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Abstract

Biopreservatives are emerging as a promising alternative to conventional food preservation
methods. However, there is limited empirical evidence integrating validated psychometric
instruments with advanced unsupervised segmentation techniques to identify heteroge-
neous consumer profiles regarding biopreserved chicken consumption. To address these
limitations, self-organizing maps (SOMs) have been widely used as unsupervised learning
tools that reduce dimensionality, preserve topological relationships, and facilitate the visu-
alization of latent structures in multivariate datasets. This study aims to analyze the factors
influencing the acceptance of biopreservation in chicken consumption through a strategic
segmentation based on unsupervised machine learning and behavioral dimensions. This
methodological design enables the capture of behavioral heterogeneity, the identification of
strategic consumption profiles, and the generation of empirical evidence to support future
research and communication strategies related to biopreservation technologies in similar
consumer contexts. In this study, 323 instances were topologically organized into 16 clusters,
grouping individuals with similar behavioral patterns. The descriptive analysis of clusters
revealed highly differentiated consumer profiles in terms of Consumer acceptance, cold
chain practices, and Knowledge of food microorganisms. The high-acceptance exploratory
segment achieved the maximum score (5.00) in knowledge of beneficial microorganisms
(V14), acceptance of their use in chicken preservation (V15), and familiarity with lactic acid
bacteria (V16). The three-dimensional structure identified through Exploratory Factor Anal-
ysis (EFA) not only provided statistical validation of the instrument but also established a
conceptual framework for interpreting the SOM’s topology. From a practical perspective,
the findings highlight the relevance of consumer heterogeneity and suggest that consumer
knowledge may play an important role in the acceptance of biopreservation technologies.
These findings provide useful insights for future studies aimed at understanding the factors
that influence consumer acceptance of biopreservation technologies.

Keywords: poultry; biopreservation; chicken; lactic acid bacteria; consumer acceptance;
purchase experience; psychometric validation; unsupervised learning

Appl. Sci. 2026, 16, 6552

https:/ /doi.org/10.3390/app16136552


https://crossmark.crossref.org/dialog?doi=10.3390/app16136552&domain=pdf&date_stamp=2026-07-01
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0003-4082-4103
https://orcid.org/0000-0003-1783-4776
https://orcid.org/0000-0003-0932-5402
https://orcid.org/0000-0001-6535-1440
https://orcid.org/0000-0001-8476-3352
https://doi.org/10.3390/app16136552

Appl. Sci. 2026, 16, 6552

2 of 20

1. Introduction

Poultry production has consolidated its position as one of the fastest-growing sectors
worldwide, as chicken constitutes a major source of animal protein and accounts for 36.7%
of total global meat production. In 2023, global output reached a record 103.8 million met-
ric tons [1,2]. The United States, Brazil, and China are projected to maintain their leader-
ship in production, with significant contributions from other countries, while México ranks
sixth globally [3,4].

In this high-production context, operational efficiency within the poultry industry is
critical to ensuring food security and economic sustainability. However, inadequate prac-
tices such as cold chain failures, the use of equipment and transportation under suboptimal
hygienic conditions, and improper packaging may lead to serious consequences, includ-
ing economic losses and substantial food waste resulting from food safety breaches [5].
Globally, a significant proportion of food is lost during production, processing, storage,
and distribution, underscoring the need to reduce losses across the food supply chain to
guarantee food security in both quantitative and qualitative terms [6,7]. Consequently, food
spoilage has contributed to food insecurity in various regions worldwide [8].

This challenge is exacerbated by the inherently perishable nature of meat. Perishable
foods are highly susceptible to spoilage due to microbial proliferation and, in the case of
meat, lipid oxidation and autolytic enzymatic activity. These processes cause discoloration,
the development of off-odors and off-flavors, and undesirable alterations in organoleptic
properties such as color, texture, appearance, and taste resulting from metabolites that
compromise suitability for human consumption [9-13]. Chicken meat, due to its high
perishability, is particularly vulnerable to microbiological spoilage, leading to quality
deterioration and financial losses [7,14].

Among spoilage microorganisms, species of the genus Pseudomonas are especially note-
worthy. These ubiquitous Gram-negative rods predominate in aerobically packaged meat
and are widely associated with spoilage and economic losses in the food industry. Certain
strains are capable of growth in a temperature range of 4 to 5 °C [7,15]. Their presence
significantly degrades food quality, leading to consumer rejection and potential damage to
brand reputation [15]. Similarly, members of the Enterobacteriaceae family may constitute
a substantial proportion of the spoilage microflora in refrigerated chicken meat [16,17] and
morphological and physiological traits. It is relevant in food systems due to its role in
spoilage, its potential as a group of foodborne pathogens, and its utility as an indicator of
fecal contamination. It includes genera such as Escherichia, Salmonella, and Shigella, which
are associated with intestinal infections [18,19]. Therefore, controlling foodborne pathogens
in meat and meat products is a major challenge for the industry and may be addressed
through the strategic application of biocompounds or biopreservatives [20].

Climate change and rising ambient temperatures have further intensified the need
to develop technologies that extend chicken shelf life without compromising safety [14].
Consequently, designing effective waste management and reduction strategies is essential for
mitigating these impacts and strengthening the sustainability of the poultry supply chain [21].

In response to these challenges, food technology has evolved toward the development
of non-thermal preservation methods aimed at extending freshness without compromising
nutritional value or sensory properties. These technologies include ultrasound, high-
pressure processing (HPP), ultraviolet (UV) radiation, pulsed electric fields (PEF), cold
plasma (CP), irradiation, and electrolyzed water [22]. Such approaches enable microbial
inactivation and shelf-life extension without the application of heat, thereby minimizing
quality deterioration.

However, their industrial implementation remains challenging due to the high costs
associated with equipment acquisition and maintenance, elevated energy requirements,
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and scalability limitations compared with laboratory-scale applications. Major barriers to
industrial adaptation include continuous-flow processing, ensuring homogeneous treat-
ment in large volumes, compatibility with packaging systems, and regulatory constraints.
Consequently, many small and medium-sized enterprises continue to rely on conventional
preservation methods such as refrigeration [23-26].

In parallel, biopreservation has emerged as a promising alternative. This approach
employs beneficial microorganisms or their metabolites to enhance food safety and extend
product shelf life [20]. In particular, lactic acid bacteria (LAB), which are part of the
natural microbiota of fermented foods and the human gastrointestinal tract [27], have
gained attention as a natural and efficient alternative to conventional preservation methods
because they inhibit pathogenic microorganisms without adversely affecting the sensory
properties of the product. Unlike many non-thermal technologies that exert their effect
only at the time of treatment, LAB can continue to grow and suppress spoilage microbiota
during storage [28-30].

Among the reported applications of biopreservation is the preservation of fresh
meat, where protective cultures have demonstrated the ability to inhibit Listeria mono-
cytogenes, Enterobacteriaceae, Pseudomonas, and Brochothrix thermosphacta [31,32]. Likewise,
metabolites and postbiotics derived from lactic acid bacteria (LAB) have shown posi-
tive effects on raw chicken quality by delaying sensory deterioration, improving odor
and overall acceptability, and reducing the growth of spoilage microorganisms during
refrigerated storage [33-35].

Additionally, these compounds contribute to the instrumental and physicochemical
stability of meat by promoting increased lightness (L*) and the preservation of reddish color
tones (a*), as well as improving textural properties such as water-holding capacity and
meat tenderness [36,37]. From a physicochemical perspective, reductions in lipid oxidation
and enhanced protein stability during storage have also been reported [36,37].

Despite these advances, the widespread implementation of biopreservation faces sev-
eral constraints, including a lack of process standardization that limits large-scale adoption.
Furthermore, regulatory frameworks governing the use of microorganisms and antimicro-
bial compounds vary across countries, hindering the international commercialization of
biopreserved products [38].

The efficacy of biopreservatives may also depend on storage time and temperature,
product pH, and interactions with other food components or members of the food micro-
biota, highlighting the need for continued research to optimize their application [20].

In this context, technical and regulatory barriers are not the only challenges to adoption;
commercial viability also depends on consumer acceptance. Perceptions of naturalness,
safety, and sustainability directly influence purchase intention [39]. Nevertheless, empirical
evidence integrating validated psychometric instruments with advanced unsupervised
segmentation techniques to identify heterogeneous consumer profiles regarding biopreser-
vatives in chicken meat remains limited.

Traditionally, consumer segmentation has relied on partition-based clustering tech-
niques such as K-means. However, determining the optimal number of clusters and
assessing sensitivity to outliers are recognized methodological limitations [40]. To address
these limitations, Self-Organizing Maps (SOMs) have been widely used as unsupervised
learning tools that reduce dimensionality while preserving topological relationships and
facilitating the visualization of latent structures in multivariate datasets [41].

The stochastic SOM projects high-dimensional data onto a two-dimensional grid, en-
abling the identification of similarity regions without imposing distributional assumptions
and maintaining topological coherence among similar observations [41]. This property is
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particularly relevant in behavioral studies, where relationships among variables may be
nonlinear and multidimensional.

Moreover, integrating SOM with K-means in a two-stage approach has been shown to
improve the stability and quality of the resulting segments by combining SOM'’s exploratory
capacity with K-means’ partition consolidation [40]. From a methodological standpoint,
stochastic implementations of SOM—such as those developed in the R environment via the
SOMbrero package (v. 1.5.0)—enable the use of variants tailored to different data structures,
including numerical matrices and relational datasets [42], thereby enhancing the robustness
of unsupervised analyses.

The SOM'’s algorithm works in four phases: (1) initialization, (2) competition, (3) cooper-
ation, and (4) adaptation [43].

In the first stage, each node is assigned a random weight vector. At this stage, the map
has no defined order and there are no visible relationships between the nodes and the data.

In the second stage, a random data point x is selected from the dataset. Then, the distance
(usually the Euclidean distance) between x and the weight vector w of each node is calculated.
The node with the smallest distance is designated as the Best Match Unit (BMU).

BMU = argmin;||x — w;]|

In the third stage, the environment around the BMU is defined. Nodes physically
close to the BMU in the network are strongly influenced by it. Similarly, nodes farther
away are less influenced. The environment’s radius decreases over time, meaning that
at the beginning of training, the map undergoes large global changes, and subsequently,
local details are refined. Finally, in the fourth stage, the adaptation stage, the weights are
updated. Here, the weights of the BMU and its neighbors are updated to more closely
resemble the input vector x. This brings the grid closer to the data points.

wi(t+1) = wi(t) + O, H)a(t) [x(t) — wi(t)]

where «(t) is the learning rate, which decreases over time, and ©(i, t) is the neighbor-
hood function.

In this way, self-organizing maps (SOMs) keep similar data points close together.
If two points are neighbors in a high-dimensional space, they are likely to be neighbors on
the map as well. They are excellent for finding hidden patterns in unlabeled data, which
are often visualized as matrices [41].

In this framework, the present study aims to analyze the determinants of acceptance
of biopreservatives in chicken consumption through a strategic segmentation based on
unsupervised machine learning and behavioral dimensions. This methodological design
enables the capture of behavioral heterogeneity, the identification of strategic consump-
tion profiles, and the generation of empirical evidence to support future research and
commercial implementation strategies in comparable consumer populations.

2. Materials and Methods
2.1. Dataset Description

This study was conducted in Aguascalientes, México, using a cross-sectional survey
administered through Microsoft Windows Forms and distributed via WhatsApp using
convenience sampling. Participants from different socioeconomic backgrounds and age
groups voluntarily responded after providing informed consent. The target population
consisted of adult chicken consumers residing in Aguascalientes, México. Inclusion criteria
required participants to be at least 18 years of age and to report consuming chicken meat.
Responses were excluded if questionnaires were incomplete or contained missing values in
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the variables included in the multivariate analyses. Data collection was conducted between
July 2025 and December 2025. A total of 445 responses were received. After data cleaning
and listwise deletion of incomplete responses, 323 valid questionnaires were retained
for analysis.

The analyzed dataset initially comprised 33 variables. After data cleaning and listwise
deletion of cases with missing values (0.1% in predictor variables and 0.03% in the target
variable), a final sample of 323 valid instances and 16 quantitative variables was obtained
for multivariate analysis and machine learning training. The adequacy of the sample
size was supported by the subject-to-item ratio (N:p), one of the most widely accepted
criteria in psychometrics and sensory analysis. Methodological literature recommends a
minimum ratio of 5:1 and ideally 10:1 for factor analysis and dimensionality reduction
techniques [44]. With 323 observations and 33 variables, the present study achieved a ratio
of 9.78:1, indicating a robust sample structure and ensuring the stability and reproducibility
of the extracted factors. Furthermore, according to the classification proposed by Comrey
and Lee, sample sizes above 300 are considered “good” for multivariate analysis.

The final sample included 236 women, 85 men, and 2 participants who preferred
not to specify their sex. Participants ranged from 18 to 65 years old, with most respon-
dents between 31 and 50 years of age (53.5%). The sample was characterized by a high
educational level, predominantly consisting of participants with higher education (40.2%)
and postgraduate studies (39.0%). Additionally, more than 80% of respondents reported
habitual chicken consumption, mainly between one and four times per week.

2.2. Instrument Design and Validation

The data collection instrument was designed as a structured survey aimed at evaluat-
ing critical dimensions of consumer behavior. Its development was based on the Conceptual
Design Guide of INEGI and the criteria established in the Mexican Standard.

The questionnaire included five-point Likert-scale items (1-5) to assess purchasing
habits, household handling practices, consumer knowledge, and acceptance. All variables
included in the Exploratory Factor Analysis (EFA) were treated as continuous variables,
following common practices in psychometric research for Likert-type scales.

As part of the validation process, content validity was first established through expert
judgment, followed by an Exploratory Factor Analysis (EFA) to assess the underlying
dimensional structure and construct validity of the instrument. Factor extraction was per-
formed using Principal Axis Factoring, given its suitability for identifying latent constructs.
An oblique rotation method (Promax with Kaiser normalization) was applied, allowing
correlations among factors, which is appropriate in consumer behavior studies where latent
dimensions are expected to be interrelated.

The number of factors retained was determined based on three criteria: eigenvalues
greater than 1, inspection of the scree plot, and theoretical interpretability of the factor
solution. Items were retained based on factor loadings of at least 0.40, acceptable commu-
nalities, absence of problematic cross-loadings, and theoretical interpretability. Variables
that failed to meet these criteria were removed through an iterative refinement process
until a stable and interpretable factor structure was obtained.

Sampling adequacy was confirmed using the Kaiser-Meyer—Olkin (KMO) measure
(0.729) and Bartlett’s test of sphericity (x> = 581.727, p < 0.001), indicating that the data
were suitable for factor analysis.

2.3. Strategic Segmentation Using Machine Learning (SOM)

The central methodological contribution of this study lies in applying machine learning
techniques to identify strategic consumer segments, thereby overcoming the limitations of
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traditional descriptive statistical approaches. A Self-Organizing Map (SOM) model was
implemented, which is a type of artificial neural network trained through unsupervised
learning to generate a discretized two-dimensional representation of the data.

To avoid methodological circularity, purchase intention (V17) was excluded from
the Self-Organizing Map (SOM) training phase. The neural network was trained as an
unsupervised model using only the 15 behavioral and knowledge variables (V1 to V16).
V17 was used exclusively as an external, passive variable projected onto the consolidated
clusters after training to assess how the different behavioral profiles intrinsically correlated
with product acceptance. During this phase, the algorithm has no indication of whether
an individual has a high or low purchase intention. Individuals are grouped into the 16
clusters based purely on the homogeneity of their behavioral profiles.

Once the network architecture has stabilized and the meta-cluster has consolidated the
boundaries of the 16 segments, each of the 323 instances (consumers) receives a definitive
label indicating which group it belongs to. Up to this point, the clusters are strictly
behavioral. With the groups now closed and immutable, the original database is revisited,
and the column for variable V17 is reintroduced. Since each consumer is already assigned
to a cluster, variable V17 is automatically segmented into 16 independent subsets of data.
This procedure avoids confirmation bias (circularity). By passively training the SOM with
V17, the acceptance level is achieved because the knowledge and habits profile of this
group organically predicts high technological acceptance.

To assess the statistical robustness of the identified segments, a post-hoc descriptive
analysis of the resulting clusters was performed. For each group discussed, the num-
ber of individuals (n), mean (X), standard deviation (SD), and 95% confidence intervals
were reported.

Additionally, to ensure a comprehensive evaluation of the model, not only was the
Quantization Error (QE) reported, but the Topographic Error (TE) was also calculated
to measure the preservation of neighborhood relationships in the input space on the
two-dimensional grid.

To ensure the stability of the results and eliminate the variability inherent in random
initializations, an initialization based on Principal Component Analysis (PCA) was em-
ployed. This procedure aligns the initial weight vectors with the axes of greatest variance
in the data, guaranteeing reproducible convergence and global topological ordering from
the start of training.

The analysis followed a two-stage methodological design: first, the use of Self Or-
ganized Maps (SOM) for dimensionality reduction and topographic organization of the
323 instances, and second, hierarchical meta-clustering (using Ward's criterion) on the pro-
totype vectors of the 100 nodes. This hybrid approach combines the exploratory capabilities
of SOM with the robustness of traditional partitioning techniques, optimizing the internal
cohesion of the final segments.

The feasibility of clustering for the selected variables was validated using the Kaiser—
Meyer—Olkin (KMO) index and Bartlett’s test of sphericity, ensuring that the data’s correla-
tion structure was suitable for multivariate modeling.

This dimensionality reduction technique employs a neighborhood function to preserve
the topological properties of the input space, operating through iterative phases:

1.  Competition: For each input vector, neurons compete to be the Best Matching Unit

(BMU) based on Euclidean distance.

2. Cooperation: The BMU determines a spatial neighborhood of excited neurons.
3. Adaptation: The excited neurons adjust their weights to reduce distance from the
input vector.

https:/ /doi.org/10.3390/app16136552


https://doi.org/10.3390/app16136552

Appl. Sci. 2026, 16, 6552

7 of 20

This process allows the system to autonomously learn the underlying data structure
and group individuals with similar behavioral profiles into adjacent nodes. The model
was trained using a dataset of 323 instances and 16 quantitative variables, which were
previously standardized to ensure equal statistical weighting across all features. This
step is essential to guarantee unbiased Euclidean distance calculations and stable model
performance. The network architecture and training parameters were configured as follows:

—  Dataset: 323 instances with 16 standardized quantitative variables.

- Grid Size: 10 x 10 hexagonal neurons (100 total nodes).

—  Initialization: Principal Component Analysis (PCA) to ensure global topological order-
ing and optimize convergence.

—  Performance Metric: Quantization Error (QE). An average value of 0.42 was obtained,
indicating high precision in instance assignment.

The PCA and training configuration used for the Self-Organizing Map (SOM) consists
of: Deterministic PCA weight initialization, Learning rate: 0.5, Neighborhood function:
Gaussian, Initial radius (Sigma): 1.5, Training iterations: 1000 (random training), Random
seed: 42, and Map topology: 10 x 10 (100 nodes).

This configuration remained constant throughout the different validation and
visualization stages.

The model architecture uses a Self-Organizing Map (SOM) neural network with a 10 x 10
hexagonal neuron grid, generating an intermediate space of 100 prototype nodes. Performing
a second partitioning stage (meta-clustering) on these 100 weight vectors—instead of directly
on the 323 raw instances—significantly reduces stochastic noise and preserves the multidi-
mensional topological relationships of the data. Reducing the topology from 100 nodes to
16 final clusters represents an optimal balance that condenses the information without over-
simplifying the latent space. The hierarchical meta-clustering was performed using Ward’s
method. Mathematically, this criterion seeks to minimize the increase in total variance within
the clusters (internal inertia) at each merge step. The increase in the sum of squares between
two clusters A and B is defined by the equation:

nan
AI(A,B) = =L my —

where 14 and np represent the masses of the clusters, and m 4, mp their respective centroids.
The selection of 16 clusters corresponds to the optimal cut-off point in the dendrogram where
internal inertia remains controlled; a further reduction would cause a drastic loss of internal
homogeneity (an abrupt jump in the variance accumulation curve), artificially combining
profiles that are theoretically and behaviorally distinct. Data based on psychometric scales
of human behavior exhibit high intrinsic variance compared to purely physical or biological
variables. A smaller number of clusters (such as traditional, 3 or 4 group approaches) tends to
mask highly specific subgroups within the overall averages. To achieve a balance between
homogeneity and size, with 16 groups, we ensure that each cluster has a sufficient sample size
(most have between 12 and 30 samples) for the mean and standard deviation calculations to
be statistically significant. The selection of 16 clusters is statistically supported by the absence
of overlap in their 95% confidence intervals for the key dimensions, demonstrating that they
do not represent random noise, but rather distinct market realities (scientific literacy versus
cultural barriers).

Ward’s method minimizes variance within clusters to preserve topology. By applying it
to the SOM weights, we group neurons that are already similar to each other, ensuring that
the 16 ‘meta-clusters’ represent clearly differentiated consumer profiles. In this way, 16 is a
“sweet spot” that is large enough to reflect market diversity but small enough to make each
cluster actionable. The error level in the SOM was measured by Quantization Error, which
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measures the average distance between each data point and its Best Matching Unit; lower
values indicate better data representation, and Topographic Error measures the proportion of
data points for which the first and second BMUs are not adjacent; lower values indicate better
preservation of the data’s topology.

To validate whether the segmentation is statistically significant, the most appropriate
method is to perform a Kruskal-Wallis test [45]. This test considers the effect size (square
epsilon) and the significance level (p).

With a final sample of 323 valid instances, a partition into 16 segments guarantees an
adequate average sample size per group for performing robust post-hoc descriptive inferences.
The optimal balance is verified between the accuracy of the fit (low quantization error)
and the commercial interpretability of the identified profiles (acceptance, undecided, and
rejection segments).

This work was developed using Python version 3.12.13 (4 March 2026) and R environ-
ment via SOMbrero package version 1.5.0.

3. Results
3.1. Statistical Validation and Reliability of the Instrument

The construct validity of the instrument was assessed through an Exploratory Fac-
tor Analysis (EFA). The adequacy of the data for factor analysis was confirmed by a
Kaiser-Meyer-Olkin (KMO) value of 0.729 and a statistically significant Bartlett’s test of
sphericity (x = 581.727, p < 0.001), indicating that the correlation structure was appropri-
ate for factor extraction.

Factor extraction was performed using Principal Axis Factoring with Promax rotation,
allowing for correlations among latent constructs. The number of factors retained was
determined based on eigenvalues greater than 1, scree plot inspection, and theoretical
interpretability. The analysis yielded a three-factor solution with eigenvalues of 2.765,
1.505, and 1.028, respectively, explaining 66.23% of the total variance. Communality values
ranged from 0.218 to 0.790, indicating an acceptable proportion of shared variance across
the retained items. Items with factor loadings greater than 0.40 were considered significant
and retained in the final solution.

Cross-loadings were examined and resolved based on theoretical coherence, assigning
each item to the factor with the highest conceptual and statistical relevance. Given the use
of an oblique rotation method, factor correlations were analyzed.

The results showed moderate relationships between factors, with correlations ranging
from 0.23 to 0.48, supporting the assumption that the constructs are related but distinct
dimensions of consumer behavior.

The factor structure was interpreted based on the pattern matrix and theoretical
coherence of the items:

e Factor 1 (Knowledge of food microorganisms): This factor groups variables V14, V16,
and V13, which reflect the level of consumer knowledge regarding microorganisms
involved in food preservation. Specifically, it captures awareness of beneficial mi-
croorganisms, familiarity with lactic acid bacteria, and understanding of the role of
microorganisms in food decomposition. This dimension represents a cognitive com-
ponent associated with scientific literacy and knowledge of biopreservation processes.

*  Factor 2 (Cold Chain Management): This factor includes variables V5, V3, and V2,
which are related to consumer practices in handling and storing chicken products. It
reflects behaviors associated with refrigeration, freezing, and preservation practices
at the household level. This dimension represents operational habits that directly
influence food quality and safety after purchase.
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*  Factor 3 (Consumer Acceptance): This factor comprises variables V17 and V15, rep-
resenting the willingness to purchase chicken treated with biopreservatives and the
level of agreement with the use of beneficial microorganisms for preservation. This di-
mension captures the attitudinal component of consumer behavior toward innovative
food technologies.

The complete EFA results, including eigenvalues, communalities, pattern matrix, struc-
ture matrix, factor correlations, and scree plot, are provided in Supplementary Materials for
detailed examination.

The internal consistency of the instrument and its dimensions was assessed using Cron-
bach’s alpha. The overall scale demonstrated acceptable reliability (« = 0.702), supporting
the consistency of the instrument in measuring the underlying constructs. The results are
summarized in Table 1.

Table 1. Factor loadings and Internal consistency (Cronbach’s Alpha).

Factor Items Factor Loading Cronbach’s Alpha («)
Factor 1: V14 0.887
Knowledge of food microorganisms V16 0.761 0.799
V13 0.628
Factor 2: V5 0.743
Cold Chain V3 0.526 0.573
V2 0.453
Factor 3: V17 0.727
Consumer Acceptance V15 0.658 0.647
Overall instrument Alpha: 0.702

At the factor level, the reliability coefficients showed differentiated behavior:

e Factor 1 (Knowledge of food microorganisms): indicating strong internal consistency
and a well-defined construct.

e  Factor 2 (Cold chain management): which, although below the conventional threshold
of 0.70, is acceptable given the limited number of items and the exploratory nature of
the study.

*  Factor 3 (Consumer acceptance): reflecting moderate internal consistency, consistent
with previous research in early-stage construct validation.

These results are consistent with methodological literature, which supports the accept-
ability of Cronbach’s alpha values above 0.50-0.60 in exploratory studies, particularly when
factors are theoretically grounded and contribute meaningfully to explained variance [46].

3.2. Consumer Segmentation and Behavioral Profiles Using SOM

Following the training of the Self-Organizing Map (SOM), the 323 instances were topo-
logically organized into 16 clusters, grouping individuals with similar behavioral patterns.

The final SOM model exhibited a Quantization Error (QE) of 2.21, indicating a precise
fit of the instances to their respective winning units (BMUs). Additionally, the Topographic
Error (TE) was 0.138, a value that confirms satisfactory preservation of the local topology
considering the high dimensionality of the analyzed behavioral variables.

Quantization Error measures the accuracy of the representation. It is the average
distance between each real data point and the weight vector of its winning neuron unit
(BMU). A value of 2.21 indicates how well the map’s prototypes (nodes) represent real
consumers. The lower the value, the more closely the node resembles the group of people it
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represents. On a typical 1-to-5 scale, an error of approximately 2.2 suggests some dispersion
within each node, but the map still manages to capture the overall trends in the data.

Topographic Error measures the preservation of the structure. It is calculated by
looking at what percentage of the data has its first and second winning neurons in non-
adjacent positions on the grid.

The value of 0.1838 (or 18.3%) indicates that 81.7% of the data is mapped consistently,
where similar points in reality are located on neighboring nodes on the map. A low topographic
error ensures that the ‘geography’ of the hexagonal map is reliable. That is, if Cluster 10 (the
one with the highest purchase intent) is close to Cluster 1, it is very likely that the profiles of
those consumers are indeed similar.

In summary, the model has high topographic fidelity (the map is well organized),
although local accuracy (quantization) suggests that there is still natural internal variability
in consumer profiles within each group.

To validate whether the segmentation is statistically significant, a Kruskal-Wallis
test [45] was applied. This non-parametric test will determine if at least one of the clusters
is significantly different from the others.

The p-value obtained is extremely small (2.74 x 10~!3), which confirms that the differ-
ences in purchase intention (V17) between the clusters are not due to chance. The Size of
effect 2 = 0.29 indicates a medium-to-high effect size. This means that cluster membership
explains approximately 29% of the variability in purchase intention.

Post-hoc Comparisons (Dunn) were applied, allowing us to confirm, when comparing
Cluster 10 (the high-potential group) with the others, that it is significantly different (supe-
rior) to the other clusters. This validates that the segmentation performed differentiates
consumption behaviors in the database.

To graphically clarify the reason for selecting 16 clusters, a dendrogram was generated
using Ward’s method applied to the 100 weights (nodes) of the SOM. As shown in Figure 1,
this graph allows visualization of how the nodes are grouped to form the 16 final segments,
based on the similarity of their consumer profiles.

Dendrogram for SOM Meta-Clustering (Ward Method)

=== Cut-off for 16 clusters

Distance (Ward)

SOM Node Index (0-99)

Figure 1. Dendrogram generated using Ward’s method applied to the SOM node weights for
hierarchical meta-clustering. The x—axis represents the instances (surveyed individuals), and the
y—axis shows the distance between them.

The cut line (colored red) in the dendrogram represents the Ward distance value
required to reduce the original 100 nodes to exactly 16 clusters. It measures the increase in
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the sum of squares within the clusters when they are combined. A higher cut line would
allow for the merging of more heterogeneous groups (fewer clusters).

In the current model, the line is located at Z[—16, 2], which represents the height
(distance) on the Y-axis of the dendrogram corresponding to the 16th to the last combination.
Drawing a horizontal line at this height visually defines the cut line that separates the data
into exactly 16 segments.

In the context of the Z link matrix (calculated using Ward’s method), Z[—16, 2] retrieves
the cluster merge history, and therefore represents the following:

¢  Z (Link Matrix): This matrix stores the cluster merge history. Each row represents a
merge, and the third column (index 2) contains the distance between the two clusters
being merged.

e [-16] (Row Index): Negative indexing counts from the end. Since the last merge
(joining the last two clusters) is in Z[—1], Z[—16] refers to the step where the algorithm
decided how to further reduce the data when exactly 16 clusters remained.

e [2] (Column Index): Selects the distance value at which that specific merge occurred.

The topology of SOM is shown graphically below, by means of Figure 2, which
represents a 10 x 10 self-organizing map where each hexagon (node) groups consumers
with similar behavioral patterns. The map uses a hexagonal topology to preserve spatial
relationships between different segments more effectively than a square grid. Each cell
is labeled with a cluster ID (C1 to C16), corresponding to the 16 metaclusters identified
through hierarchical clustering. The decimal number within each cell represents the average
purchase intent (V17) for the samples assigned to that specific node. A color-coding system
(traffic light system) has been assigned to clarify the interpretation of purchase intention.

SOM: Purchase Intention Levels (Clusters 1-16)

V17 Level
Low (1.0 - 2.3)
- Medium (2.4 - 3.6)
‘ High (3.7 - 5.0)

Figure 2. SOM hexagonal map with color scale representing Intention Levels (V17).

The spatial topology is also significant; physically close nodes on the map share
similar characteristics. Empty white nodes represent neutral areas where specific consumer
samples from the dataset were not mapped during training.
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Thus, the map segregates the population: high-value clusters (such as the green nodes
associated with Cluster 10 or Cluster 1) are concentrated in specific regions, allowing for
the development of targeted marketing strategies based on the specific characteristics of
those areas. The color thresholds used to interpret the target variable are summarized
in Table 2.

Table 2. Interpretation criteria and color coding used for purchase intention (V17) levels in the
SOM visualization.

Color V17 Level Interpretation

Represents the consumer segments with the highest

Green High (>3.7) probability of purchase. These are the “star” clusters.

Segments with moderate intent. They could be persuaded

Yellow  Medium (2.4-3.6) with promotions or product adjustments.

Groups that show little or no interest in purchasing the

Red Low (<23) product based on the analyzed variables.

The descriptive analysis of the clusters revealed highly differentiated consumer pro-
files. Table 3 summarizes the count, mean, and standard deviation for each of the 16 clusters
based on variable V17 as a passive variable. For each of the clusters, aggregate descriptive
statistics of this latent variable are calculated:

*  Mean (): The average purchase willingness of that specific group.

*  Standard Deviation (¢): The level of internal consensus of the response within the group.

*  Confidence Intervals (95%): The statistical ease to verify that the groups really differ
from each other in their purchase intention.

Table 3. Cluster analysis results (V17 projection)

Cluster Count Mean Std. Dew. CI Lower (95%) CI Upper (95%)
1 30 3.10 1.12 2.68 3.52
2 19 3.26 141 2.58 3.94
3 28 1.46 0.74 1.18 1.75
4 26 1.46 0.76 1.15 1.77
5 16 2.69 1.35 1.97 3.41
6 20 1.65 1.04 1.16 2.14
7 22 1.59 091 1.19 1.99
8 19 1.74 0.87 1.32 2.16
9 15 1.93 1.22 1.26 2.61
10 18 3.56 1.29 291 4.20
11 14 1.93 1.21 1.23 2.63
12 16 1.56 1.09 0.98 2.15
13 21 1.71 0.96 1.28 2.15
14 26 212 1.11 1.67 2.56
15 19 1.53 0.84 1.12 1.93
16 12 1.42 0.67 0.99 1.84

In order to analyze whether the proposed clusters correctly segment the database,
Silhouette score was calculated. The silhouette analysis for the 16-cluster solution yielded
an average silhouette score of 0.1958, with the cluster-level values summarized in Table 4.
The differences in Silhouette values have a direct impact on the reliability and strategic use
of each segment.

Highly Reliable Segments (e.g., Clusters 1 and 10) are those with Silhouette values
close to 0.30-0.35; these groups are the purest. Strategic decisions made for these clusters
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(such as those with high purchase intent) carry less risk, since the consumers within them
behave very similarly to each other and are quite distinct from others.

Table 4. Silhouette analysis for the 16-cluster solution.

Cluster Silhouette
1 0.080159
2 0.122868
3 0.220909
4 0.181423
5 0.103457
6 0.191287
7 0.162393
8 0.203996
9 0.347237
10 0.298656
11 0.252787
12 0.264552
13 0.154147
14 0.170215
15 0.223511
16 0.282592

Transition segments (e.g., Cluster 1), with a low value (0.08), indicate that this group
is on the border between several profiles. This means that customers in Cluster 1 could
respond unpredictably or easily migrate to other segments. These groups require closer
monitoring or a more flexible offering.

The fact that the average is 0.19 confirms that segmentation is useful but that the
market is a continuum. Instead of completely isolated groups, the data set contains groups
with characteristics that gradually transform, which is common in human behavior data.

The hierarchical meta-clustering solution yielded a Calinski-Harabasz (CH) index—or
Variance Ratio Criterion—of 13.22. In unsupervised machine learning applied to consumer
psychology and behavioral sciences, absolute CH values tend to be lower than those
observed in physical or geometric datasets. This is attributed to the inherent psychometric
noise and continuous nature of human behavioral data, where consumer attitudes exist
along a spectrum rather than as perfectly isolated entities.

The formula for the CH index is defined as follows:

Tr(Bk)/(k — 1)

CH= 5w/ (n =0

where Tr(By) and Tr(W;) represent the trace of the between-cluster and within-cluster
scatter matrices, respectively, for k clusters and n instances. Because our model prioritizes
a granular, high-resolution segmentation (k = 16), the denominator (k — 1) naturally
decreases the absolute index score. However, a CH index of 13.22, coupled with the highly
significant Kruskal-Wallis test (p < 0.001,¢? = 0.29) and a positive average Silhouette score
(0.19), confirms that the 16-cluster partition successfully captures mathematically valid and
strategically meaningful transitions across a complex consumer continuum.

Together with the Silhouette value (0.19), the CH index confirms that the clusters are
not isolated (they are not ‘clouds’ separated by emptiness), but are part of a continuous
map of consumers where the boundaries are subtle but statistically valid.

Based on the statistical results obtained (Table 3), the clusters with the highest ac-
ceptance (Purchase Intention V17) can be presented based on two criteria. Cluster 10
(High-Acceptance Exploratory Segment) has the highest mean (3.56). Although its count is
moderate (18 people), its Confidence Interval [2.91, 4.20] indicates that even in the most
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pessimistic scenario, its acceptance is higher than most of the other groups. It represents the
segment with the highest observed purchase intention within the study sample. Cluster 2
(moderate-to-high acceptance segment) has a mean of 3.26. What makes it attractive is its
upper limit of the CI (3.94), suggesting that there are individuals with very high purchase
intention in this group, although its standard deviation (1.41) indicates greater heterogene-
ity than other groups. Cluster 1 (Consistency) has a mean of 3.10 and the highest count
among the top groups (30 people), offering the most stable volume. Its standard deviation
(1.12) is lower than that of Cluster 2, making it a more predictable segment.

Therefore, it can be summarized that Cluster 10 is statistically superior to the low-
acceptance clusters (such as 16, 4, or 3), since their confidence intervals do not overlap.
Therefore, if volume is the goal, Cluster 1 exhibited the largest number of consumers among
the higher-acceptance groups, whereas Cluster 10 showed the highest mean purchase
intention score.

To complete the statistical profile of the consumer segments, Figure 3 presents a
comparative bar chart showing the average purchase intent (V17) for each group. The 95%
confidence intervals are included as error bars to clarify the statistical significance of
each group.

4.0
35
3.0
25
2.0
15
1.0
0.5
0.0
10 2

Figure 3. Average purchase intention (V17) by consumer cluster with 95% confidence intervals.

Average Purchase Intention (V17) by Cluster with 95% ClI

5 14 9 1 8 13 6 7 12 15 3 4 16

Cluster ID

Mean V17 Score

At the top level (Groups 10, 2, 1), bars clearly stand out due to their higher scores.
The error bars (confidence intervals) for these groups are higher than those of the others,
confirming their higher purchase intention scores. While Group 10 has the highest mean,
its error bar is slightly wider than that of Group 1, which has more samples and, therefore,
a more stable (narrower) interval. A large number of clusters (such as 16, 4, 3, and 15) are
grouped at the bottom of the chart with means below 2.0, representing the segments with
the lowest purchase intent.

Additionally, purchase intention (V17) is correlated with the other variables in the dataset
to understand which specific factors or behaviors most strongly drive consumer interest.

Pearson’s linear correlation analysis reveals which factors are most associated with
Purchase Intention (V17). The most relevant findings are based on the degree of correlation
between variables, as shown in Figure 4.

*  Strong Positive Correlations: V15 (0.67) has the greatest influence. There is a strong,
positive linear relationship; as V15 increases, purchase intention increases significantly.

* V14 (0.47) has a moderate-to-high correlation, making it the second most important
driver of purchase intention.
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*  Weak Correlations: Variables such as V16 (0.22), V13 (0.19), and V5 (0.16) show a positive
but much more subtle influence.

®  Variables such as V2, V1, and V4 have practically no linear relationship with purchase
intention (values close to 0).

*  Negative Correlations: V7 (—0.12) is the only variable with a perceptible negative
correlation, suggesting that high levels in V7 might be slightly associated with lower
purchase intention.

To increase purchase intention (V17), V15 and V14 were identified as the variables most
strongly associated with purchase intention in this dataset on optimizing or incentivizing
the aspects measured by V15 and V14, as these are the most robust predictors in this dataset.

Correlation of V17 (Purchase Intention) with Active Variables
V17
V15
V14
V16
V13

V5

V3

Variables

Ve

V2

V1

V4

V12
V6

V7

0.0 0.2 0.4 0.6 0.8 1.0
Pearson Correlation Coefficient

Figure 4. Pearson correlation coefficients between purchase intention (V17) and the behavioral
variables analyzed in the study.

This group is characterized by a lack of perceived knowledge, with very low scores in
awareness of beneficial microorganisms (V14 = 1.20) and familiarity with lactic acid bacteria
(V16 = 1.40). In addition, they exhibit inadequate household practices that compromise
food safety, including a strong tendency toward cross-contamination, such as washing raw
chicken before cooking (V12 = 4.60). These findings suggest that both knowledge gaps and
entrenched cultural practices act as significant barriers to the acceptance of technology.

3.3. Intermediate Segments and Market Opportunities

Beyond the extreme clusters, the SOM analysis identified intermediate segments rep-
resenting potential market opportunities, particularly clusters G12 and G8, which exhibited
moderate or uncertain purchase intention (V17 = 3.10 and 3.30, respectively). Consumers
in these segments demonstrate strong purchasing and handling behaviors, including a
preference for refrigerated chicken (V2 = 4.80) and consistent verification of expiration dates
(V9 =5.00). However, despite these favorable practices, they display limited knowledge
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of biopreservation, with low awareness of lactic acid bacteria (V16 = 1.21) and minimal
understanding of the role of beneficial microorganisms (V14 = 1.89).

3.4. Behavioral Pattern Analysis Across Clusters

The cluster analysis revealed consistent patterns in consumer habits and percep-
tions. Variables V17, V15, V14, and V16 were identified as the highest-rated across the
selected groups, corresponding to product disposal due to quality concerns, expiration
date verification, and knowledge and acceptance of beneficial microorganisms. Conversely,
the lowest-rated variables were V6, V12, and V4, indicating low preference for frozen
chicken and a relatively low frequency of encountering spoiled or visibly damaged prod-
ucts among respondents. The complete set of quantitative variables used for SOM training
and cluster characterization is presented in Table 5.

Table 5. Description of the quantitative variables used in the study.

Code Variable Description
V1 Importance of chicken cost in the purchase decision.
V2 Preference for refrigerated chicken at the time of purchase.
V3 Preference for frozen chicken at the time of purchase.
V4 Storage of chicken in the refrigerator upon arriving home.
V5 Storage of chicken in the freezer upon arriving home.
V6 Experience of having purchased spoiled chicken.
V7 Discards chicken if the expected quality is not perceived.
V8 Identification of visible lesions on the purchased chicken.
V9 Frequency of checking or asking for the expiration date.
Vi1 Concern about purchasing products without a TIF (Federal Inspection Type) seal.
Vi2 Practice of rinsing chicken with water before cooking.
V13 Knowledge that microorganisms influence fresh chicken decomposition.
Vi4 Knowledge of “good” microorganisms that help preserve food.
V15 Agreement with using “good” microorganisms to preserve chicken.
V16 Awareness of Lactic Acid Bacteria (LAB) as natural preservatives.
V17 Willingness to buy chicken treated with LAB for enhanced freshness and safety.

Note: The variables were measured using a five-point Likert scale (1-5), where higher values indicated greater
agreement, frequency, preference, concern, or perceived knowledge depending on the item.

4. Discussion
4.1. Synergy Between Theoretical Factors and Machine Learning

The three-dimensional structure identified through Exploratory Factor Analysis (EFA)
not only provided statistical validation of the instrument but also established a conceptual
framework for interpreting the topology of the Self-Organizing Map (SOM).

The three-factor structure identified through EFA provides a robust conceptual frame-
work that supports the interpretation of the SOM-based segmentation.

The overall internal consistency obtained (a = 0.702) supports that these dimensions
adequately capture the complexity of consumer behavior.

According to [41], stochastic variants of SOM enable the visualization of high-
dimensional data while preserving its topological structure. In this study, the findings
suggest that consumer acceptance is strongly associated with knowledge of food microor-
ganisms and biopreservation processes. This highlights the role of scientific literacy as a
key driver of trust in emerging food technologies [20].

4.2. From Traditional Statistics to Machine Learning

The application of SOM-based clustering allowed us to overcome key limitations of
conventional descriptive statistical approaches. As noted by [40], SOM-based segmentation
is more effective than traditional partitioning methods because it enables the identification
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of highly specific behavioral subgroups that are often masked in global averages. This
methodological advantage enabled the identification of cluster G16 as a low-acceptance
exploratory segment strongly associated with low levels of scientific literacy. These findings
are consistent with previous research highlighting the role of consumer perceptions in
shaping attitudes toward food technologies [39]. Conversely, the identification of the high-
acceptance exploratory segment (Cluster 10) revealed that attributes such as freshness and
Knowledge of food microorganisms outweigh price considerations as primary determinants
of purchase intention. This insight is particularly relevant in the context of global food
security challenges, where consumer trust in product quality becomes a critical factor for
market resilience [2].

These findings are consistent with the factor structure, particularly the role of knowl-
edge (Factor 1) and behavioral practices (Factor 2) in shaping consumer segmentation.

Unlike traditional statistical approaches based on global averages, SOM-based segmen-
tation captures the behavioral heterogeneity of consumers and preserves the topological
structure of multidimensional data. This allows the identification of distinct acceptance
profiles that would otherwise remain hidden within aggregated statistics, providing deeper
insights into the relationship between microbiological knowledge, consumer perceptions,
and willingness to adopt biopreservation technologies.

4.3. Opportunity Segments and Cultural Barriers

The analysis also identified intermediate segments, such as clusters G12 and G8,
representing consumers with moderate or uncertain purchase intention. These individuals
exhibit strong cold chain management practices but show low acceptance of biopreservation
technologies, primarily due to a lack of technical knowledge. This finding suggests that
resistance to innovation is not necessarily driven by negative attitudes, but rather by
informational gaps. Therefore, these segments represent a potential group for further
validation for targeted educational interventions. On the other hand, the behavioral
patterns observed in cluster 10 indicate the presence of deeply rooted cultural practices
that may hinder food safety and the adoption of technology. For instance, the frequent
practice of washing raw chicken (V12 = 4.60) reflects misconceptions about hygiene that
may increase the risk of cross-contamination. As highlighted by [8], improper domestic
handling practices are among the weakest links in the food safety chain, reinforcing the
idea that consumer education is essential not only for technology adoption but also for
risk mitigation.

4.4. Implications for Commercial Implementation

From a practical perspective, the findings suggest that from a practical perspective,
consumer heterogeneity may be relevant when exploring future communication and market
positioning strategies for biopreservatives in the meat industry. Successful implementation
requires consumer education efforts that clearly communicate the role of lactic acid bacteria
as beneficial microorganisms capable of inhibiting common spoilage agents such as Pseu-
domonas spp., which are responsible for enzymatic and sensory deterioration in refrigerated
meat products [7,15].

The identified factors provide actionable dimensions for designing targeted commu-
nication strategies, particularly by strengthening consumer knowledge of biopreservation
mechanisms.

Furthermore, informative labeling that emphasizes freshness and biopreservation-
related knowledge (Factor 1) is a promising approach for building trust among undecided
consumers. Positioning biopreservation as a natural and safe technology may facilitate its
acceptance, particularly among consumers already concerned with product quality.
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The consumer segments identified in this study should be interpreted as exploratory
profiles derived from the analyzed sample. Further validation using larger and more
diverse consumer populations is required before generalizing these findings or deriving
market-wide commercial recommendations. Nevertheless, the results provide useful
insights for generating hypotheses regarding the factors that may influence consumer
acceptance of biopreservation technologies.

Consumer interest in emerging technologies in poultry production increases when
these are associated with sustainability, safety, and health benefits. Other authors reported
that 83.7% of consumers were willing to purchase chicken produced using innovative
technologies, and that this acceptance was influenced by factors such as educational level,
sustainability beliefs, and prior consumer knowledge, highlighting the importance of
consumer perception in the adoption of emerging strategies [47], such as the biopreservation
approach proposed in the present study:.

A limitation of the present study is that the sample was obtained through convenience
sampling in a single Mexican city. Therefore, the identified consumer profiles should
not be considered representative of the Mexican population or of emerging markets as
a whole. Future studies involving probabilistic sampling strategies and geographically
diverse populations are needed to evaluate the generalizability of the findings.

Supplementary Materials: The following supporting information can be downloaded at:
https:/ /www.mdpi.com/article/10.3390/app16136552/s1; Table S1. Total variance explained ob-
tained through Principal Axis Factoring. Table S2. Communalities of the variables retained in the
Exploratory Factor Analysis. Table S3. Pattern matrix obtained after Promax rotation with Kaiser
normalization. Table S4. Structure matrix showing factor loadings and factor-variable relationships.
Table S5. Factor correlation matrix obtained from the oblique rotation procedure. Figure S1. Screen
plot used to determine the number of factors retained in the Exploratory Factor Analysis.

Author Contributions: Conceptualization, ].D.-S., C.C.-A., N.A.C.V,, AM.-V. and L.C.H.-L.; methodology,
J.D.S., C.C.-A, N.AC.V, AM.-V. and L.C.H.-L,; software, ].D.-S., C.C.-A., N.A.C.V,, AM.-V. and L.CH.-L.;
validation, ].D.-S., C.C-A., N.A.C.V,, AM.-V. and L.C.H.-L,; formal analysis, ].D.-S., C.C-A, N.A.C.V,,
AM.-V.and L.C.H.-L,; investigation, ].D.-S., C.C.-A, N.A.C.V,, AM.-V. and L.C.H.-L,; resources, ].D.-S.,
C.C-A,N.A.CV, AM.-V. and L.C.H.-L.; data curation, ].D.-S., C.C.-A., N.A.C.V,, AM.-V. and L.CH.-L,;
writing—original draft preparation, J.D.-S., C.C.-A,, N.A.C.V,, AM.-V. and L.C.H.-L.; writing—review and
editing, ].D.-S., C.C.-A.,, N.A.C.V,, AM.-V. and L.CH.-L,; visualization, ].D.-S,, C.C.-A, N.A.C.V,, AM.-V.
and L.C.H.-L.; supervision, ].D.-S.,, C.C.-A,, N.A.C.V,, AM.-V. and L.C.H.-L.; project administration, ].D.-S.,
C.C-A,N.ACV, AM-V. and L.C.H.-L. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki, and approved by the Institutional Review Board of Universidad Panamericana (Protocol
Code: ING-DNA-01-2025-2027, approved on 15 January 2025).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The raw data supporting the conclusions of this article will be made
available by the authors on request.

Acknowledgments: During the preparation of this manuscript/study, the authors used chat gpt
During the preparation of this manuscript, the authors used ChatGPT (OpenAl, San Francisco, CA,
USA; https://chatgpt.com/, accessed on 10 June 2026) for translation purposes. The authors also
used Grammarly (Grammarly Inc., San Francisco, CA, USA; https://www.grammarly.com/, accessed
on 10 June 2026) for grammar and language editing. The authors reviewed and edited all outputs
generated by these tools and take full responsibility for the content of this publication.

https:/ /doi.org/10.3390/app16136552


https://www.mdpi.com/article/10.3390/app16136552/s1
https://chatgpt.com/
https://www.grammarly.com/
https://doi.org/10.3390/app16136552

Appl. Sci. 2026, 16, 6552 19 of 20

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. FAO. Produccién, Puerta de Entrada a la Produccién y los Productos aviColas; Organizacién de las Naciones Unidas para la Alimentacién y
la Agricultura: Rome, Italy, 2023.

2. Abbas, A.O.; Nassar, ES.; Al Ali, A M. Challenges of ensuring sustainable poultry meat production and economic resilience
under climate change for achieving sustainable food security. Res. World Agric. Econ. 2025, 6, 159-171. [CrossRef]

3.  Consejo Mexicano de la Carne. Compendio Estadistico 2021; Technical Report; Consejo Mexicano de la Carne: Ciudad de México,
México, 2021.

4. Uzundumlu, A.S,; Dilli, M. Estimando a produgédo de carne de frango em paises lideres para os anos 2019-2025. Cienc. Rural
2023, 53, €20210477.

5. Zapata Gallego, S. Mejorar la Aplicacién de las BPM en la Manipulacién de Alimentos Carnicos en Pollo. Bachelor’s Thesis ,
Instituciéon Universitaria Pascual Bravo, Medellin, Colombia, 2017.

6. Chauhan, C.; Dhir, A.; Akram, M.U.; Salo, J. Food loss and waste in food supply chains. A systematic literature review and
framework development approach. . Clean. Prod. 2021, 295, 126438. [CrossRef]

7. Alexandre, M.A.d.S.; Santana, T.N.d.; Pena, L.A.; Duarte, A.M.; dos Santos, L.C.; Alves, S.].F.; Dias, R.M.; Oliveira, A.V.d.A.;
Machado, S.G.; Eller, M.R. A comprehensive review on the prevalence and issues caused by Pseudomonas spp. in food. Food Control
2025, 177,111428. [CrossRef]

8. Odeyemi, O.A.; Alegbeleye, O.O.; Strateva, M.; Stratev, D. Understanding spoilage microbial community and spoilage mechanisms
in foods of animal origin. Compr. Rev. Food Sci. Food Saf. 2020, 19, 311-331. [CrossRef] [PubMed]

9. Biswas, O.; Kandasamy, P; Patnaik, S.; Lorenzo, ].M.; Das, A K. Effect of phytochemicals on quality and safety aspects of meat
and meat products. Indian |. Anim. Health 2021, 60, 97-108. [CrossRef]

10. Marecelli, V.; Osimani, A.; Aquilanti, L. Research progress in the use of lactic acid bacteria as natural biopreservatives against
Pseudomonas spp. in meat and meat products: A review. Food Res. Int. 2024, 196, 115129. [CrossRef] [PubMed]

11. Moura-Alves, M,; Esteves, A.; Cirfaco, M.; Silva, J.A.; Saraiva, C. Antimicrobial and antioxidant edible films and coatings in the
shelf-life improvement of chicken meat. Foods 2023, 12, 2308. [CrossRef] [PubMed]

12.  Sakaridis, I. Study of the Prevalence of Salmonella spp. and Listeria monocytogenes in Chicken Carcasses; Technical Report;
Aristotle University of Thessaloniki: Thessaloniki, Greece, 2014.

13.  Sivarajan, M.; Lalithapriya, U.; Mariajenita, P.; Vajiha, B.A.; Harini, K.; Madhushalini, D.; Sukumar, M. Synergistic effect of spice
extracts and modified atmospheric packaging towards non-thermal preservation of chicken meat under refrigerated storage.
Poult. Sci. 2021, 96, 2839-2844.

14. Cha, H,; Liang, S.; Shi, K.; Xu, Z.; Ge, C.; Zhao, P,; Xiao, Z. Effect of modified atmosphere packaging on the quality characteristics
and bacterial community succession of super-chilled chicken meat in biopreservation. LWT 2023, 189, 115547. [CrossRef]

15. Caldera, L.; Franzetti, L.V,; Van Coillie, E.; De Vos, P.; Stragier, P.; De Block, J.; Heyndrickx, M. Identification, enzymatic
spoilage characterization and proteolytic activity quantification of Pseudomonas spp. isolated from different foods. Food Microbiol.
2016, 54, 142-153. [CrossRef]

16. Javaherzadeh, R.; Bafroee, A.S.T.; Kanjari, A. Preservation effect of Polylophium involucratum essential oil incorporated poly
lactic acid /nanochitosan composite film on shelf life and sensory properties of chicken fillets at refrigeration temperature. LWT
2020, 118, 108783.

17.  Salimiraad, S.; Safaeian, S.; Basti, A.A.; Khanjari, A.; Nadoushan, RM. Characterization of novel probiotic nanocomposite films
based on nano chitosan/nano cellulose/gelatin for the preservation of fresh chicken fillets. LWT 2022, 162, 113429.

18. Anand, SK.; Griffiths, M.W. Pathogens in Milk | Enterobacteriaceae. In Encyclopedia of Dairy Sciences; Academic Press:
Oxford, UK, 2011.

19. Pellissery, A.].; Vinayamohan, P.G.; Amalaradjou, M.A.R.; Venkitanarayanan, K. Spoilage bacteria and meat quality. In Meat
Quality Analysis; Elsevier: Amsterdam, The Netherlands, 2020; pp. 307-334.

20. Barcenilla, C.; Ducic, M.; Lépez, M.; Prieto, M.; Alvarez-Ordéfiez, A. Application of lactic acid bacteria for the biopreservation of
meat products: A systematic review. Meat Sci. 2022, 183, 108661. [CrossRef] [PubMed]

21. Azmi, S.; Suprihatin; Indrasti, N.S.; Romli, M. The Assessment of Environmental Impact of the Chicken Meat Agroindustry in
Indonesia: Life Cycle Assessment (LCA) Perspective. Trop. Anim. Sci. . 2023, 46, 249-260. [CrossRef]

22. Liao, X,; Liu, D.; Xiang, Q.; Ahn, J.; Chen, S.; Ye, X.; Ding, T. Inactivation mechanisms of non-thermal plasma on microbes:
A review. Food Control 2017, 75, 83-91. [CrossRef]

23. Sawale, P; Patil, P,; Singh, A.; Xavier, J.; Kumar, P; Dutta, D. Non-thermal techniques for microbiological safety, nutritional
preservation, and enhanced efficiency in dairy processing. Funct. Food Sci. 2024, 4, 180-203. [CrossRef]

24. Saputra, A ; Triandita, N.; Faridah; Yermia. Non-Thermal Technologies in Beverage Processing: Advances in Quality Preservation,

Safety, and Sustainability—An Updated Review. Food Rev. Int. 2026, 4658-4683. [CrossRef]

https:/ /doi.org/10.3390/app16136552


http://dx.doi.org/10.36956/rwae.v6i1.1441
http://dx.doi.org/10.1016/j.jclepro.2021.126438
http://dx.doi.org/10.1016/j.foodcont.2025.111428
http://dx.doi.org/10.1111/1541-4337.12526
http://www.ncbi.nlm.nih.gov/pubmed/33325162
http://dx.doi.org/10.36062/ijah.2021.spl.02921
http://dx.doi.org/10.1016/j.foodres.2024.115129
http://www.ncbi.nlm.nih.gov/pubmed/39614524
http://dx.doi.org/10.3390/foods12122308
http://www.ncbi.nlm.nih.gov/pubmed/38002134
http://dx.doi.org/10.1016/j.lwt.2023.115547
http://dx.doi.org/10.1016/j.fm.2015.10.004
http://dx.doi.org/10.1016/j.meatsci.2021.108661
http://www.ncbi.nlm.nih.gov/pubmed/34467880
http://dx.doi.org/10.5398/tasj.2023.46.2.249
http://dx.doi.org/10.1016/j.foodcont.2016.12.021
http://dx.doi.org/10.31989/ffs.v4i5.1326
http://dx.doi.org/10.1080/87559129.2026.2634736
https://doi.org/10.3390/app16136552

Appl. Sci. 2026, 16, 6552 20 of 20

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.
47.

Souza, FE.B.; Rodrigues, S.; Fonteles, T.V. Non-Thermal Technologies in Food Fermentation: Mechanisms, Benefits, and Industrial
Perspectives for Sustainable Development. Processes 2025, 13, 2988. [CrossRef]

Subrahmanyam, K.; Gul, K.; Sehrawat, R.; Tiwari, B.K.; Sahoo, S. Cold plasma-mediated inactivation of microorganisms for the
shelf-life extension of animal-based foods: Efficiency, mechanism of inactivation, and impact on quality attributes. Food Control
2024, 162, 110464.

Oppegard, C.; Rogne, P.; Emanuelsen, L.; Kristiansen, P.E.; Fimland, G.; Nissen-Meyer, J. The two-peptide class II bacteriocins:
Structure, production, and mode of action. J. Mol. Microbiol. Biotechnol. 2007, 13, 210-219. [CrossRef] [PubMed]

Barcenilla, C.; Puente, A.; Cobo-Diaz, J.F,; Alexa, E.A.; Garcia-Gutierrez, E.; O’Connor, PM.; Cotter, P.D.; Gonzalez-Raurich,
M.; Lopez, M.; Prieto, M.; et al. Selection of lactic acid bacteria as biopreservation agents and optimization of their mode of
application for the control of Listeria monocytogenes in ready-to-eat cooked meat products. Int. J. Food Microbiol. 2023, 403, 110341.
[PubMed]

Ockerman, HW.; Basu, L. Muscle Foods: Meat, Poultry and Seafood Technology; CRC Press: Boca Raton, FL, USA, 2014.

Yost, B.A. Poultry Processing Technology; Pearson: London, UK, 2014.

Ben Braiek, O.; Smaoui, S.; Ennouri, K.; Ben Ayed, R.; Hani, K.; Mastouri, M.; Ghrairi, T. In situ Listeria monocytogenes biocontrol
and sensory attributes enhancement in raw beef meat by Enterococcus lactis. ]. Food Process. Preserv. 2020, 44, €14633. [CrossRef]
Xu, M.M.; Kaur, M,; Pillidge, C.J.; Torley, P.J. Microbial biopreservatives for controlling the spoilage of beef and lamb meat: Their
application and effects on meat quality. Crit. Rev. Food Sci. Nutr. 2022, 62, 4571-4592. [PubMed]

Zhang, L.; Said, L.B.; Diarra, M.S,; Fliss, I. Effects of bacterial-derived antimicrobial solutions on shelf-life, microbiota and sensory
attributes of raw chicken legs under refrigerated storage condition. Int. J. Food Microbiol. 2022, 383, 109958. [PubMed]

Gogmez, E.B.; Ilhak, O.1. Effect of marination with bioprotective culture-containing marinade on Salmonella spp. and Listeria
monocytogenes in chicken breast meat. J. Food Sci. 2025, 90, €70174. [PubMed]

Heir, E.; Solberg, L.E.; Jensen, M.R,; Skaret, J.; Grevlen, M.S.; Holck, A.L. Improved microbial and sensory quality of chicken meat
by treatment with lactic acid, organic acid salts and modified atmosphere packaging. Int. |. Food Microbiol. 2022, 362, 109498.
[CrossRef] [PubMed]

Rahman, M.M.; Sazili, A.Q.; Ahmad, S.A.; Khalil, K.A; Ismail-Fitry, M.R.; Afsana, A.S.; Islam, D.A.; Foruzanfard, M.;
Sarker, M.S.K. Bio-preservation effect of lactic acid bacteria postbiotics on physical, chemical, and sensory properties of
vacuum-packaged broiler breast meat. Appl. Food Res. 2025, 5, 101260.

Tu, M.; Wang, B.; Wang, W.; Bai, T.; Yan, Z.N.; Chen, L. Research on the Influence of Compound Lactic Acid Bacteria on the
Quality and Flavor of Baiwei Chicken. Appl. Food Res. 2025, 5, 101236. [CrossRef]

Rendueles, C.; Duarte, A.C.; Escobedo, S.; Ferndndez, L.; Rodriguez, A.; Garcia, P.; Martinez, B. Combined use of bacteriocins and
bacteriophages as food biopreservatives. A review. Int. J. Food Microbiol. 2022, 368, 109611. [CrossRef] [PubMed]

Rocha, H.C.; Franga, S.S.; Magalhaes, D.R.; de Oliveira, A.L.; Trindade, M.A. Brazilian Consumer Attitude Towards the Concept
of Meat Products with Claims of Naturalness, Healthiness and Sustainability. Foods 2026, 15, 572. [CrossRef] [PubMed]

Li, Y;; Lin, F. Customer segmentation analysis based on SOM clustering. In Proceedings of the 2008 IEEE International Conference on
Service Operations and Logistics, and Informatics; IEEE: Piscataway, NJ, USA, 2008; Volume 1, pp. 15-19.

Villa-Vialaneix, N. Stochastic self-organizing map variants with the R package SOMbrero. In Proceedings of the 2017 12th International
Workshop on Self-Organizing Maps and Learning Vector Quantization, Clustering and Data Visualization (WNSOM); IEEE: Piscataway, NJ,
USA, 2017; pp. 1-7.

Fan, X.; Zhang, S.; Xue, X,; Jiang, R.; Fan, S.; Kou, H. An improved self-organizing map (SOM) based on virtual winning neurons.
Symmetry 2025, 17, 449. [CrossRef]

Naskath, J.; Sivakamasundari, G.; Begum, A.A.S. A study on different deep learning algorithms used in deep neural nets:
MLP SOM and DBN. Wirel. Pers. Commun. 2022, 128, 2913. [CrossRef] [PubMed]

Kline, T.J. Sample issues, methodological implications, and best practices. Can. J. Behav. Sci. Can. Sci. Comport. 2017, 49, 71.
[CrossRef]

Ostertagova, E.; Ostertag, O.; Kovac, J. Methodology and application of the Kruskal-Wallis test. Appl. Mech. Mater. 2014, 611, 115-120.
[CrossRef]

Hair, ].E,; Black, W.C.; Babin, B.].; Anderson, R.E. Multivariate Data Analysis; Cengage: Boston, MA, USA, 2019.

Van Nerom, S.; Van Immerseel, F.; Robbens, ].; Delezie, E. Consumer perception and willingness to purchase chicken meat from
algae-fed broilers: A survey in Flanders (Belgium). Phycology 2025, 5, 33. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/app16136552


http://dx.doi.org/10.3390/pr13092988
http://dx.doi.org/10.1159/000104750
http://www.ncbi.nlm.nih.gov/pubmed/17827971
http://www.ncbi.nlm.nih.gov/pubmed/37543003
http://dx.doi.org/10.1111/jfpp.14633
http://www.ncbi.nlm.nih.gov/pubmed/33533634
http://www.ncbi.nlm.nih.gov/pubmed/36240604
http://www.ncbi.nlm.nih.gov/pubmed/40183782
http://dx.doi.org/10.1016/j.ijfoodmicro.2021.109498
http://www.ncbi.nlm.nih.gov/pubmed/34896912
http://dx.doi.org/10.1016/j.afres.2025.101236
http://dx.doi.org/10.1016/j.ijfoodmicro.2022.109611
http://www.ncbi.nlm.nih.gov/pubmed/35272082
http://dx.doi.org/10.3390/foods15030572
http://www.ncbi.nlm.nih.gov/pubmed/41683160
http://dx.doi.org/10.3390/sym17030449
http://dx.doi.org/10.1007/s11277-022-10079-4
http://www.ncbi.nlm.nih.gov/pubmed/36276226
http://dx.doi.org/10.1037/cbs0000054
http://dx.doi.org/10.4028/www.scientific.net/amm.611.115
http://dx.doi.org/10.3390/phycology5030033
https://doi.org/10.3390/app16136552

	Introduction
	Materials and Methods 
	Dataset Description
	Instrument Design and Validation
	Strategic Segmentation Using Machine Learning (SOM)

	Results
	Statistical Validation and Reliability of the Instrument
	Consumer Segmentation and Behavioral Profiles Using SOM
	Intermediate Segments and Market Opportunities
	Behavioral Pattern Analysis Across Clusters

	Discussion
	Synergy Between Theoretical Factors and Machine Learning
	From Traditional Statistics to Machine Learning
	Opportunity Segments and Cultural Barriers
	Implications for Commercial Implementation

	References 

