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Introduction: In the context of university education in Ecuador, the application of
Artificial Intelligence (AI) for the assessment and adaptation of teaching models
marks significant progress toward enhancing educational quality. The integration
of AI into pedagogical processes is increasingly recognized as a strategic
component for fostering innovation and improving instructional outcomes in
higher education.

Methods: This study focused on the validation of an AI-based instrument,
specifically designed for the evaluation and adaptation of pedagogical strategies
in the Ecuadorian university environment. A quantitative methodology was
adopted, employing multivariate statistical analyses and structural equation
modeling (SEM) to examine the internal consistency, construct validity, and
interrelations among various didactic dimensions. The instrument was applied
to a statistically representative sample of university professors across both
undergraduate and graduate levels.

Results: The statistical analysis demonstrated high levels of internal consistency
and discriminative validity among the constructs representing di�erent teaching
models. The confirmatory factor analysis and SEM procedures verified the
adequacy of the theoretical structure and the robustness of the proposed
measurement model. Coe�cients obtained for reliability and model fit met or
exceeded established thresholds in educational research.

Discussion: The findings confirm the empirical soundness of the AI-based
instrument and support the feasibility of using such tools to assess and enhance
teaching models in higher education. These results underscore the importance
of adopting innovative, data-drivenmethodologies that respond to the demands
of contemporary educational environments. Furthermore, the use of AI in
the validation process enables a more precise interpretation of educational
information, reinforcing the relevance of AI-supported models in optimizing
teaching and learning processes.
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1 Introduction

In the current context of rapid digital transformation and
the proliferation of emerging technologies, the educational sector,
particularly at the university level, encounters a multifaceted
landscape marked by both challenges and opportunities (Apata,
2024; George and Wooden, 2023; Moreira-Choez et al., 2024c).
Within this framework, the integration of Artificial Intelligence
(AI) is increasingly recognized as a pivotal factor in enhancing
and adapting contemporary educational demands. According
to Lameras and Arnab (2021), AI supports the development
of personalized and efficient teaching strategies while teaching
strategies while also transforming pedagogical interactions at
various levels, thereby redefining the dynamics of teaching
and learning.

The evolution of teaching models reflects a transition from
traditional, teacher-centered approaches to interactive, student-
focused methodologies. This shift has been influenced by both
pedagogical imperatives and technological (Bakar, 2021; Kanwar
et al., 2019). Constructivist, collaborative, and other innovative
frameworks have replaced rote memorization, emphasizing critical
thinking, problem-solving, and learner autonomy (Einum, 2019;
Murphy et al., 2021). Despite these advancements, a gap remains:
the absence of validated tools capable of evaluating and adapting
teaching methodologies to specific contexts, which limits the
effective implementation of these models.

AI emerges as a viable solution to this issue, offering capabilities
that enable the processing of large datasets, identification of
patterns, and provision of adaptive recommendations (Dwivedi
et al., 2021). In the context of this study, AI is for the validation
of an instrument designed to evaluate teaching models in higher
education. By utilizing advanced analytical techniques, AI ensures
the reliability, internal consistency, and discriminative capacity of
the instrument, making it a robust tool for application in diverse
educational environments (Cowls et al., 2023).

The relevance of this research is underscored by its potential to
address critical deficiencies in university didactics. The integration
of AI in the validation process not only contributes to the
development of more effective and personalized teaching processes
but also aligns with broader goals of improving educational quality
(Naseer et al., 2024). This alignment is particularly pertinent in
Ecuador, where the adaptation of teaching models to meet the
needs of students represents an essential objective (Ingavelez-
Guerra et al., 2022; Ruiz-Rojas et al., 2023). The instrument
validated in this study is designed to enable educators to assess
and implement innovative teaching methodologies, addressing
contemporary educational challenges and supporting the evolution
of quality education in the face of technological advancements.

In response to this problem, the research question is
formulated: ¿How to validate a teaching model instrument for
university education in Ecuador using an artificial intelligence
algorithm? To address this question, the following general objective
is established: validate a teaching model instrument for university
education in Ecuador through artificial intelligence algorithm. The
formulation of this question and objective seeks to address the
specific needs of evaluating and adapting teaching models within
the context of Ecuadorian university education, utilizing advanced
technological tools to ensure precision and efficiency in the results.

To fulfill both the problem statement and the study objective,
the following hypotheses are proposed, serving as the foundation
for the scientific validation of the proposed instrument.

• H1: The factorial loadings of the regression items and each
teaching model are acceptable in the questionnaire for higher
education teaching through artificial intelligence.

• H2: The factors are significantly related to the teaching model,
with parameters obtained from the best model fit.

• H3: The variance coefficients are statistically significant for the
observed variables and the teaching models.

• H4: The teaching models in higher education are
distinguishable from one another through discriminant
analysis, convergent analysis, and the Heterotrait-Monotrait
(HTMT) ratio.

2 Theoretical framework

2.1 Traditional didactic model

The traditional didactic model is defined by a teacher-
centered approach, where the unidirectional transmission of
knowledge predominates (Hoidn and Reusser, 2020; Yang, 2008).
In this paradigm, learning is conceived as a passive process of
information reception, evaluated primarily through memorization
and repetition of data. The assessment used in this model tends
to be summative, focusing on final outcomes while neglecting
a comprehensive evaluation of the learning process. Although
this approach has been widely employed, critics such as Paul
(1989) highlight that it fails to foster the development of
critical skills and independent thinking, which are essential in
contemporary education.

The evaluation of this model involves analyzing key attributes,
such as reliance on teacher authority, the hierarchical structure
of the learning process, and the emphasis on outcomes over
procedures (Stufflebeam, 2001). These attributes are crucial for
understanding how the model impacts the development of student
competencies (Gamage et al., 2023; Hu et al., 2023). Specifically,
measuring the predominance of unidirectional transmission and
limited interaction helps identify its influence on students’ ability
to apply knowledge critically and autonomously.

The importance of measuring these attributes lies in the need to
assess the relevance of the model in current educational contexts,
which demand transversal competencies such as problem-solving
and adaptability. The literature provides evidence that validates
these measurements as relevant elements of the construct (Sarstedt
et al., 2019; Yang et al., 2004). For instance, studies have shown that
teacher-centered approaches correlate with limited performance in
tasks requiring analysis and creativity (Oyelana et al., 2022;Wagner
et al., 2020). Furthermore, criticisms of the model suggest that
its lack of emphasis on the educational process can perpetuate
superficial and fragmented learning.

2.2 Collaborative didactic model

The collaborative didactic model, in contrast to the traditional
model, is based on the importance of social interaction within the
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educational process (Kaasila and Lauriala, 2010). This approach
fosters collaboration among students, creating an environment
conducive to the exchange of ideas and joint problem-solving.
Beyond improving social skills, this model enriches learning by
providing it with greater depth and meaning. According to Mora
et al. (2020), it is particularly effective in developing competencies
such as critical thinking, problem-solving, and teamwork.

The evaluation of this model involves analyzing key attributes
such as active peer interaction, the ability to construct knowledge
collectively, and the inclusion of diverse perspectives in
learning (Lombardi et al., 2021). These elements are crucial
to understanding how the model promotes essential competencies
that go beyond academic content and translate into skills
applicable in various contexts. Active social interaction and
structured collaboration are measurable indicators that reflect the
model’s ability to facilitate meaningful and transferable learning
experiences (de Freitas and Neumann, 2009; Patel et al., 2012; Qin
and Yu, 2024).

The importance of measuring these attributes lies in the need to
assess the effectiveness of this approach in meeting the demands of
contemporary educational environments, which require transversal
skills and social competencies. The literature supports the validity
of these measurements, as studies have shown that collaborative
settings enhance deep learning and improve performance in
tasks requiring creativity and critical thinking (Chen et al., 2018;
Graesser et al., 2018). Moreover, collaborative dynamics allow
students to develop negotiation, leadership, and conflict resolution
skills, which are fundamental in professional and social contexts.

2.3 Spontaneist didactic model

The spontaneist didactic model emphasizes the significance of
direct and spontaneous student experiences, framing learning as a
natural and organic process that should be facilitated rather than
imposed (Green, 2015; Reigeluth, 2013). Within this paradigm,
students’ curiosity and personal interests serve as primary drivers
of their educational journey, positioning the teacher as a facilitator
who supports exploration and discovery rather than a source of
unidirectional knowledge transmission. According to Alkhawalde
and Khasawneh (2024), this approach proves particularly effective
in fostering creativity and intrinsic motivation, as it aligns closely
with the learner’s internal inclinations and interests.

The evaluation of this model requires examining attributes
such as the degree of autonomy afforded to students, the role of
curiosity in guiding learning activities, and the extent to which
the learning environment supports spontaneous exploration (Ten
et al., 2021). These attributes are critical for understanding how the
model influences student engagement and promotes competencies
like creative problem-solving and self-directed learning (Loyens
et al., 2008). Measuring these elements allows for the identification
of how effectively the model facilitates adaptive and meaningful
learning experiences.

The importance of assessing these attributes lies in their
potential to provide insights into how well the spontaneist
model aligns with the demands of modern education, where
adaptability and lifelong learning are increasingly valued (Kergel,
2023). Research evidence supports the validity of these attributes

as relevant components of the construct. For instance, studies
have shown that environments promoting student autonomy and
curiosity are associated with higher levels of engagement and
deeper learning (Arnone et al., 2011; Tas, 2016; Tu and Lee,
2024). Furthermore, such settings foster resilience and the ability
to navigate complex, real-world problems, outcomes often linked
to the development of intrinsic motivation and creativity.

2.4 Constructivist didactic model

The constructivist didactic model posits that learning is an
active process through which individuals construct new knowledge
by engaging with their experiences and interacting with their
environment (Loyens and Gijbels, 2008; Zajda, 2021). This
perspective shifts the role of the educator from a transmitter of
information to a facilitator who designs diverse and meaningful
contexts that enable students to integrate new knowledge with
their prior understanding. According to Tsui (2002), this model
is particularly effective in promoting a deeper and more lasting
comprehension of the subject matter, as it encourages learners to
internalize concepts through meaningful connections.

Evaluating the constructivist model involves examining
attributes such as the degree to which students actively participate
in their learning process, the richness of the contexts provided,
and the strategies employed to encourage reflection and critical
thinking (Honebein et al., 1993; Le and Nguyen, 2024; Lee and
Hannafin, 2016). These attributes are essential for understanding
how this model supports the development of higher-order
cognitive skills, such as analysis, synthesis, and evaluation
(Kwangmuang et al., 2021; Richland and Simms, 2015). Measuring
these elements helps to determine how effectively the constructivist
approach facilitates the application and retention of knowledge in
diverse and complex situations.

The importance of measuring these attributes lies in their
alignment with contemporary educational demands, which
prioritize lifelong learning, adaptability, and the ability to transfer
knowledge to real-world problems (Aithal and Mishra, 2024;
Zamiri and Esmaeili, 2024). Empirical evidence supports the
validity of these measurements, as studies have consistently
demonstrated that constructivist environments foster active
engagement and critical inquiry, leading to improved problem-
solving abilities and long-term retention of knowledge (Huang
et al., 2010; Kwan andWong, 2015). For instance, student-centered
activities that require reflection and application of concepts to new
scenarios have been shown to enhance comprehension and foster
intellectual independence (Klemenčič, 2017; Peters, 2010).

2.5 Technological didactic model

The technological didactic model emphasizes the integration
of information and communication technologies (ICT) into
the teaching-learning process, responding to the demands of
contemporary society and leveraging digital tools to enrich the
educational experience (Didmanidze et al., 2023; Okoye et al.,
2023). This model recognizes technology as a transformative agent
in education, providing diverse advantages, including access to
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extensive digital resources, opportunities for personalized learning,
and the development of essential digital competencies. According
to Kirkwood (2014), the model has the potential to revolutionize
educational methodologies by facilitating more flexible, interactive,
and accessible approaches to teaching and learning.

The evaluation of this model involves analyzing critical
attributes, such as the extent of ICT integration in instructional
design, the promotion of digital literacy, and the adaptability of
learning processes to individual student needs (Mohammadyari
and Singh, 2015; Valverde-Berrocoso et al., 2021). These attributes
are essential to understanding how the technological model
enhances learning outcomes by fostering engagement, interactivity,
and autonomy. For example, measuring the use of adaptive learning
systems and digital tools to support diverse learning styles provides
insights into the model’s effectiveness in personalizing education
(Moreira-Choez et al., 2024b; Sajja et al., 2024; Truong, 2016).

The importance of assessing these attributes lies in the necessity
to evaluate the model’s relevance and impact within modern
educational environments (Angeli and Valanides, 2009; Schunk,
2003). The increasing ubiquity of technology in all spheres of
life necessitates a focus on developing students’ digital fluency
and their ability to navigate, evaluate, and utilize technological
resources effectively. Empirical studies underscore the validity of
these attributes, with research demonstrating that technology-
rich environments can enhance student engagement, improve
access to education, and support the acquisition of transferable
skills (Aljehani, 2024; Lajoie et al., 2020). Furthermore, ICT-based
approaches have been shown to facilitate collaborative learning,
critical thinking, and problem-solving, all of which align with the
broader goals of 21st-century education (Moreira-Choez et al.,
2024a; Peña-Ayala, 2021).

3 Materials and methods

The methodology adopted in this study was framed within
the positivist paradigm, employing a quantitative approach that
allowed for objective and systematic data analysis. The research
design was non-experimental, with a descriptive-correlational
level, which facilitated the characterization of the participating
faculty and the exploration of significant relationships between
relevant variables for instrument validation. A deductive method
was applied, starting from the theoretical analysis of conceptual
frameworks related to artificial intelligence and educational
innovation, and arriving at specific conclusions regarding the
relevance of the instrument in university contexts.

The study population consisted of active university professors
during the 2023 academic year at two higher education institutions
in Ecuador: The Technical University of Manabí (UTM) and the
State University of Milagro (UNEMI). According to institutional
records, the total population included 843 professors: 276 at UTM
and 567 at UNEMI. A representative sample of 413 professors was
determined using the statistical formula for finite populations, with
a 95% confidence level and a 4% margin of error.

The sampling technique was non-probabilistic by convenience,
due to the voluntary nature of participation and logistical
constraints. However, considering that the study employed
inferential statistics, specifically Structural Equation Modeling

TABLE 1 Sample distribution by university, gender, and academic level.

University Gender Academic
level

Frequency Percentage
(%)

Technical
University of
Manabí

Male Undergraduate 38 9.2

Postgraduate 41 9.9

Female Undergraduate 27 6.5

Postgraduate 29 7.0

Subtotal
UTM

135 32.7

State
University of
Milagro

Male Undergraduate 56 13.6

Postgraduate 75 18.2

Female Undergraduate 61 14.8

Postgraduate 86 20.8

Subtotal
UNEMI

278 67.3

Total 413 100.0

(SEM), a normality test was conducted prior to model application.
Kolmogorov-Smirnov and Shapiro-Wilk tests, as well as skewness
and kurtosis coefficients, indicated an acceptable normal
distribution for most variables, justifying the use of SEM for
exploratory and validation purposes.

The information presented in Table 1 reveals a heterogeneous
distribution of the sample based on university, gender, and
academic level, which enhances the representativeness of the study.
Most participants belong to the State University ofMilagro (67.3%),
while 32.7% are from the Technical University of Manabí. This
difference may be attributed to the larger faculty size at UNEMI or
a greater willingness among its professors to participate in research
related to educational innovation. Additionally, a slightly higher
female participation (56.9%) is observed, reflecting a growing
trend toward gender parity in the Ecuadorian academic field. This
gender diversity strengthens the analysis of results by allowing
the identification of possible differences in the perceptions of the
validated instrument.

Regarding academic level, 55.9% of participants are involved
in postgraduate programs, while 44.1% teach at the undergraduate
level. This overrepresentation of postgraduate facultymay be linked
to their greater familiarity with research processes and topics such
as artificial intelligence in educational environments. Specifically,
postgraduate faculty from UNEMI constitute the largest individual
subgroup in the sample (20.8%). The combination of these variables
demonstrates a solid and diverse sample composition, which
supports the external validity of the study. Nevertheless, it is
advisable to conduct additional analyses to determine whether
the observed differences significantly influence responses to the
instrument, which would enable contextual adjustments and
enhance its applicability.

This integrated table provides a detailed view of the sample’s
composition based on key sociodemographic variables, facilitating
a more analytical understanding of the study participants.
The inclusion of faculty members of both genders, various
academic levels, and from two institutions contributes to
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the diversity of the sample and strengthens the external
validity of the validated instrument. It is recommended to
conduct comparative statistical analyses to determine whether
sociodemographic differences significantly influence perceptions
and evaluations of the instrument.

3.1 Statistical analysis through artificial
intelligence

Figure 1 illustrates the structure of relationships between
different teaching models applied in the university context and how
artificial intelligence contributes to their development and efficacy.
This schema is presented as a structural equation model, where
different latent variables representing specific teaching models,
such as the Traditional, Technological, Constructivist, Spontaneist,
and Collaborative models, can be observed. Each of these models
is associated with various indicators reflected by the observed
variables, denoted with the letter “P” followed by a number.

In this research, a quantitative approach supported by artificial
intelligence tools is employed. For this purpose, the Statistical
Software for the Social Sciences (SPSS), version 25, and the
structural equation modeling software AMOS, version 24, were
used. These programs operate in an integrated manner to validate
the coefficients of the instrument designed to evaluate teaching
models in Higher Education.

Multivariate statistics are utilized, specifically the Principal
Component Analysis (PCA) technique, both confirmatory and
exploratory, to examine the underlying structure of the observed
variables. To assess the reliability of the content and the construct,
an internal consistency analysis is conducted using Cronbach’s
alpha coefficient, which measures the homogeneity of the items,
and McDonald’s omega, through additional extensions of the
software (Omega, Alpha, and All Subsets reliability Procedure).

Additionally, a plugin in AMOS called Model Fit Measure
is incorporated, used to evaluate the goodness of fit of the
structural model. The criteria for excellence are set according to
the Comparative Fit Index (CFI) with a threshold above 0.95 and
the Root Mean Square Residual (RMR) lower than 0.08. To further
strengthen the model, through the use of artificial intelligence,
the Root Mean Square Error of Approximation (RMSEA) is also
considered with an optimal value lower than 0.06, following the
recommendations of Schubert et al. (2017) and McNeish and Wolf
(2022).

The selection and calibration of the models are based on
the Akaike Information Criterion (AIC), according to Portet
(2020) and Asadi and Seyfe (2024). Regarding the functionality of
artificial intelligence, the extension for validity and reliability tests is
used, which facilitates discriminant analysis, the Average Variance
Extracted (AVE), the Maximum Shared Squared Variance (MSV),
and the correlation between each dimension of the teaching model,
based on Wang and Wang (2022).

FIGURE 1

University teaching models generated by artificial intelligence.
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After establishing a neural network for each dimension
with its corresponding observed variables, the extension to
name unobserved variables (Name Unobserved variables) is
implemented. To measure the correlation between dimensions,
the Draw Covariances tool is used. Finally, in AMOS, the
analysis properties are activated to apply the Maximum Likelihood
estimation and various outputs are selected for the interpretation
of results, which have included standardized estimates, squared
multiple correlations, simple and implicit moments, residual
moments, modification indices, factor score weights, covariances
and correlations of estimates, critical ratios for differences, and tests
for normality and outlier detection.

4 Results and discussion

Table 2 provides a quantitative evaluation of the internal
consistency and discriminative ability of five teaching models
applied in university education. The reliability analysis is
performed using Cronbach’s alpha coefficient, while Critical
Reliability (CR) and the Average Variance Extracted (AVE) are
measures of the consistency and convergence of the evaluated
constructs. Lastly, the correlation (R²) offers a perspective on the
relationship between the observed variables and the theoretical
construct they represent.

Table 2 compiles the results of the reliability and validity
analysis of the constructs of the university teaching models.
Through the application of Cronbach’s alpha coefficient and the
factor loadings of Critical Reliability (CR), the internal consistency
of the scales is determined. The Average Variance Extracted (AVE)
and the Pearson correlation among the dimensions of the teaching
models provide a measure of the convergent and discriminant
validity, respectively.

Regarding the reliability of the dimensions, the results
indicate a reliability above the generally accepted threshold of
0.70, suggesting excellent internal consistency for the measured
constructs. According to Taber (2018), a Cronbach’s alpha above
0.70 is indicative of good internal reliability, corroborating the
accuracy of the scales in the context of higher education.

In parallel, the Critical Reliability for each teaching model
reveals values exceeding the recommended minimum standard
of 0.70, indicating strong consistency and reliability of the items
within each construct. Authors such as Sujati et al. (2020) assert that
CR values above 0.70 denote adequate composite reliability, which
strengthens the legitimacy of the construct measurements.

The Average Variance Extracted, surpassing the parameter of
0.30 suggested in relevant literatura (Dos Santos and Cirillo, 2023),
reflects the amount of variance that a factor has in relation to
the variance due to measurement error. The values obtained in
this research demonstrate that the constructs possess acceptable
convergent validity, as they capture a significant proportion of the
variance in the observed variables.

Moreover, the Pearson correlation for each teaching model
exceeds the coefficient of 0.50, indicating positive and strong
relationships between the variables. This is consistent with the
findings of Diamantopoulos et al. (2012), who maintain that
substantial correlations between the items and the underlying
construct are indicative of high construct validity.

Next, Figure 2 presents a detailed analysis of a structural
equation model applied to university teaching models, where
the relationships between theoretical constructs and their
corresponding items are evaluated. The values in the schema reflect
the factor loadings, indicating the magnitude of the relationships
between the items (observed variables) and the constructs of
each teaching model, as well as the metrics of the overall model
fit, providing evidence of the quality of the model’s fit to the
collected data.

The confirmatory factor analysis (CFA) carried out on
the teaching models in Higher Education, for which artificial
intelligence tools were used, is reflected in Figure 2. A Chi-
square fit index over degrees of freedom (CMIN/DF) of 3.681 is
observed, which, despite exceeding the ideal value of 3 suggested
by Pasamonk (2004), is considered acceptable within the tolerance
range in Social Sciences. A significance value (p) of 0.000
confirms the statistical relevance of the model, resulting from ten
computational iterations.

Regarding the model fit, the Root Mean Square Error of
Approximation (RMSEA) reaches a value of 0.081, which is close
to the excellence threshold established at 0.065, as proposed by
O’Loughlin and Coenders (2004), implying a satisfactory fit of the
model to the data. The Comparative Fit Index (CFI) and Tucker-
Lewis Index (TLI) yield values of 0.827 and 0.812 respectively,
indicating an acceptable level according to the recommendations
of Yildiz and Güngörmüş (2016). In turn, the Parsimony Normed
Fit Index (PNFI) of 0.715 and the elevated Akaike Information
Criterion (AIC) of 2003.301, although not optimal, reflect
manageable complexity and an adequate specification of the model
respectively, in line with the contributions of Zacharia et al. (2011).

The robustness of the instrument is attributed to the high
factor loadings of the items in each dimension, as detailed in

TABLE 2 Reliability and discriminant analysis for university teaching models.

Number of items Teaching models Cronbach’s alpha (α) Critical
reliability-CR (λ)

AVE Correlation (R²)

8 Traditional teaching model 0.778 0.797 0.323 0.568

11 Collaborative teaching model 0.925 0.927 0.536 0.732

5 Spontaneist teaching model 0.859 0.859 0.578 0.760

4 Constructivist teaching model 0.747 0.776 0.448 0.669

5 Technological teaching model 0.855 0.862 0.559 0.748
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FIGURE 2

Adjusted model and factor loadings of the items and construct of the questionnaire.

Figure 2. In the collaborative model, factor loadings range from
0.62 to 0.84, this value exceeds the standard of 0.50, indicating a
significant association with the underlying construct, in line with
what was reported by Shrestha (2021). The spontaneist model
presents loadings ranging from 0.66 to 0.84, and reflects a strong
relationship with the established questions. The items of the
constructivist model exhibit loadings from 0.51 to 0.81, while the
technological model shows values from 0.64 to 0.83, both denoting
a substantial contribution to their respective constructs.

Conversely, the traditional model displays the lowest factor
loadings in some items, below the established coefficient of 0.50,
which could indicate lower internal consistency or relevance
in these indicators, according to Fayers (1997). However, other
items within the same model show loadings from 0.54 to 0.76,
suggesting that, mostly, the questions are suitable for assessing the
proposed construct. The correlation between dimensions reveals
the highest covariance between the spontaneist model and other
constructs, suggesting a possible conceptual overlap or shared
didactic approach, as might be inferred from the observations of
Høgheim et al. (2023). The results allow for the acceptance of the
alternative hypothesis H2, which asserts the relevance and adequate
fit of the factor loadings (p < 0.001).

Regarding the lowest correlation observed in the traditional
model, this could suggest, according to Raykov et al. (2016),
that certain observed variables have lesser congruence with the
construct. This could be interpreted as an indication that revising
or eliminating certain items could enhance the correlation of the
traditional model with other constructs.

Table 3 presents the results of the regression analysis applied to
the items grouped according to five teaching models: Traditional,
Collaborative, Spontaneist, Constructivist, and Technological. For
each item, the estimated coefficient, standard error (S.E.), critical
ratio (C.R.), and p-value are reported. The table also indicates which
items were used as reference indicators (with a fixed regression
weight of 1) to identify each latent construct.

The use of artificial intelligence (AI) has enabled the
development of estimators, such as standard error (S.E.),
critical reliability (C.R.), and statistical significance (P), which
are essential in the evaluation of teaching models. These
indicators are consolidated in Table 3 for each observed variable,
facilitating a detailed understanding of the effectiveness of various
pedagogical approaches.

In particular, the analysis revealed that the traditional model,
when examining responses to eight specific questions, generated
estimators significantly different from zero, showing high critical
reliability and notable statistical significance (indicated with three
asterisks ∗∗∗). This finding suggests robustness in predicting
educational outcomes when employing this model, reaffirming its
validity in specific didactic contexts.

Similarly, the collaborative model, which incorporates eleven
observed variables, yielded estimated values greater than one,
accompanied by critical reliability exceeding 10 points, indicating
outstanding statistical significance. This result not only emphasizes
the effectiveness of the collaborative approach in teaching but
also reinforces the importance of interaction and cooperation
in learning.
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TABLE 3 Validation of the regression model coe�cients for the items of the instrument.

No. Items Models Estimate S.E. C.R. P

P1 The teacher assumes the role of expert and is solely dedicated to transmitting content. Traditional 1

P2 The teacher’s lectures are based on one-way communication; information is transmitted to a group
of students.

Traditional 1.106 0.09 12.263 ∗∗∗

P3 Students absorb, transcribe, memorize, and repeat information for specific activities such as tests or
exams.

Traditional 1.047 0.083 12.683 ∗∗∗

P4 Learning is individual and competitive. Traditional 0.959 0.079 12.079 ∗∗∗

P5 The teacher informs what is expected of the student (presentation of the teaching objectives and
learning competencies).

Traditional 0.288 0.05 5.821 ∗∗∗

P6 The teacher presents and explains advance organizers. Traditional 0.282 0.051 5.568 ∗∗∗

P7 The teacher dedicates the first 15 minutes of class to motivating the students. Traditional 0.211 0.056 3.753 ∗∗∗

P8 The teacher presents and explains the class in a masterful way. Traditional 0.609 0.064 9.51 ∗∗∗

P9 Teachers have the role of facilitator, tutor, guide, co-learner, mentor, or advisor. Collaborative 1

P10 Students take the responsibility to learn and create partnerships between student and teacher. Collaborative 1.391 0.111 12.476 ∗∗∗

P11 Teachers seek to improve students’ initiative and motivate them. Students are seen as individuals
who can learn on their own.

Collaborative 1.270 0.113 11.251 ∗∗∗

P12 Teachers allow students to include content, activities to solve, gamification, and other playful
aspects.

Collaborative 1.636 0.125 13.13 ∗∗∗

P13 Teachers allow and encourage the so-called celebration of cooperative learning. Collaborative 1.659 0.117 14.23 ∗∗∗

P14 Teachers enable positive interdependence as a feature of group work. Collaborative 1.627 0.112 14.509 ∗∗∗

P15 The teacher encourages the student to take the lead in their learning by solving mysteries,
dilemmas, and problems.

Collaborative 1.555 0.116 13.369 ∗∗∗

P16 The teacher forms small groups of students to interact with him/her and provides feedback. Collaborative 1.435 0.111 12.943 ∗∗∗

P17 The teacher conducts activities for students to actively participate in problem-solving. Collaborative 1.384 0.103 13.407 ∗∗∗

P18 Consultation and analysis of information with sources such as academic pages, texts, articles,
among others, are encouraged.

Collaborative 1.243 0.099 12.532 ∗∗∗

P19 The teacher promotes the defense of team ideas, through presentations with audiovisual resources. Collaborative 1.388 0.108 12.793 ∗∗∗

P20 The teacher arouses interest in up-to-date knowledge in extracurricular areas, including some
non-disciplinary foundations.

Spontaneist 1

P21 The teacher observes, takes into account the students’ interests, and assesses their skills, abilities,
and competencies accordingly.

Spontaneist 0.974 0.066 14.863 ∗∗∗

P22 The teacher combines directed discovery learning and spontaneous discovery. Spontaneist 0.989 0.064 15.572 ∗∗∗

P23 Activities and events of an open and flexible nature are allowed. Spontaneist 1.054 0.071 14.802 ∗∗∗

P24 The teacher generates project activities linked to the environment or society for students to execute. Spontaneist 1.074 0.086 12.51 ∗∗∗

P25 The teacher allows and favors free grouping and organization of team works. Constructivist 1

P26 The teacher conducts peer assessments. Constructivist 2.074 0.231 8.995 ∗∗∗

P27 The teacher employs teaching cartography allowing creativity in the student. Constructivist 2.223 0.225 9.884 ∗∗∗

P28 The teacher assesses with logs, pedagogical paths, and outdoor activities. Constructivist 2.051 0.227 9.038 ∗∗∗

P29 Effective use of web pages and virtual platforms is taught, evidenced, and managed. Technological 1

P30 The use of technological tools such as Educaplay, Powtoon, Quizzes, Geogebra, Viox, and others is
carried out.

Technological 1.679 0.128 13.144 ∗∗∗

P31 Teaching processes are channeled through the use of mobile applications. Technological 1.500 0.117 12.775 ∗∗∗

P32 Methods, tools, and interactive resources are used for the understanding of texts, hypertexts,
transtexts in the mass media.

Technological 1.589 0.117 13.60 ∗∗∗

P33 Simulators for exploring the world of science are used. Technological 1.721 0.143 12.072 ∗∗∗
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The spontaneist, constructivist, and technological models
showed similar patterns, with estimators significantly different
from zero, high critical reliability, and statistical significance for
each evaluated question. These findings corroborate the hypothesis
that the pedagogical approaches examined have a measurable and
significant impact on the teaching-learning process, allowing for
the validation of the alternative hypothesis H3. This posits that the
estimators generated through linear regression, under the auspices
of artificial intelligence, are significant and, therefore, of great value
for educational research.

The significance of these results lies not only in the validation
of the investigated teaching models but also in the potential of AI to
enrich teaching methodologies. According to Chen et al. (2020) the
application of advanced technologies in education facilitates a more
precise and personalized analysis of learning needs, allowing for the
development of more effective and tailored didactic strategies.

Table 4 presents the estimated variances, standard errors (S.E.),
critical ratios (C.R.), and significance levels (p-values) for each of
the five teaching models Traditional, Collaborative, Spontaneist,
Constructivist, and Technological as well as for all 33 items
that compose the measurement instrument. All variances were
statistically significant at the 0.001 level, suggesting strong internal
consistency and robust construct identification.

Table 4 details the variance coefficients corresponding to the
teaching models, along with data from the associated questions.
This analysis reveals that the five examined teaching models
present elevated estimators, reduced standard errors, high critical
reliability, and notable values of statistical significance (indicated
by three asterisks ∗∗∗). This uniform pattern, observed across all
analyzed variables, underscores the robustness of the results and
the reliability of the methods employed to evaluate the variances
associated with the dimensions and questions of the teaching
model instrument.

The presence of high estimators suggests a strong influence of
the teaching models on the variables of interest, while the minimal
standard errors indicate precision in the estimations made. The
high critical reliability reinforces the consistency of these findings,
and the significant p-value confirms the statistical relevance of the
observed variances. Such a conjunction of factors strongly supports
the acceptance of hypothesis H3, which posits the significance of
the variances for the dimensions and questions included in the
analysis of the teaching models.

The importance of these results lies in their ability to
validate the teaching models from a statistical perspective,
thereby providing empirical evidence of their effectiveness.
The significance of the variances, in particular, highlights the
relevance of the differences between the models, pointing toward
a clear differentiation in their impact on the teaching and
learning processes. According to Lawless and Pellegrino (2007),
variance analysis is crucial for understanding how different
didactic strategies can be adapted to specific educational
needs, thereby improving the quality and effectiveness
of education.

Table 5 reports the values for Composite Reliability (CR),
Average Variance Extracted (AVE), Maximum Shared Variance
(MSV), and Maximum Reliability (MaxR(H)) for each of the
five teaching models: Traditional, Collaborative, Spontaneist,
Constructivist, and Technological. In addition, it includes the

TABLE 4 Validation of the estimators for variances for the teaching

models and questions.

Models and items Estimate S.E. C.R. P

Traditional model 0.916 0.127 7.193 ∗∗∗

Collaborative model 0.148 0.021 7.168 ∗∗∗

Spontaneist model 0.371 0.048 7.778 ∗∗∗

Constructivist model 0.146 0.029 5.118 ∗∗∗

Technological model 0.254 0.037 6.941 ∗∗∗

P1 1.080 0.091 11.933 ∗∗∗

P2 1.018 0.091 11.197 ∗∗∗

P3 0.744 0.071 10.477 ∗∗∗

P4 0.830 0.073 11.445 ∗∗∗

P5 0.673 0.048 14.036 ∗∗∗

P6 0.711 0.051 14.067 ∗∗∗

P7 0.944 0.066 14.232 ∗∗∗

P8 0.836 0.063 13.208 ∗∗∗

P9 0.208 0.015 13.702 ∗∗∗

P10 0.304 0.023 13.490 ∗∗∗

P11 0.390 0.028 13.792 ∗∗∗

P12 0.325 0.025 13.235 ∗∗∗

P13 0.198 0.016 12.459 ∗∗∗

P14 0.161 0.013 12.120 ∗∗∗

P15 0.265 0.020 13.114 ∗∗∗

P16 0.270 0.020 13.318 ∗∗∗

P17 0.206 0.016 13.093 ∗∗∗

P18 0.238 0.018 13.471 ∗∗∗

P19 0.268 0.020 13.378 ∗∗∗

P20 0.402 0.031 13.060 ∗∗∗

P21 0.203 0.017 11.894 ∗∗∗

P22 0.152 0.014 10.953 ∗∗∗

P23 0.243 0.020 11.955 ∗∗∗

P24 0.548 0.041 13.264 ∗∗∗

P25 0.418 0.031 13.439 ∗∗∗

P26 0.833 0.068 12.343 ∗∗∗

P27 0.370 0.041 8.982 ∗∗∗

P28 0.789 0.064 12.275 ∗∗∗

P29 0.362 0.028 13.057 ∗∗∗

P30 0.435 0.039 11.259 ∗∗∗

P31 0.421 0.036 11.810 ∗∗∗

P32 0.293 0.029 10.238 ∗∗∗

P33 0.759 0.061 12.511 ∗∗∗

inter-construct correlation coefficients. The results provide the
necessary indicators to confirm that each model is statistically
distinct from the others, based on established thresholds for
discriminant validity.
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TABLE 5 Discriminant validity analysis for the teaching models.

Models CR AVE MSV MaxR(H) Traditional Collaborative Spontaneist Constructivist Technological

Traditional 0.768 0.323 0.141 0.833 0.568

Collaborative 0.927 0.536 0.698 0.933 0.318∗∗∗ 0.732

Spontaneist 0.872 0.578 0.698 0.883 0.305∗∗∗ 0.835∗∗∗ 0.760

Constructivist 0.759 0.448 0.620 0.794 0.376∗∗∗ 0.668∗∗∗ 0.787∗∗∗ 0.669

Technological 0.863 0.559 0.472 0.873 0.335∗∗∗ 0.632∗∗∗ 0.652∗∗∗ 0.687∗∗∗ 0.748

∗∗∗The correlation is significant at the 0.001 level (two-tailed).

TABLE 6 Heterotrait-Monotrait (HTMT) ratio analysis for the teaching models in higher education.

Correlation models Traditional
model

Collaborative
model

Spontaneist
model

Constructivist
model

Technological
model

Traditional model

Collaborative model 0.549

Spontaneist model 0.528 0.834

Constructivist model 0.536 0.710 0.859

Technological model 0.463 0.641 0.678 0.723

Table 5 sheds light on the coefficients of discriminant validity,
these values demonstrate the establishment of different levels
of acceptance for the evaluated teaching models. This approach
emphasizes the precision with which the construct validity reflects
each dimension of the instrument through its observed variables.
Specifically, it is observed that the dimensions associated with
the teaching model in higher education achieve an acceptable
reliability, which exceeds the 0.70 threshold for composite
reliability, as indicated by Pérez Rave and Muñoz Giraldo (2016).
This measure of composite reliability suggests robust internal
consistency within the evaluated dimensions.

Regarding discriminant and convergent validity, indicators
such as the square root of the Average Variance Extracted (AVE)
and the Maximum Shared Variance squared (MSV) are crucial.
For the technological teaching model, an AVE of 0.559 and an
MSV of 0.472 are reported, indicating satisfactory discriminant and
convergent validity, reflected through a correlation of 0.748. These
results demonstrate that the technological dimension maintains a
clear distinction from other dimensions while showing internal
consistency in its variables.

When applying the contrast technique, it is found that the
collaborative and spontaneist models present AVEs greater than
0.50, which meets the criterion for discriminant validity. However,
the high MSV of 0.698 in both dimensions indicates a limitation
in their ability to be distinctly differentiated from each other, as
established by Blustein et al. (1989). This situation raises questions
about the precise delimitation between similar constructs within
these models.

On the other hand, the traditional and constructivist models
do not meet the standards for discriminant nor convergent
validity, failing to meet the established parameters. However,
a high correlation is noted between the variables of these
models, extending to all the teaching models included in the
study. This universal correlation underscores the interconnection
among the different pedagogical approaches evaluated and

provides substantial evidence to accept hypothesis H4. This
acceptance implies that the instrument used demonstrates
reliability, discriminative capacity, convergence, and significant
correlation across the various teaching models examined.

The instrument’s ability to reflect these crucial aspects suggests
a robust and versatile assessment tool, capable of capturing
the complexity and interrelationship of the teaching models in
higher education. In turn, these results emphasize the importance
of discriminant and convergent validity as essential criteria for
evaluating constructs in educational research, as supported by
previous studies in the field by Cheung et al. (2023). The
identification of strengths and limitations in the discrimination and
convergence of the teaching models provides a solid basis for future
research, aimed at optimizing pedagogical strategies and fostering
effective and differentiated learning.

Table 6 displays the HTMT ratio values calculated among
the five teaching models: Traditional, Collaborative, Spontaneist,
Constructivist, and Technological. Each value represents the
degree of correlation between constructs. Lower HTMT values
indicate greater discriminant validity, suggesting that each model
captures a distinct pedagogical approach within the framework of
higher education.

Table 6 presents the Heterotrait-Monotrait (HTMT) ratios,
crucial for determining the correlation between different traits,
derived from the discriminant analysis (as shown in Table 4).
This analysis focuses on the correlation between traits of teaching
models, providing a critical measure of discriminant validity
between constructs, as highlighted by Touron et al. (2018). The
results indicate a weak correlation of the traditional model in
relation to other models, with scores below 0.50. This finding
suggests that the traditional model possesses significant distinctive
characteristics compared to the other models evaluated.

On the other hand, the collaborative model shows coefficients
close to 0.850, which is considered acceptable according to criteria
established by contemporary researchers such as Tarkkonen and
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Vehkalahti (2005). This level of correlation implies proximity in
characteristics between the analyzed models, although it remains
within limits that allow for adequate discrimination between them.

More specifically, it is observed that the spontaneist model
and the constructivist model present a statistical indistinction,
with an HTMT index of 0.859. This result, interpreted through
artificial intelligence, finds support in the research of Henseler
et al. (2015) and Hamid et al. (2017), who argue about the
difficulty of statistically distinguishing between constructs when
HTMT coefficients are high. This phenomenon highlights the
conceptual and operational similarity between the spontaneist
and constructivist models, suggesting that, although different,
they share common elements that make them statistically
indistinguishable in certain respects.

Overall, these coefficients provide empirical evidence in
support of hypothesis 4, proposed by Ibrahim and Nat (2019),
which anticipated that the teaching models employed in higher
education significantly discriminate against each other. The data
suggest that the teaching models are empirically distinguishable
through this instrument, establishing the discriminant validity of
the evaluated dimensions, as described by Salessi and Omar (2019).
This finding is crucial as it confirms the instrument’s ability to
effectively differentiate between pedagogical approaches, providing
a valuable tool for educational research and the improvement of
teaching practice in Higher Education.

The identification of discriminant validity among the teaching
models underscores the importance of developing and employing
rigorous assessment instruments in educational research. These
instruments should not only be capable of capturing the subtleties
of the different pedagogical approaches but also effectively
distinguish between them, to facilitate a deeper understanding of
their impacts and relative efficiencies. Consequently, these findings
pave the way for future research aimed at exploring and optimizing
teaching methods in Higher Education, with the goal of improving
educational outcomes and adapting to the changing needs of
students and society.

After confirming the factorial validity of the theoretical
constructs, the structural model’s hypotheses were tested. This stage
allowed for the statistical verification of the proposed relationships
between the teachingmodels and the observed variables, employing
structural equation modeling (SEM). The analysis was conducted
using the maximum likelihood estimation method, complemented
by standardized coefficients, critical ratios (CR), and significance
values (p-values), which collectively provided empirical support
for the proposed theoretical model. The specific results of the
hypothesis testing, including the direction, strength, and statistical
significance of each relationship, are detailed in Table 7.

The results of the structural equation modeling analysis
confirmed the statistical validity of the four hypotheses initially
proposed in the study. Each hypothesis demonstrated a highly
significant relationship (p < 0.001), with standardized coefficients
and critical ratios (CR) exceeding accepted thresholds, thereby
providing robust empirical support for the theoretical model
of teaching practices in higher education mediated by artificial
intelligence tools.

Hypothesis H1, which assessed the factorial validity of the
items within each teaching model, revealed regression weights
ranging from 0.211 to 2.223 and CR values between 3.753 and

TABLE 7 Hypothesis testing using structural equation modeling.

Hypothesis Coe�cient
range

CR
range

p-value Result

H1 0.211≤×≤

2.223
3.753≤×≤

15.572

∗∗∗ Accepted

H2 0.320≤×≤

0.790
0.759≤×≤

0.927

∗∗∗ Accepted

H3 0.146≤×≤

0.916
5.118≤×≤

7.778

∗∗∗ Accepted

H4 0.463≤×≤

0.859
0.759≤×≤

0.927

∗∗∗ Accepted

∗∗∗The correlation is significant at the 0.001 level (two-tailed).

15.572. These findings are aligned with psychometric standards,
indicating satisfactory item representativeness within each latent
construct. The significance of these results underscores the
structural coherence of the questionnaire and its utility for
evaluating pedagogical strategies in university settings. This is
consistent with prior research that validates structural models
through confirmatory factor analysis, demonstrating strong item
reliability when factor loadings exceed 0.40 (Sukkamart et al., 2023).

Hypothesis H2 examined the predictive associations between
latent factors and the overall model, reporting standardized
coefficients from 0.320 to 0.790 and CR values from 0.759 to 0.927.
These values suggest that the factors integrated into the model are
statistically capable of anticipating the behaviors associated with
each teaching modality. Such results reinforce the idea that well-
structured instructional models can predict teaching performance
and educational innovation outcomes. In line with findings from
educational contexts focused on sustainability and digital readiness,
properly identified causal constructs show predictive power when
embedded in higher-order structural models (Pimdee, 2020).

For H3, the results showed statistically significant variance
estimators across the observed variables and teaching models, with
coefficients ranging from 0.146 to 0.916 and CR values between
5.118 and 7.778. These findings confirm that the teaching models
are consistently measured and that the variability explained by
each item is not due to random error but rather to latent factors
grounded in empirical evidence. This coincides with previous
studies that emphasize the importance of robust variance structures
for interpreting complex educational phenomena (Chuenban et al.,
2021).

Finally, H4 confirms that teaching models in higher education
are statistically distinguishable through discriminant analysis,
convergent validity, and the Heterotrait-Monotrait (HTMT) ratio.
The observed coefficient range (0.463–0.859) and CR values
(0.759–0.927) meet the criteria for adequate discriminant validity.
According to Yusoff et al. (2020), HTMT values below 0.90
indicate a strong distinction between related yet conceptually
different constructs. Therefore, the acceptance of H4 supports the
instrument’s ability to differentiate between teaching models within
university contexts.

5 Conclusions

This study has demonstrated, through a rigorous methodology
and the application of advanced tools such as artificial intelligence,
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the ability of different higher education teaching models to
distinguish themselves from each other in terms of internal
consistency, discriminative capacity, and their relationship with
the observed variables. The reliability analyses, using Cronbach’s
alpha coefficient along with Critical Reliability (CR) and Average
Variance Extracted (AVE), have corroborated the consistency and
convergence of the evaluated constructs, surpassing thresholds
established in the literature as indicative of excellent internal
consistency and convergent validity.

The integration of these models into a detailed analysis, using a
structural equation model, has effectively assessed the relationships
between the theoretical constructs and the observed variables,
reflecting the depth of the association through factor loadings and
confirming the quality of the model’s fit to the collected data. The
results obtained, such as the fit indices and factor loadings, have
provided a solid basis for asserting the reliability and validity of the
constructs within the context of higher education.

Crucially, the empirical validation of the model was
substantiated by the acceptance of the four hypotheses formulated
(H1, H2, H3, and H4), which further reinforces the robustness
and relevance of the instrument. Hypothesis H1 confirmed the
factorial validity of the items, with statistically significant factor
loadings well above recommended benchmarks, ensuring the
representativeness of each indicator within its respective latent
construct. Hypothesis H2 identified strong predictive relationships
between latent factors, supported by standardized coefficients
and critical ratios (CR) exceeding conventional thresholds,
validating the model’s explanatory capacity in capturing the
dynamics of innovative teaching practices. Hypothesis H3 verified
the significance of the variance coefficients across dimensions
and indicators, thereby strengthening the instrument’s internal
reliability. Lastly, Hypothesis H4 confirmed discriminant
validity among the five teaching models evaluated traditional,
collaborative, spontaneist, constructivist, and technological—
through cross-loading analysis, Heterotrait-Monotrait (HTMT)
ratios, and shared variance measures (MSV and AVE), ensuring
the conceptual distinctiveness of each construct.

The discrimination between the teaching models, as
demonstrated through measures of discriminant and convergent
validity, and HTMT ratios, reflects a clear and significant
differentiation in their approaches and methodologies. This
distinction has been further reinforced by the correlation
between the dimensions of the models, revealing the conceptual
coherence and uniqueness of each model in its contribution to the
educational process.

The confirmed empirical differentiation between teaching
models demonstrates their unique methodological orientations
and contributions to the educational process. This distinction
is not only statistically significant but pedagogically meaningful,
highlighting how different instructional paradigms shape the
delivery and outcomes of higher education. Furthermore, the
integration of artificial intelligence facilitated the processing and
interpretation of complex datasets, enhancing the precision of the
validation process and enabling a deeper understanding of the
latent structures that underpin teaching effectiveness.

This study contributes significantly to the body of knowledge
in the field of Didactics and Pedagogy, offering valuable
insights into how different pedagogical approaches impact the

teaching-learning process. The results underscore the importance
of adopting adaptive and evidence-based teaching methods to
meet contemporary educational needs and prepare students for
future challenges.
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