothness,
flavor acceptability, and aftertaste intensity. During training,
food-based reference standards were used for calibration:
acidity was standardized using citric acid solutions (0.05%
and 0.15%, w/v); thickness/viscosity was demonstrated using
corn starch dispersions (0.5% and 2%, w/v); and smoothness
was illustrated by comparing whole milk (smooth reference)
with a diluted okara suspension (rough reference).

Sensory evaluations were conducted individually in a
quiet, well-lit room free from extraneous odors. Bottled
mineral water was provided for palate cleansing between
samples, and discussion among panelists was not permit-
ted during scoring. Sensory responses were recorded using
paper ballots and subsequently digitized for statistical
analysis. The study protocol was approved by the Ethics
Committee of Universiti Putra Malaysia (Reference No.:
JKEUPM-2025-284).

Statistical analysis

All experiments were performed in triplicate, and data
are presented as mean=standard deviation. Statistical sig-
nificance was determined by one-way analysis of variance
(ANOVA) followed by Tukey’s multiple comparison test,
with p<0.05 considered significant. All statistical analyses,
including optimization-related computations, were per-
formed in MATLAB (MathWorks, USA).
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Table 1 Selected formulations (F1-F4) for sensory evaluation with predicted nutritional values and cost

Protein Density Cost

(2/100 keal)

Carb

Kidney Chickpea/g Cocoal/g Konjac/g Probiotic Energy Protein Fat

Mung

Sample

(MYR/100 g)

2.79
3.55
2.78
3.55

(g/100 g)
69.33

(g/100 g)
2.90
3.26
2.89

(g/100 g)
20.56

(kcal/100 g)

367.31

powder/g
10
10
10
10

bean/g
19
23

bean/g
19
18
20
17

5.60
5.63
5.60
5.63

10
10
10
10

12
19
12
19

30
20
30
23

F1

68.47
69.35

20.69
20.55

367.67

F2

367.32

18
21

F3

3.34 68.40

20.72

368.19
F1: formulation with the highest TOPSIS score, representing the overall optimal balance of protein, energy density, and cost

F4

F2: formulation with the highest protein density (g protein per 100 kcal), representing the most protein-efficient sample

F3: formulation with the lowest production cost (MYR/100 g), representing the most economical option

F4: formulation with the highest caloric contribution (kcal/100 g), representing the energy-dense option

Results and discussion

Multi-objective optimization outcomes and
selection of feasible formulations

The multi-objective NSGA-II algorithm produced a contin-
uous Pareto front balancing protein, energy, protein density,
and formulation cost under the predefined macronutrient
constraints. All solutions satisfied the required nutritional
window (protein 15-30% of energy, fat 7-16%, carbohy-
drate 60—78%) while keeping probiotic powder fixed at 10
g per 100 g product, indicating that nutrient balancing was
achieved without violating regulatory targets.

Figure 1A presents the distribution of integer-feasible
Pareto solutions in the three-dimensional space defined by
protein, energy, and protein density. A strong positive asso-
ciation among the three nutritional variables is evident, with
solutions forming a narrow and continuous cluster rather
than scattered extremes. The color gradient represents the
TOPSIS closeness coefficient, showing that higher-ranked
solutions are located toward the upper region of the Pareto
surface, where protein density increases in parallel with pro-
tein and energy. Importantly, the TOPSIS-selected solution
(marked by a star) does not correspond to the extreme maxi-
mum of any single objective, confirming that the decision
strategy favors a balanced compromise rather than unilat-
eral optimization.

When formulation cost is introduced as an additional
dimension (Fig. 1B), an explicit nutrition—cost trade-off
becomes apparent. Although protein and energy remain
positively correlated, solutions with comparable nutritional
performance exhibit a pronounced spread in cost. The color
mapping indicates that higher TOPSIS scores are more
frequently associated with solutions located at the lower-
cost side of the feasible region, highlighting cost as a dis-
criminating factor within an otherwise narrow nutritional
window. Accordingly, the selected optimal formulation is
positioned in a region that maintains high nutritional perfor-
mance while avoiding excessive cost.

The interrelationships among individual variables are
further visualized in the pairwise scatter—histogram matrix
shown in Fig. 1C. Protein, energy, and protein density
display narrow unimodal distributions and strong linear
correlations, reflecting stable nutritional behavior across
integer-feasible solutions. In contrast, formulation cost
exhibits a broader distribution and weaker correlations with
the nutritional variables, indicating greater sensitivity to
ingredient substitution rather than nutritional output. This
difference explains why cost plays a critical role in differen-
tiating otherwise similar formulations and supports the use
of TOPSIS for selecting solutions that achieve both nutri-
tional adequacy and economic practicality.
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the TOPSIS selected solution. (C) Pairwise scatter—histogram matrix ing to the TOPSIS closeness coefficient
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The top ten ranked formulations are summarized in Table 2
(A). Energy ranged from 361.61 to 367.32 kcal/100 g, and
protein ranged from 19.89 to 20.57 g/100 g, confirming the
nutritional stability of the feasible region. Protein density
remained consistently high (5.50-5.60 g/100 kcal), while fat
content was naturally low (2.86-2.97 g/100 g), meeting the
expectations of a low-fat, high-protein product. More varia-
tion was observed in cost (2.78-2.90 MYR/100 g), again high-
lighting that ingredient price, rather than nutritional value, was
the primary driver of variability within the feasible space.

Comparing Table 2(A) and Table 2(B) reveals distinct
ingredient profiles and cost outcomes. Formulations in
Table 2(B) generally used more cocoa, which coincided
with higher fat content and higher total cost, consistent
with cocoa’s composition and unit price rather than an
optimization preference. In contrast, Table 2(A) shows

lower and more concentrated cocoa inclusion, yielding
reduced fat and lower cost. As both algorithms were run
under identical objectives and constraints, these differ-
ences likely reflect algorithm-specific search and selec-
tion behavior rather than systematic bias. After integer
rounding, NSGA-II produced a more discrete and sparse
solution set, whereas MOEA/D retained a smoother, more
continuous Pareto front (Fig. 2). This difference reflects
their search strategies: MOEA/D explores along pre-
defined weight directions, while NSGA-II depends on
dominance and crowding, leaving fewer distinct non domi-
nated combinations under integer constraints. Despite this,
both methods converged to highly overlapping nutritional
regions with similar ranges of protein, energy, and protein
density. Thus, nutritional feasibility is robust, and resid-
ual differences in cocoa, fat, and cost mainly arise from

Fig. 2 3D Pareto representations of (A) n
representative solut‘iorhls obtained = YeTOPSIS best solution 0.9
from MOEA/D optimization. (A) T
3D distribution of MOEA/D- ) 0.8
derived Pareto-optimal solutions 5.64 - ‘ '
in terms of protein content, energy = 0.7
value, and protein density. (B) 3D § 5.63 - . oto * .
distribution of MOEA/D-derived = ° ° o @ 06 2
Pareto-optimal solutions in terms =5.62+ o ° ' §
of protein content, energy value, 2 : 052
and cost. In both panels, solutions .5‘5'61 N ' %
are color-coded according to their g 049
TOPSIS scores, and the star sym- '2 65 * o
bol indicates the TOPSIS-selected Ro)
: s = 5.59 0.3
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558 = B 2
20.5 2055 —— 369
20.6 2 T ,//'/ 0
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algorithm dependent exploration under integer rounding
rather than deliberate optimization toward sensory or eco-
nomic attributes.

To provide a clear benchmark, three single-objective
baselines were also solved under the same decision vari-
ables, total-mass constraint, and macronutrient feasibility
window as those used in the NSGA-II framework. Protein-
only maximization, cost-only minimization, and protein-
density-only maximization were defined as the baseline
cases. The resulting formulations and their predicted
nutrition and cost metrics were reported in Supplemen-
tary Table S3. It was indicated that, within the restricted
feasible region, only limited gains were achieved when a
single target was optimized, whereas other key attributes
were often weakened. By contrast, a compromise region
was revealed by the multi-objective Pareto solutions, in
which protein, energy, protein density, and cost were bal-
anced simultaneously.

Validation of nutritional calculations against
experimental measurements

Table 3 presents the experimental validation of the NSGA-
[I-selected optimal formulation by comparing determin-
istically calculated nutritional values with experimentally
measured results. Overall, a high level of agreement was
observed across all evaluated nutritional parameters, indi-
cating that the formulation framework provides reliable
nutritional estimates under the defined constraints.

Protein, fat, and carbohydrate contents exhibited very
small deviations between calculated and measured values,
with relative errors below 2.5%. These results indicate that
the linear blending—based nutritional calculations accurately
captured the macronutrient composition of the optimized
formulation. To further strengthen the assessment beyond
simple relative error, normalized error-based indicators were
introduced. In particular, the relative root mean square error
(RRMSE) and mean absolute percentage error (MAPE)
were employed to facilitate comparison across nutritional
parameters expressed in different units and magnitudes [14].
The use of RRMSE as a scale-independent metric has been
widely recommended in the literature for cross-target per-
formance comparison and error normalization. Similarly,
MAPE has been frequently reported as a complementary

indicator that provides intuitive, percentage-based interpre-
tation of deviation across heterogeneous variables [15, 16].

Consistent with these methodological recommendations,
the low RRMSE and MAPE values obtained for protein, fat,
and carbohydrate further confirm the robustness of the cal-
culation—experiment agreement for primary macronutrients.
In contrast, energy and protein density exhibited moderately
higher deviations, withrelative errors of approximately 5—6%.
This difference is primarily attributable to the sensitivity of
energy-related indicators to ingredient-specific energy con-
version assumptions rather than inaccuracies in formulation
composition. In the present framework, the energy contribu-
tion of konjac powder was calculated using manufacturer-
declared dietary fiber energy values, whereas experimental
energy determination relied on the carbohydrate-by-differ-
ence method, in which dietary fiber and digestible carbohy-
drates cannot be analytically distinguished. As a result, even
small discrepancies in dietary fiber energy conversion may
propagate into total energy estimation, thereby amplifying
deviations in both energy and derived protein density.

As summarized in Table S4, paired t-test analysis based
on replicate experimental measurements (n=3) revealed no
statistically significant differences between calculated and
experimentally measured values for protein, fat, carbohy-
drate, and energy (p>0.05), indicating that the observed
deviations for these parameters fall within the expected
range of analytical variability. In contrast, protein density
exhibited a statistically significant difference (p<0.05). The
statistical significance observed for protein density is likely
attributable to its dependence on energy as a normalization
factor. Because protein density is a ratio-based parameter,
minor systematic deviations in energy estimation may be
amplified in the derived value, rather than reflecting inac-
curacies in protein quantification itself.

Physicochemical changes of the optimal formulated
premix porridge powder during storage

The physicochemical stability of the optimized premix por-
ridge powder was assessed by probiotic viability and color
parameters (L*, a*, b*) during 28 days of storage at 4 °C,
27 °C, and 37 °C (Figs. 3 and 4). Probiotic counts (Fig. 3)
remained above 7 logio CFU/g under all conditions. A slight
increase on day 7, most evident at 37 °C, may be related to

Table 3 Experimental validation Parameter Optimized pre- Experimental Error (%) RRMSE (%) MAPE(%)

of the NSGA-II predicted optimal dicted value value

formulation Protein (g/100 g) 20.56 20.69+0.33 0.63 1.48 1.33
Fat (/100 g) 2.90 2.97+0.12 2.36 4.16 3.89
Carbohydrate (g/100 g) 69.33 69.84+1.79 0.73 2.21 2.09
Energy (kcal/100 g) 367.31 388.87+9.63 5.54 5.90 5.51
Protein density (g/100 kcal)  5.60 5.32+0.10 5.26 5.49 5.29
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Fig. 3 Probiotics viability of

. . . 8.6
optimal premix porridge powder
during storage at 4 °C and 27 °C nis.
over 28 days. Data are presented 84

as mean=SD (n=3). Asterisks
indicate significant differences
between the two storage conditions
at the same time point (*p<0.05,
**p<0.01, *p<0.001)

+4°C |
+27°C
—+-37°Cf

the recovery of metabolically inactive cells. Thereafter, via-
bility decreased in a temperature-dependent manner, with
the smallest loss at 4 °C (about 0.25 logio CFU/g), followed
by 27 °C (about 0.6 logio CFU/g) and 37 °C (about 0.7-0.8
logio CFU/g) by day 28, indicating faster inactivation at
elevated temperature.

Color changes showed consistent temperature effects
(Fig. 4). L* and a* decreased over time, whereas b*
increased, with the largest shifts at 37 °C and moderate
changes at 27 °C, suggesting enhanced non-enzymatic
browning and oxidative pigment changes at higher tem-
peratures. Similar Maillard-related and oxidation-driven
color evolution has been reported for protein—carbohydrate
powder systems during storage [17].

Microstructure and particle morphology

SEM micrographs at 500%, 1000 x, and 5000 % magnifi-
cation (Fig. 5) demonstrated a heterogeneous composite
structure. Coarse, irregular legume particles coexisted with
smaller, mostly spherical microcapsules derived from the
spray-dried probiotic carrier. The powder showed a broad
size distribution and a densely packed arrangement, indicat-
ing acceptable particle flow and limited inter-particle voids.

At 500 x, coarse fragments were visible together with
abundant fine particles. The dense packing and clustered
groups suggested partial agglomeration formed during
drying and handling. Occasional fractured edges were
consistent with the presence of milled bean and cocoa
solids.

@ Springer
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At 1000 x, satellite structures were clearly observed,
where small spherical particles adhered to larger particles
and formed neck-like connections. This morphology is
commonly reported in spray-dried powders and can be
attributed to droplet and particle adhesion during dry-
ing and subsequent particle—particle collisions. Given
the spray-drying conditions used (inlet temperature 122
°C; feed flow rate 22%), the resulting surface roughness
and agglomerated architecture may enhance wettability
during reconstitution [18] and may also provide a physi-
cally protective, carbohydrate-rich matrix that helps
limit direct exposure of embedded cells to oxygen and
moisture.

At 5000 x, microcapsule surfaces showed smooth
glassy films alongside wrinkled or collapsed regions.
These features likely resulted from fast moisture escape,
internal vapor pressure, and limited shell strength of
carbohydrate-rich matrices, such as maltodextrin and
gum arabic. Smooth regions indicated successful film
formation and potential embedding of probiotic cells,
whereas localized collapse suggested brittleness after
drying [19].

The three magnifications confirmed a multi-scale particle
system. Coarse bean particles provide structural bulk and
flowability, whereas fine microcapsules contribute to rapid
dispersion in water. The satellite morphology reduces the
proportion of loose fines, which may improve handling and
reduce dusting. Evidence of microcapsule integrity suggests
reduced exposure of probiotics to oxygen and humidity, sup-
porting better stability during storage and rehydration [20].
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Fig.4 Changes in L*, a*, and b* 60
values of optimal premix porridge
powder during storage at 4 °C and
27 °C over 28 days. Values repre-
sent mean=+SD (n=3). Significant
differences between storage tem-
peratures at the same time point are
indicated by asterisks (¥*p<0.05,
**p<0.01, *p<0.001)

12

FTIR structural characteristics

The FTIR spectrum (Fig. 6) of the optimized premix pow-
der exhibited characteristic absorption bands associated
with polysaccharide and organic backbone structures. The
overall spectral profile appeared smooth and stable, indicat-
ing uniform composition and minimal baseline distortion.

14 21 28
Storage time (days)

A weak absorption at 3001 cm™! was attributed to aliphatic
C-H stretching, reflecting the presence of hydrocarbon
chains derived from plant proteins or residual lipids in the
wall materials. The preservation of such hydrophobic struc-
tures suggests that spray drying did not cause severe degra-
dation, which may benefit flavor retention and emulsifying
stability [21].
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Fig. 5 SEM micrographs of the
premix porridge powder at differ-
ent magnifications (500 x, 1000 x,
and 5000 x)

n —
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Fig.6 FTIR spectrum of the opti- T
mal premix porridge powder
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In the mid-infrared region, distinct peaks at 1585 cm!
and 1481 cm™! corresponded to C=C stretching and —~CH./
CHs bending vibrations, respectively [22].These signals
confirm the persistence of stable organic carbon backbones,
likely associated with protein and polysaccharide matrix
segments. Their stability implies that thermal or dehydra-
tion-induced condensation reactions were limited, allowing
structural integrity to remain high.

The most intense peak at 1195 cm™! represented C-O—C
stretching, a signature of polysaccharide linkages from
maltodextrin and gum Arabic [23]. Its sharp and strong

@ Springer
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profile suggests a continuous glycosidic network that forms
the main encapsulation framework, contributing to mechan-
ical stability and moisture resistance. The band at 1139
cm!, assigned to P-O—C stretching, indicates the presence
of phosphate-related groups, potentially from phospholipids
or phosphate-bound amino residues [24]. Such interactions
enhance the structural compactness and ionic balance of the
powder matrix.

Lower-frequency peaks at 947 cm™!' and 881 cm™' cor-
respond to B-C-O-C glycosidic and a-C—H vibrations,
respectively [25]. Their coexistence confirms that glycosidic
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bonds remained intact, indicating minimal breakdown of
polysaccharide chains during spray drying [26]. The preser-
vation of B-glycosidic linkages is particularly important for
maintaining the glassy matrix that protects probiotic cells
and stabilizes the powder during storage [27].

X-ray diffraction analysis

Figure 7 shows the X-ray diffraction pattern of the optimized
porridge premix powder. A broad amorphous halo spanning
10°-25° (20) dominated the diffractogram, reflecting the dis-
ordered structural nature of maltodextrin, konjac glucoman-
nan, and cocoa polysaccharides [28]. Such a diffuse hump is
typical for spray-dried carbohydrate matrices, where rapid
moisture removal prevents molecular rearrangement and
suppresses long-range crystallization [29]. The absence of
sharp reflections indicates that the major structural compo-
nents formed a continuous amorphous network rather than
discrete crystalline domains. A small peak at approximately
19-20° (20) was still detectable, which is characteristic of
the residual semi-crystalline lamellae in legume starch [30].
This suggests that a fraction of double-helix crystalline
regions survived thermal gelatinization and shear exposure
during slurry preparation [31]. In the present formulation,
this minor crystalline contribution is expected to improve
viscosity development and contribute to a smooth, cohe-
sive texture during reconstitution [30]. Notably, no dis-
tinct reflections above 30° were observed, confirming the
absence of mineral crystals or thermally stable crystalline
impurities [32]. This is desirable for ready-to-mix powder
products, as excessive crystallinity often reduces solubility
and leads to sedimentation during dispersion. The predomi-
nantly amorphous state of the powder is consistent with its

260 (°)

rapid hydration behavior, high wettability, and homoge-
neous dispersion when dissolved in hot water [33].

From a functional perspective, the amorphous matrix
provides a high-energy, open structural arrangement that
facilitates water penetration and swelling. Meanwhile, the
limited starch crystallinity contributes to controlled thick-
ening, preventing phase separation and maintaining colloi-
dal stability during storage [34]. Together, these structural
features indicate that the optimized formulation achieves a
balance between instant solubility and texture formation,
which is essential for consumer acceptability.

DSC analysis

Figure 8 shows the DSC thermogram of the optimized pre-
mix porridge powder. A distinct endothermic transition was
observed, indicating structural changes of the biopolymer
matrix during heating. The onset of thermal transition began at
31 °C, followed by a pronounced endothermic peak at 113 °C,
and completed around 298 °C. The calculated enthalpy change
(AH=144) reflects the energy required for this thermal event.

This endothermic behavior is commonly associated with
the loss of bound water and disruption of hydrogen bonding
in starch—protein networks formed during processing [35].
The sharp decrease in heat flow near Tp suggests a relatively
ordered structure that required higher thermal energy to dis-
sociate [36]. Similar endothermic peaks have been reported
in spray-dried and extrusion-processed cereal-based sys-
tems, particularly those with significant polysaccharide and
legume-protein interactions [37]. The broad transition range
(31-298 °C) implies a heterogeneous matrix containing
components with different thermal stabilities, which is typi-
cal for multi-ingredient formulations.

@ Springer
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Fig.8 DSC thermogram of opti- 0.2
mized premix porridge powder,
showing the onset temperature
(To), peak temperature (Tp), and
end temperature (Tc) of the main 0r To=31.10
endothermic transition
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The presence of a single dominant thermal event also
indicates that no rapid degradation or crystallinity collapse
occurred below 300 °C, suggesting good thermal stability
for storage and reconstitution. The moderate AH value fur-
ther supports that the powder maintains a stable amorphous
or semi-amorphous state with sufficient molecular mobility
for rehydration, while still resisting thermal degradation.

Sensory evaluation

Figure 9A presents the Principal Component Analysis
(PCA) score plot and loading vectors of sensory attributes
for the four formulations. PC1 and PC2 accounted for 36.4%
and 19.6% of the total variance, respectively, demonstrat-
ing clear sensory differentiation among samples. F1, which
achieved the highest TOPSIS score, was positioned near the
central region of the PCA space, indicating a relatively bal-
anced sensory profile across multiple attributes. This central
positioning is consistent with its role as a compromise solu-
tion optimized simultaneously for protein density, energy
contribution, and formulation cost, rather than being driven
by the maximization of any single sensory attribute.

F2, characterized by the highest protein density, was
clearly separated along the positive PC1 and negative PC2
axes and exhibited strong positive loadings for smoothness
and thickness/viscosity. The elevated protein fraction likely
enhanced mouth-coating and perceived body, explaining
its dominance in texture-related attributes. F3, the most
cost-efficient formulation, shifted toward the positive PC1
region and showed a close association with aroma intensity
and aftertaste intensity, suggesting that cost minimization
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did not substantially impair flavor-related perception. F4,
the most energy-dense formulation, clustered closer to the
center with a mild association toward appearance unifor-
mity, indicating stable reconstitution behavior and visual
consistency.

Figure 9B summarizes the mean sensory scores using a
radar plot. All formulations exhibited similarly high appear-
ance uniformity and negligible acidity perception, indicat-
ing consistent reconstitution stability and the absence of
sour off-notes across samples. F2 and F4 displayed higher
aroma intensity and aftertaste intensity, which can be attrib-
uted to their higher cocoa powder content. However, this
intensification of cocoa-derived notes was accompanied by
lower flavor acceptability scores, likely due to increased
bitterness, highlighting a sensory trade-off between aroma
intensity and overall palatability.

Notably, although F1 achieved the highest flavor accept-
ability score, it exhibited the lowest smoothness score
among the four formulations. This reduced smoothness
can be attributed to formulation composition and particle-
level structural characteristics rather than being a specula-
tive effect. Chickpea-derived powders are known to contain
relatively high levels of insoluble dietary fiber and rigid cell
wall components, which are often retained during milling
and dry fractionation processes. As summarized by Yeasmen
and Orsat [38], chickpea flours and protein ingredients typi-
cally exhibit coarser particle size distributions and strong
cell wall integrity, leading to incomplete hydration of cell
wall polysaccharides and residual cotyledon fragments upon
reconstitution. These structural features have been reported
to increase particulate perception and surface roughness in
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liquid and semi-solid food matrices, such as soups, bever-
ages, and porridge-type systems, particularly when thermal
or mechanical size reduction is limited. Consistent with this
interpretation, the SEM images (Fig. 4) at different mag-
nifications show that the chickpea-rich formulation (F1)
presented irregular flake-like and aggregated particle mor-
phologies, with smaller particles frequently adhering to the
surfaces of larger ones; such hierarchical and heterogeneous
structures are typical of legume powders and are commonly
associated with intact cell wall fragments and complex pro-
tein—polysaccharide matrices.

Implications for sustainable food system design

The findings of this study extend beyond single-formula-
tion optimization and highlight the value of model-driven
strategies in sustainable food system design. By integrating
nutritional performance, cost constraints, and experimental
validation within a unified multi-objective framework, the
proposed approach enables rational decision-making under
realistic formulation conditions. Compared with traditional
response surface methodology, which often requires exten-
sive experimentation for multi-component and constraint-
rich systems, the MOGA-based strategy allows large-scale
in silico screening using model-predicted responses. The
resulting Pareto front explicitly reveals the trade-offs
between nutritional quality and formulation cost, underscor-
ing that improvements in nutritional density do not necessar-
ily coincide with increased economic input. Such trade-off
structures are increasingly recognized as intrinsic to sustain-
able food systems, where health, affordability, and produc-
tion efficiency must be balanced simultaneously [39, 40].

The close agreement between predicted and experimental
values further confirms the practical reliability of the mod-
eling framework. By shifting formulation-space exploration
from laboratory trial-and-error to computational screening
followed by targeted validation, the proposed strategy sub-
stantially reduces experimental time, material consumption,
and overall development cost. This reduction in resource
use while maintaining nutritional adequacy and product
quality directly supports the broader objectives of sustain-
able food production, including improved access to afford-
able, nutrient-dense foods and more responsible use of raw
materials.

In this context, the present work is aligned with key
global sustainability priorities, particularly those related
to food security, public health, and responsible production.
The development of a cost-efficient, nutritionally balanced,
plant-based probiotic premix contributes to improving
dietary quality and accessibility, while the use of optimiza-
tion-driven formulation design enhances resource efficiency
and minimizes unnecessary experimental waste. Notably,
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the robustness of the decision-making process under dif-
ferent stakeholder priorities was further supported by the
weight sensitivity analysis (Table S5), which showed high
consistency in formulation ranking across nutrition- and
cost-oriented scenarios. Together, these outcomes demon-
strate how computational decision frameworks can support
the transition toward more sustainable and resilient food
systems.

Conclusions

This study established a cost-aware, multi-objective opti-
mization framework for the rational formulation of a plant-
based probiotic premix powder under realistic nutritional
constraints. By integrating NSGA-II optimization, inte-
ger-feasible refinement, and TOPSIS ranking, a balanced
formulation was identified and experimentally validated,
showing strong agreement between predicted and measured
nutritional values. The optimized powder maintained pro-
biotic viability above 7 logio CFU/g during 28 days of stor-
age, exhibited a predominantly amorphous structure with
acceptable thermal stability, and achieved favorable sensory
acceptance. Overall, the proposed framework provides a
transparent and transferable strategy for developing nutri-
tionally optimized, economically feasible plant-based pro-
biotic powders.

Supplementary Information The online  version contains
supplementary material available at https://doi.org/10.1007/s11694-0
26-04081-8.
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