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ARTICLE INFO ABSTRACT
Keywords: This study examines the effectiveness of the Neuroconstructivism (NeuroConstruct) teaching model in enhancing
Neuroconstructivism creative thinking, mathematics achievement, attention, and working memory among grade 7 students. A true
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experimental pre-test and post-test control group design was employed, involving 70 randomly selected students
from a total sample of 126 at a secondary school in Phayao, Thailand. The experimental group received in-
struction through the NeuroConstruct teaching model, while the control group followed the 5E teaching model.
Three assessments were utilized: a creative thinking test, a mathematics achievement test, and cognitive ability
software to measure attention and working memory. The findings indicate that Grade 7 students from a single
Thai secondary school who participated in the NeuroConstruct teaching model demonstrated higher post-test
performance in creative thinking, mathematics achievement, attention, and working memory than those who
received the 5E teaching model following a five-week intervention. These results provide comparative evidence
supporting the instructional potential of a NeuroConstruct teaching model in the studied context. However,
outcomes were measured immediately after the intervention, and therefore, the sustainability of these im-
provements over time cannot be inferred. Moreover, although the observed gains are theoretically consistent
with Neuroconstructivism, alternative explanations, such as novelty effects, teacher effects, or Hawthorne ef-
fects, cannot be fully ruled out in the absence of an attention or placebo control condition. Accordingly, the
findings should be interpreted cautiously and warrant replication across diverse educational settings and
extended time frames. This study’s key novelty lies in translating Neuroconstructivism—predominantly a
theoretical account of developmental, multi-constraint cognition—into a classroom-tested, phase-structured
teaching model with actionable lesson procedures. By operationalizing neuroconstructivism principles into six
implementable teaching syntaxes and evaluating them in a true experimental classroom design, the study makes
an applied contribution that bridges theory and practice in educational neuroscience.

Educational relevance statement

The present research on the NeuroConstruct teaching model has creative thinking, mathematics achievement, attention, and
educational relevance by providing an empirically tested, educa- working memory, critical components of student success in the
tional neuroscience-based approach to improving cognitive and 21st-century learning environment. This study provides compar-
academic outcomes in secondary education. The findings suggest ative evidence that implementing the NeuroConstruct model is
the model’s promising instructional potential in enhancing associated with higher scores in creative thinking, mathematics
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achievement, attention, and working memory than the 5E teach-
ing model in the studied context. Broader instructional recom-
mendations should be based on replication across settings and
stronger controls for potential confounds. Importantly, the present
study demonstrates strong ecological validity, as the intervention
was implemented within an authentic secondary school classroom
and aligned with the Thai national core curriculum. The instruc-
tional activities, assessment practices, and classroom interactions
reflect real-world teaching conditions rather than controlled lab-
oratory settings. This contextual grounding enhances the practical
relevance of the findings and supports the applicability of the
NeuroConstruct teaching model for actual classroom imple-
mentation in comparable educational systems.

1. Introduction

In the context of rapid digital transformation, education systems are
increasingly challenged to align learning processes with the demands of
Education 4.0, which emphasizes personalized learning, cognitive flex-
ibility, and future-oriented competencies (Bonfield et al., 2020;
Chaiarwut et al., 2025; Thianwan & Srikoon, 2026). The expansion of
digital technologies, accelerated by the COVID-19 pandemic, has further
reshaped instructional practices and highlighted the need for models
that integrate cognitive development with authentic classroom learning
(Bilyalova et al., 2020; Duangngern et al., 2025). Although construc-
tivist approaches, such as the 5E teaching model, have been widely
adopted to promote inquiry and engagement (Bybee et al., 2006; IPST,
2012), they do not explicitly operationalize underlying neurocognitive
processes, such as attention and working memory.

At the same time, contemporary research in Educational Neurosci-
ence and the Mind, Brain, and Education (MBE) movement has
emphasized the importance of integrating cognitive and neural mecha-
nisms into instructional design (Fischer et al, 2010;
Tokuhama-Espinosa, 2011). In particular, attention and working mem-
ory are foundational executive functions that support higher-order
outcomes, including creative thinking and mathematics achievement
(Lee & Bull, 2016; Sweatt, 2010; Zhao et al., 2021). These domains are
especially critical in secondary education, where students are expected
to engage in abstract reasoning and complex problem-solving (Menon,
2015). However, despite increasing theoretical insights, classroom
practices often remain insufficiently aligned with these neurocognitive
principles (Srikoon, 2020a; IPST, 2012).

Within this context, Neuroconstructivism has emerged as a
comprehensive developmental framework that conceptualizes learning
as the result of dynamic interactions among neural, embodied, social,
and environmental constraints (Karmiloff-Smith, 2017; Mareschal,
Johnson, et al., 2012; Thomas et al., 2021). The framework offers a
theoretically robust basis for instructional design by emphasizing
experience-dependent plasticity, interactive specialization, and
context-sensitive development (Astle et al., 2023; Johnson, 2011).
Nevertheless, a critical gap persists; existing research has predominantly
remained at the conceptual or laboratory level, with limited translation
into structured, classroom-based teaching models that are experimen-
tally validated in authentic educational settings (Fischer et al., 2010;
Thomas et al., 2021; Tokuhama-Espinosa, 2011).

More specifically, prior studies exhibit three key limitations. First,
many focus on isolated cognitive constructs (e.g., executive functions,
attention, and working memory) without situating them within an in-
tegrated developmental framework (Diamond, 2013; Lee & Bull, 2016).
Second, neuroscientific principles are often applied metaphorically
rather than operationalized into explicit pedagogical procedures. Third,
empirical classroom-based studies rarely incorporate concurrent mea-
surement of multiple cognitive and academic outcomes, particularly
attention and working memory, despite their central role in learning
(Astle et al., 2023). Consequently, there remains a lack of
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experimentally tested, classroom-based NeuroConstruct teaching
models, representing a significant gap in both theory-to-practice trans-
lation and empirical validation.

To address this gap, the present study proposes and experimentally
evaluates the NeuroConstruct teaching model, a structured, classroom-
implementable framework that operationalizes neuroconstructivist
principles into six explicit teaching syntaxes. Grounded in theory-
informed experimental research by design approach (McKenney &
Reeves, 2019; Plomp, 2013), this approach advances prior work in
three respects: (1) it integrates multi-level developmental
constraints—neural, embodied, social, and environmental—into
instructional design; (2) it explicitly targets attention and working
memory as foundational cognitive mechanisms supporting higher-order
outcomes; and (3) it provides experimental evidence from an authentic
classroom context, thereby moving beyond theoretical interpretation
toward empirically validated instructional innovation.

The focus on Grade 7 students is theoretically grounded in devel-
opmental neuroscience, as early adolescence represents a critical period
of reorganization in executive function networks and cognitive control
(Blakemore & Choudhury, 2006; Karmiloff-Smith, 2017). Mathematical
topics such as graphs, relations, and functions provide a cognitively
demanding context requiring representational coordination, working
memory, and attentional regulation (Arsalidou & Taylor, 2011; Menon,
2015). The Thai educational context, characterized by a gap between
curriculum expectations and classroom practices, offers an ecologically
valid setting for examining the applicability of neuroscience-informed
teaching models (Srikoon, 2020a; Srikoon et al., 2026).

The novelty of this study lies in translating Neuroconstructivism
from a predominantly theoretical framework into an experimentally
validated, classroom-based teaching model with clearly defined
instructional procedures, thereby bridging the longstanding gap be-
tween educational neuroscience theory and practical classroom imple-
mentation (Mirattanaphrai & Srikoon, 2026; Winitsiri & Srikoon, 2026).

Accordingly, this study employs a true experimental design to
examine whether the NeuroConstruct teaching model produces signifi-
cantly improved outcomes in creative thinking, mathematics achieve-
ment, attention, and working memory compared with the 5E teaching
model in authentic classroom conditions. The following section de-
lineates the specific research objectives that guide this investigation.

2. Research objectives

The present study aimed to examine the effectiveness of the Neuro-
Construct teaching model in enhancing students’ creative thinking,
mathematics achievement, attention, and working memory compared
with the 5E teaching model. The following research objectives guided
the empirical investigation:

1. To investigate the differences in creative thinking between the
NeuroConstruct teaching model (experimental group) and the 5E
teaching model (control group).

2. To compare the students’ mathematics achievement between the
experimental and control groups.

3. To assess the differences in attention accuracy between students in
the experimental and control groups.

4. To evaluate the differences in working memory accuracy between
students in the experimental and control groups.

These objectives are operationalized through specific research
questions and testable hypotheses in the following section. The rationale
for classifying primary and supporting outcome variables, along with a
comprehensive account of the intervention’s design and theoretical
alignment, is provided in the Research Methodology section.
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3. Research Questions and Hypotheses

Grounded in the theoretical framework of Neuroconstructivism and
implemented through a true experimental pre-test-post-test control
group design, the present study examines whether the NeuroConstruct
teaching model produces stronger cognitive and academic outcomes
than the widely used 5E teaching model. Specifically, the study in-
vestigates four outcome variables: creative thinking, mathematics
achievement, attention, and working memory.

Accordingly, the study addresses the following research questions

(RQ):

RQL1. Does instruction using the NeuroConstruct teaching model lead
to higher creative thinking outcomes among Grade 7 students
compared with instruction using the 5E teaching model?

RQ2. Does instruction using the NeuroConstruct teaching model lead
to higher mathematics achievement among Grade 7 students
compared with the 5E teaching model?

RQ3. Does instruction using the NeuroConstruct teaching model lead
to higher attention accuracy among Grade 7 students compared with
the 5E teaching model?

RQ4. Does instruction using the NeuroConstruct teaching model lead
to higher working memory accuracy among Grade 7 students
compared with the 5E teaching model?

Based on the principles of Neuroconstructivism—which emphasize
the dynamic interaction between neural processes, cognitive develop-
ment, and environmental learning constraints—it is expected that a
teaching model explicitly designed to engage attention regulation,
working memory processes, and cognitive flexibility will produce
stronger learning outcomes than a conventional constructivist inquiry
model.

Therefore, the following hypotheses (H) were formulated:

H1. Students receiving instruction through the NeuroConstruct
teaching model will demonstrate significantly higher post-test scores in
creative thinking than students receiving instruction through the 5E
teaching model.

H2. Students receiving instruction through the NeuroConstruct
teaching model will demonstrate significantly higher post-test scores in
mathematics achievement than students receiving instruction through
the 5E teaching model.

H3. Students receiving instruction through the NeuroConstruct
teaching model will demonstrate significantly higher attention accuracy
than students receiving instruction through the 5E teaching model.

H4. Students receiving instruction through the NeuroConstruct
teaching model will demonstrate significantly higher working memory
accuracy than students receiving instruction through the 5E teaching
model.

Together, these research questions and hypotheses establish a clear
analytical framework for evaluating whether the NeuroConstruct
teaching model yields measurable advantages over the 5E instructional
model across cognitive and academic domains.

4. Literature review
4.1. Neuroconstructivism

This section synthesizes contemporary empirical and theoretical
developments, with particular attention to multi-constraint interaction,
experience-dependent plasticity, and their implications for instructional
design (Astle et al., 2023; Thomas et al., 2021). Neuroconstructivism
provides a robust theoretical framework that emphasizes the dynamic
construction of cognitive representations in the developing brain
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(Karmiloff-Smith et al., 2018; Mareschal, Johnson, et al., 2012;
Westermann et al., 2007), offering an innovative lens through which
educational interventions can be designed to enhance outcomes in areas
such as creative thinking, mathematics achievement, attention, and
working memory.

Central to Neuroconstructivism is the idea that cognitive develop-
ment is constrained by several interacting factors, each playing a critical
role in shaping brain development and learning outcomes (Johnson &
Mareschal, 2012; Mareschal et al., 2007; Westermann et al., 2007).
Recent literature has further refined this dynamic, emphasizing
context-dependent plasticity and interactive specialization (Astle et al.,
2023; Farina, 2020; Thomas & Mareschal, 2020). In Neuro-
constructivism theory, the term “constraints” refers not to limitations,
but to structured influences that guide cognitive development through
complex interactions (Karmiloff-Smith, 2017; Mareschal et al., 2007).
These developmental constraints can be classified into six categories:

(1) Epigenetics and Gene-Environment Interaction

Neuroconstructivism emphasizes probabilistic epigenesis, which
highlights the bidirectional, dynamic interplay among genetic activity,
neural  processes, behavior, and  environmental context
(Karmiloff-Smith, 2017; Westermann et al., 2007). This approach di-
verges from deterministic genetic models, proposing instead that gene
expression is contingent upon both internal signals (e.g., neurochemical
states) and external environmental stimuli (Mareschal, Johnson, et al.,
2012). Thus, rather than treating genes as fixed blueprints, Neuro-
constructivism views them as modulators within a complex develop-
mental system in which experience and context influence how genes are
activated and regulated over time. This epigenetic view supports a
flexible developmental trajectory, which aligns with the broader inter-
active specialization framework underpinning Neuroconstructivism
theory (Johnson & Mareschal, 2012).

(2) Experience-Based Neuroplasticity

Experience-based neuroplasticity refers to the experience-dependent
refinement and reconfiguration of neural architecture at the micro-
structural level. Through activity-dependent synaptic modulation,
environmental engagement shapes neural representations—distinct,
recurring configurations of neuronal firing distributed across brain re-
gions (Bertrand & Camos, 2015; Sweatt, 2010). While these represen-
tations are initially influenced by intrinsic constraints such as genetic
architecture and cortical microarchitecture (Karmiloff-Smith, 2017;
Mareschal et al., 2007), they are continually refined through synaptic
plasticity and neurodevelopmental processes, including synaptic prun-
ing and activity-driven reorganization (Johnson, 2011; Karmiloff-Smith,
1992; Quartz & Sejnowski, 1997). Accordingly, the brain’s representa-
tional capacity is iteratively expanded through experience-based
learning, fostering flexible and adaptive cognitive functioning
(Johnson, 2011; Mareschal, Johnson, et al., 2012). This dynamic inter-
play between neural activity and experiential context constitutes the
neurobiological foundation of learning, affirming a central premise of
Neuroconstructivism (Karmiloff-Smith, 2017; Westermann et al., 2007).

(3) Embrainment

Neuroconstructivism emphasizes the principle of interactive
specialization, wherein brain regions undergo mutual, experience-
dependent tuning across development (Johnson, 2011). Rather than
experience affecting “isolated” brain regions, this model proposes that
functional networks emerge through dynamic and reciprocal in-
teractions among cortical and subcortical areas, gradually supporting
more complex cognitive operations (Johnson, 2000, 2011).

For instance, research on creative thinking suggests that it relies on
the interplay between the default mode network (DMN), the fronto-
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parietal control network (FPCN), and the salience network (Beaty et al.,
2015, 2021). Similarly, mathematical reasoning involves coordinated
activity across regions such as the intraparietal sulcus, prefrontal cortex,
and the angular gyrus, which are integrated over time through experi-
ence and formal learning (Arsalidou & Taylor, 2011; Menon, 2015).
These findings align with constructivist accounts of neural development,
in which foundational networks serve as scaffolds for the emergence of
higher-order systems.

(4) Embodiment

Within the Neuroconstructivism framework, embodiment refers to
the body’s essential role in shaping cognitive development through
environmental interactions. Cognitive processes are grounded in the
body’s morphology, motor systems, and sensorimotor experiences,
which actively contribute to the formation and refinement of neural
architecture (Mareschal et al., 2007; Westermann et al., 2007). Physical
interaction with the environment provides structured input, which is
critical for the brain’s fine-tuning of neural circuits, especially during
early learning and conceptual understanding (Karmiloff-Smith, 2009a,
2009b; Smith & Gasser, 2005). This perspective aligns with embodied
cognition, which emphasizes a dynamic, bidirectional relationship be-
tween the brain, body, and environment: neural activity modulates
bodily actions and perceptual orientations, reinforcing the reciprocity
between perception and action (Clark, 2008; Gallagher, 2006; Varela
et al.,, 2017). Educationally, this underscores the importance of
learning environments that incorporate bodily movement, physical
manipulation, and kinesthetic activity to support knowledge construc-
tion (Glenberg et al., 2013).

(5) Ensocialment

Within the Neuroconstructivism framework, ensocialment refers to
the social environment’s integral role in shaping cognitive development.
Rather than being a peripheral factor, the social context functions as a
primary mechanism through which neural and cognitive systems adapt
and specialize (Bartosovic, Kabbe, & Castelo-Branco, 2021; Nouri et al.,
2022; Westermann et al., 2007). Ensocialment extends radical neuro-
constructivism by emphasizing that cognition emerges through recip-
rocal interactions with sociocultural environments, in which language,
norms, and technologies serve as scaffolding for brain development
(Tokuhama-Espinosa & Borja, 2023; Uden & Ching, 2023). This concept
should not be understood as newly claimed but rather as a refinement of
existing frameworks situating cognitive development as inherently
relational, contextually embedded, and culturally mediated.

From this perspective, interactions with caregivers, peers, and cul-
tural tools shape neural architecture and guide cognitive trajectories
through experience-dependent plasticity and social scaffolding
(Carpendale & Lewis, 2006; Johnson, 2011; Karmiloff-Smith, 2009a).
Cultural practices and institutional norms shape how children encounter
and interpret their environment, thereby facilitating the acquisition of
cognitive tools for meaning-making (Rogoff, 2003; Tomasello, 1999;
Vygotsky, 1978). Educational settings, in particular, structure these in-
teractions by designing environments that facilitate exploration,
collaboration, and symbolic representation (Mareschal et al., 2007). In
this integrated view, cognitive development is not solely a neurobio-
logical process but also a relational, contextually embedded, and
culturally mediated one (Karmiloff-Smith, 2009a; Westermann et al.,
2007).

(6) Interaction between Constraints: Neuroconstructivism as a Multi-
constraint Framework for Development and Learning

Neuroconstructivism emphasizes that cognitive development is
shaped by the dynamic interplay of multiple constraints—genetic ac-
tivity, neural architecture, embodied action, and environmental
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context—which interact recursively throughout the lifespan (Mareschal
et al., 2007; Westermann et al., 2007). This systems-based view main-
tains that no single factor operates in isolation; rather, development is
the emergent outcome of continuous cross-level interactions that
co-regulate one another. This framework aligns historically with Fisch-
er’s dynamic skill theory, which proposed context-sensitive develop-
mental pathways shaped by both internal maturation and external
supports (Fischer & Bidell, 2006), and with Fischer and Rose’s (2001)
emphasis on the inseparability of cognitive, emotional, and social
development. Both perspectives reject reductionist views of develop-
ment and advocate a multilevel systems approach (Overton, 2013).

Contemporary developmental neuroscience reinforces this view.
Higher-order cognitive representations emerge through recursive,
multi-layered loops involving gene expression, synaptic activity, bodily
engagement, and ecological interaction (Johnson, 2011; Quartz &
Sejnowski, 1997). Non-primary cortical regions, characterized by high
plasticity and sensitivity to sensorimotor and social input, integrate and
abstract information to form multimodal, task-relevant representations
(Mareschal et al., 2007; Westermann et al., 2007). Together, these in-
sights advance a convergent vision of human development as inherently
dynamic, relational, and embodied, synthesizing neuroscientific and
educational paradigms rooted in constructivist traditions.

To further clarify the theoretical innovation of the NeuroConstruct
teaching model, a visual comparison with historical and contemporary
learning models is presented in Table 1. This comparison highlights how
Neuroconstructivism integrates multiple levels of constraint, differen-
tiating it from earlier models such as Behaviorism, Piaget’s Construc-
tivism, Vygotsky’s Sociocultural Theory, and the 5E teaching model.
Table 1 and Fig. 1 below present a conceptual map illustrating these
theoretical shifts and their educational implications (Astle et al., 2023;
Johnson, 2011; Karmiloff-Smith, 2017; Mareschal, Johnson, et al., 2012;
IPST, 2012).

In educational contexts, Neuroconstructivism provides a theoretical
foundation for teaching models that leverage interacting constraints to
optimize learning outcomes. The NeuroConstruct teaching model ap-
plies these principles by systematically engaging multiple neural net-
works and cognitive domains—including language processing,
mathematical reasoning, attentional control, and memory
consolidation—through structured activities that promote experience-
dependent learning and interactive specialization (Johnson, 2011;
Mareschal, Johnson, et al., 2012). Such an approach cultivates
higher-order cognitive skills by aligning instructional design with the
brain’s developmental architecture. A detailed account of the model’s
design, instructional procedures, and classroom implementation is pre-
sented in the Research Methodology section.

According to Neuroconstructivism, the construction of cognitive
representations is shaped by dynamic processes of competition and co-
ordination. Competition refers to the specialization of neural compo-
nents for diverse processing tasks, in which different neural circuits vie
for resources, leading to the refinement and differentiation of cognitive
functions in experience-dependent contexts (Karmiloff-Smith, 2017;
Mareschal, Johnson, et al., 2012). Coordination involves integrating
separate neural components, enabling the reuse and recombination of
existing knowledge to form complex representations (Johnson, 2011;
Westermann et al., 2007). The development of these representations
crucially depends on children’s proactive engagement with their envi-
ronment, as active exploration provides experiential input that drives
experience-dependent plasticity and refines neural architecture
(Karmiloff-Smith, 2009a; Smith & Gasser, 2005).

In this study, the Neuroconstructivism-based educational interven-
tion refers explicitly to the NeuroConstruct teaching model, which
comprises six instructional phases that systematically engage multiple
interacting constraints of cognitive development. Compared with con-
ventional models such as the 5E teaching model, the NeuroConstruct
teaching model explicitly targets neurodevelopmental mechanisms to
foster higher-order thinking and cognitive flexibility.
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Table 1
The comparative learning model.
Representative Theorists Model Key Mechanisms View of Learner ~ Brain-Cognition Social/Embodied/
Link Environmental Factors
Skinner (2014) Behaviorism Stimulus-response conditioning Passive receiver  Ignored Ignored
Piaget (1952) Piaget’s cognitive Stages of cognitive development Active Abstract Minimal
constructivism meaning-maker  development
Vygotsky (1978) Vygotsky’s social Zone of Proximal Development, Socially Implicit Social emphasized
constructivism scaffolding interactive
Bybee et al. (2006); IPST (2012) 5E teaching model Inquiry cycle (Engage-Evaluate) Inquiry- Indirect Experiential context
oriented emphasized
Karmiloff-Smith (2017); Mareschal, Neuroconstructivism Multi-constraint interaction: Pro-active Central focus Fully integrated
Johnson, et al. (2012); Astle et al. genes, brain, body, society constructor

(2023)
Genetic—Epigenetic
Brain Social
Activity Context
NEUROCONSTRUCTIVISM
Embodied
Interaction

Fig. 1. Schematic representation of the multi-constraint interaction framework
in Neuroconstructivism. The four interacting constraints — genetic—epigenetic,
brain activity, embodied interaction, and social context — converge to shape
cognitive  development through dynamic, bidirectional influences
(Karmiloff-Smith, 2017; Mareschal, Johnson, et al., 2012).

It should be noted that the present study does not provide direct
evidence of neurobiological activation or neural change. No neuro-
imaging, electrophysiological, or biological measures were employed.
Accordingly, references to neural systems, neuroplasticity, or neuro-
modulatory processes are presented as theoretical assumptions derived
from the Neuroconstructivism framework, rather than as empirically
measured mechanisms. The findings should therefore be interpreted
solely in terms of behavioral and cognitive performance.

4.2. 5E teaching model

The 5E teaching model, developed by the Biological Sciences Cur-
riculum Study (BSCS), is a widely adopted inquiry-based instructional
framework consisting of five sequential phases: Engage, Explore,
Explain, Elaborate, and Evaluate (Bybee et al., 2006). The model has
been implemented extensively in science and mathematics education
worldwide, including in Thailand, where it is endorsed by the Institute
for the Promotion of Teaching Science and Technology (IPST, 2012).
Grounded in constructivist principles, the 5E model promotes active

student participation through a cycle of stimulating interest (Engage),
hands-on investigation (Explore), data interpretation and knowledge
articulation (Explain), application to novel contexts (Elaborate), and
summative assessment of learning outcomes (Evaluate). This
student-centered approach emphasizes inquiry, conceptual under-
standing, and the iterative construction of knowledge through experi-
ential learning.

The 5E teaching model was selected as the control condition for
methodological rather than theoretical reasons. Although the 5E model
represents an effective constructivist framework, it was not originally
designed to operationalize neurocognitive mechanisms at the instruc-
tional level (Bybee et al., 2006). In contrast, the NeuroConstruct
teaching model integrates a multi-constraint developmental framework
that explicitly targets neural system activation, attention regulation, and
working memory processes (Astle et al., 2023; Karmiloff-Smith, 2017;
Mareschal, Johnson, et al., 2012). This comparison is therefore designed
to examine whether explicitly embedding neuroconstructivist principles
yields additional cognitive and academic benefits beyond those
achievable through a widely adopted constructivist inquiry model.
Given that alternative neuroscience-based teaching models remain
limited and insufficiently standardized for school-based research
(Fischer et al., 2010; Thomas et al., 2021), the 5E model serves as an
ecologically valid baseline reflecting current mainstream classroom
practice.

Recent meta-analytical evidence by Polanin et al. (2024) systemati-
cally reviewed the effects of the 5E teaching model across diverse
educational contexts, concluding that the model yields moderate posi-
tive effects on student learning outcomes, particularly in STEM subjects.
However, the effects of the 5E teaching model on cognitive functions,
such as attention and memory, remain underexplored. Neuro-
constructivism explicitly targets these neurocognitive domains through
integrative interventions that engage mechanisms of brain plasticity and
cognitive control, suggesting potential advantages for fostering
higher-order cognitive skills.

Accordingly, this study hypothesizes that students receiving in-
struction through the NeuroConstruct teaching model will demonstrate
significantly greater improvements in creative thinking, mathematics
achievement, attention, and working memory than those taught via the
5E teaching model. The specific hypotheses and expected effect sizes are
formalized in the Research Questions and Hypotheses section.

4.3. Creative thinking

Creative thinking is widely recognized as a fundamental cognitive
ability for fostering innovation and addressing complex problems,
involving the generation of novel and valuable ideas through cognitive
processes such as fluent thinking, flexible thinking, and original thinking
(Mumford et al., 2012; Runco & Acar, 2012). Fluent thinking refers to
the ability to rapidly generate multiple relevant responses; flexible
thinking involves producing ideas across diverse conceptual categories;
and original thinking denotes the capacity to generate novel ideas that
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deviate from conventional approaches (Bicer et al., 2021). This capacity
is critical in education for preparing students to meet the demands of the
21st century (Sternberg & Lubart, 1999), and educational neuroscience
research supports the effectiveness of interventions aimed at enhancing
creative thinking through neuroconstructivist approaches (Srikoon
et al., 2018; Zhou & George, 2003).

From a neurocognitive perspective, creative thinking is supported by
the prefrontal cortex and associated networks that manage executive
functions, including working memory, attention regulation, and cogni-
tive flexibility (Dietrich, 2004; D'Esposito & Postle, 2015). The dorso-
lateral prefrontal cortex is critical for maintaining and manipulating
information, while the anterior cingulate cortex and frontoparietal
networks contribute to attentional control and flexible thinking (Miller
et al., 2018; Niendam et al., 2012; Scolari et al., 2015). These neural
mechanisms underscore the relevance of instructional approaches that
systematically engage executive function networks to foster creative
thinking.

4.4. Mathematics achievement

Mathematics achievement is a critical component of academic suc-
cess, reflecting a student’s ability to engage with and comprehend cur-
riculum content (Srikoon et al.,, 2020). While numerous factors
contribute to mathematical performance, including motivation, teach-
ing quality, and socio-emotional variables (Asare et al., 2024; Pajares &
Graham, 1999), cognitive functions play a particularly significant role.
Attention and working memory have been shown to directly affect
mathematics performance by supporting the encoding, manipulation,
and retrieval of numerical and spatial information required for mathe-
matical reasoning (Best et al., 2011; Blair & Razza, 2007; Lee & Bull,
2016). These findings underscore the importance of instructional ap-
proaches that systematically engage cognitive functions to optimize
mathematical learning outcomes (Srikoon, 2020a).

4.5. Attention

Attention is a fundamental cognitive process that enables the brain to
selectively focus on relevant stimuli while inhibiting distractions,
thereby optimizing information processing and learning outcomes
(Thiele & Bellgrove, 2018). Recent advances in developmental cognitive
neuroscience emphasize the multifaceted nature of attention, which
encompasses alerting, orienting, and executive control networks (Amso
& Scerif, 2015; Petersen & Posner, 2012). These networks operate
through neuromodulatory systems involving neurotransmitters such as
norepinephrine, acetylcholine, and dopamine, which regulate alertness
and attentional focus (Lindsay, 2020; Sarter & Paolone, 2011). Adequate
attention supports higher-order cognitive functions, including working
memory, problem-solving, and creative thinking (Marchetti, 2014; Shi
& Qu, 2022).

Attention processes involve complex neural networks rather than a
simple linear flow from the thalamus to the neocortex. Specifically,
attention is regulated by dynamic interactions among multiple circuits,
including the thalamus, prefrontal cortex, and parietal cortex, which
form integrated networks such as the fronto-parietal control network
and the salience network (Lindsay, 2020; Posner & Petersen, 1990;
Sereno et al., 2025; Sweatt, 2010). Recent meta-analyses of neuro-
imaging studies have further clarified the pivotal role of the dorsal and
ventral attention networks in regulating selective attention and execu-
tive functions (Dehaene, 2020; Rosenberg et al., 2016). Enhanced
functional integrity within these networks has been linked to improve-
ments in academic achievement and cognitive control (Astle et al.,
2023).

Attention can be categorized into distinct types, including simple
reaction, focused, selective, and sustained attention (Srikoon et al.,
2017). Attention and working memory share a dynamic, reciprocal
relationship: attention influences the capacity and efficiency of working
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memory, while working memory supports the maintenance and
manipulation of attentional focus (Baddeley, 2003; Marchetti, 2014).
This bidirectional interplay is critical for experience acquisition and for
enhancing learning outcomes (Amso & Scerif, 2015; Bertrand & Camos,
2015), and recognizing this mutual influence enables more precise tar-
geting of educational interventions to improve both attentional control
and working memory function.

Consequently, attention acts as a foundational cognitive function
that enables higher-order processes. Creative thinking relies on atten-
tional flexibility and sustained focus to generate novel ideas (Beaty
et al., 2015), while mathematics achievement depends on the efficient
allocation of attentional resources to complex problem structures and
abstract reasoning (Menon, 2015). By targeting these cognitive sub-
processes through interventions that engage executive control, enhance
sustained attention, and activate neuromodulatory pathways,
neuroconstructivism-based teaching models systematically strengthen
attentional control, thereby facilitating improvements in working
memory, creative thinking, and mathematical performance (Lindsay,
2020; Srikoon et al., 2017).

4.6. Working memory

Working memory is a multifaceted cognitive system that temporarily
maintains and manipulates information required for complex cognitive
tasks (Baddeley, 2003; Sweatt, 2010). It encompasses multiple subtypes
corresponding to different information modalities — including auditory
(phonological), visual, kinesthetic, and spatial processing — each sup-
ported by distinct but interacting neural substrates (Baddeley, 2012;
Oberauer, Souza, Druey, & Gade, 2013). For example, the phonological
loop is responsible for verbal and auditory information, whereas the
visuospatial sketchpad processes visual and spatial data (Baddeley,
2003). Baddeley’s updated model (2012) further incorporates the
episodic buffer, which integrates information across modalities and in-
terfaces with long-term memory, while the central executive orches-
trates attentional control and cognitive flexibility according to
situational requirements (Miyake & Shah, 1999).

Neuroanatomically, the prefrontal cortex (PFC) plays a central role
in working memory, with distinct functional specialization across sub-
regions. The ventrolateral PFC is particularly involved in non-spatial,
domain-specific maintenance of information, while the dorsolateral
PFC contributes to the manipulation and monitoring of spatial and ex-
ecutive components (D'Esposito & Postle, 2015; Lara & Wallis, 2015).
Working memory function is further modulated by contextual factors
such as autobiographical referencing, familiarity, task demands, and
urgency, reflecting its dynamic nature in real-world settings (Cowan,
2017; Ranganath & Blumenfeld, 2005). More recent neuroimaging ev-
idence has further elucidated the dynamic interactions within prefrontal
and parietal networks, with neurocomputational models indicating that
working memory maintenance and manipulation involve recurrent
neural circuits modulated by dopaminergic neuromodulation within the
PFC (Braver, 2012; Klaus & Pennington, 2019). This comprehensive
understanding underpins the development of educational interventions
designed to enhance working memory through experience-dependent
plasticity and cognitive training (Melby-Lervag & Hulme, 2013;
Sreenivasan et al., 2014).

Research conducted in Thailand by Srikoon (2019, 2020b) has
validated the multidimensional structure of working memory, encom-
passing basic processing, shifting, updating, and inhibiting components,
and demonstrated that working memory significantly influences aca-
demic achievement, problem-solving, and creative thinking (Srikoon
et al, 2020a). These findings converge with international
meta-analyses and longitudinal investigations confirming the critical
role of working memory components in supporting academic skills
across diverse populations (Dunning et al., 2013; Hu & Hu, 2023;
Packiam Alloway and Alloway, 2013). Consequently, interventions
targeting working memory through training programs have produced
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promising effects on cognitive and academic outcomes, underscoring
the need to incorporate working memory considerations into instruc-
tional design frameworks grounded in Neuroconstructivism principles
(Klingberg, 2010; Melby-Lervag & Hulme, 2013; Srikoon et al., 2020a).

Additionally, contemporary research highlights the pivotal role of
working memory in academic success and creativity (Alloway &
Alloway, 2015; Cowan, 2017; Sala & Gobet, 2017). These studies
further emphasize the importance of designing educational in-
terventions that specifically target working memory to facilitate
enhanced learning and creative performance.

Recent advances in cognitive neuroscience have established that
working memory and attention are not localized solely within the pre-
frontal cortex but rather emerge from the coordinated activity of
distributed brain networks. Neuroimaging evidence highlights the
pivotal role of the fronto-parietal control network in maintaining and
manipulating working memory representations (D'Esposito & Postle,
2015; Miller et al., 2018), with dopaminergic neuromodulation
dynamically supporting the updating and flexible allocation of atten-
tional resources (Braver, 2012; Klaus & Pennington, 2019). Contempo-
rary neuroscience further conceptualizes working memory and attention
as emerging from dynamic interactions among the executive control
network, the default mode network, and salience network dynamics
(Beatty et al., 2019; Brissenden & Somers, 2019; Horowitz-Kraus et al.,
2023). Similarly, creative thinking and problem-solving are now un-
derstood as products of coordinated interactions between the default
mode network, the salience network, and the fronto-parietal network,
which collectively balance spontaneous idea generation with
goal-directed cognitive control (Beaty et al., 2015, 2021; Cubillos-Pinilla
et al., 2025).

In summary, these advances reflect a decisive paradigm shift from
region-centric to network-based perspectives, demonstrating that
working memory, attention, and creative thinking emerge from the
coordinated interactions of large-scale brain systems. This systems-level
framework — grounded in evidence from neuroimaging, meta-analyses,
and neurocomputational modeling — underscores that executive func-
tions and creativity depend on dynamic connectivity rather than local-
ized activity, offering valuable implications for the design of educational
models that aim to foster flexible thinking and problem-solving across
authentic learning contexts.

Thus, this study examines the NeuroConstruct teaching model as a
theory-informed instructional framework, evaluating its effectiveness
through behavioral outcomes rather than direct neurobiological
evidence.

5. Research methodology

The present study was part of the research project ID: 2.1/006/63 ,
which received ethical approval from the Human Ethics Committee at
the University of Phayao. In accordance with established ethical
guidelines, all participants provided informed consent prior to partici-
pating in this research. This project examines the effectiveness of the
NeuroConstruct teaching model in enhancing students’ creative
thinking, mathematics achievement, attention, and working memory.
The methodology adhered to rigorous ethical standards to ensure the
integrity of the research process and the protection of participants’
rights.

5.1. Research design

This study implemented a true experimental design utilizing a pre-
test and post-test control group, a widely recognized methodology for
assessing teaching models when multiple sample groups are involved,
anticipated learning outcomes are measured, and random assignment is
employed. This design is particularly well-suited to investigating the
effects of NeuroConstruct teaching models (detailed in the Intervention
Process or Appendix A and B), as it enables the collection and
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comparison of outcome data across groups, thereby facilitating the
analysis and interpretation of results. Drawing on comparative data, this
approach thoroughly examines how the dependent variables, students’
creative thinking, mathematics achievement, attention, and working
memory, are influenced by the applied teaching models (Neuroconstruct
and the 5E teaching model). Furthermore, it controls for potential
confounding variables, thereby minimizing their influence on the find-
ings and enabling more precise inferences about the impact of the
teaching interventions. Importantly, a major methodological strength of
the present study lies in its implementation of a true experimental design
incorporating both random selection and random assignment. This
combination substantially strengthens both external and internal val-
idity by ensuring representativeness of the sample and equivalence be-
tween groups prior to the intervention (Creswell & Creswell, 2018;
Shadish et al., 2002). Moreover, true experimental designs used in
educational research, when combined with true randomization, mini-
mize selection bias and enhance the credibility of causal inference
regarding the observed effects of the NeuroConstruct teaching model
(Campbell & Stanley, 1963; Cohen et al., 2018). Consequently, differ-
ences in post-test outcomes can be more confidently attributed to the
teaching intervention rather than to pre-existing group differences or
uncontrolled confounding variables.

In the present study, creative thinking and mathematics achievement
were treated as the primary educational outcomes because they repre-
sent key academic and higher-order learning goals in mathematics ed-
ucation. Attention and working memory were conceptualized as
supporting cognitive outcomes that reflect the underlying executive
functions targeted by the NeuroConstruct teaching model. Although all
four variables were empirically measured as dependent variables, this
distinction clarifies the functional role of each outcome within the study
design. The simultaneous assessment of creative thinking, mathematics
achievement, attention, and working memory enables a comprehensive
evaluation of both cognitive and academic outcomes within a single
experimental framework, consistent with Neuroconstructivism’s
emphasis on coordinated cognitive development (Diamond, 2013;
Mareschal, Johnson, et al., 2012).

Attention and working memory were selected as key cognitive
outcome variables due to their foundational roles within the broader
domain of executive functions (Best & Miller, 2010; Diamond, 2013;
Pumyoch & Srikoon, 2024). While the study did not explicitly measure
other executive function components such as inhibitory control or
cognitive flexibility, the focus on attention and working memory was
guided by their established empirical links to creative thinking and
mathematics achievement (Lee & Bull, 2016; Zhao et al., 2021).

5.2. Participant and sampling procedure

This study employed a true experimental design, in which students
were randomly assigned to either an experimental or a control group.
The sample comprised 70 students, randomly selected from a population
of 126 seventh-grade students enrolled at a secondary school in Payao,
Thailand, during the second semester of the 2020 academic year. Due to
the COVID-19 pandemic and its post-pandemic conditions during the
second semester of the 2020 academic year, all instructional activities
for this study were conducted in a face-to-face classroom setting, with
strict adherence to internationally recommended health and safety
protocols. These measures included mandatory face mask use for all
students and teachers, regular temperature checks at school entry
points, physical distancing in classrooms, and frequent hand hygiene.
Conducting the study in person under such controlled conditions may
affect student engagement and learning outcomes, as face-to-face
interaction supports more direct instructional delivery but may also
introduce stress or discomfort due to health precautions.

The sampling process involved two key phases: random selection
followed by random assignment. Specifically, participants were
randomly selected via coin flip, and the selected students were then
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randomly assigned to two groups: 35 students in the experimental
group, who received instruction using the NeuroConstruct teaching
model, and 35 students in the control group, who followed the 5E
teaching model.

To ensure procedural transparency and replicability, the randomi-
zation process was conducted using a standardized coin-flip protocol
administered by the principal researcher, with a classroom teacher
serving as an observer. For the random selection phase, each of the 126
eligible students was assigned a unique identification number. A fair
coin was flipped sequentially for each student: “heads” indicated in-
clusion in the sample, whereas “tails” indicated exclusion. This process
continued until the required sample size of 70 students was reached.

Following sample selection, a second coin-flip procedure was con-
ducted to randomly assign participants to either the experimental or
control group. Each selected student was again assigned a sequential
order, and a coin was flipped individually: “heads” assigned the student
to the experimental group, and “tails” assigned the student to the control
group. This assignment process was conducted before the pre-test to
prevent allocation bias.

All coin flips were conducted manually using a standard physical
coin to ensure randomness, and no computerized randomization tools
were employed. The procedure was completed in a single session before
the intervention phase, ensuring that group allocation was finalized
prior to instructional implementation.

To further clarify the statistical adequacy of the randomization
procedure, the coin-flip method employed in this study can be concep-
tualized as a Bernoulli randomization process, in which each participant
has an equal and independent probability (p = .50) of being selected and
assigned to either group. This procedure satisfies the fundamental
assumption of simple random sampling and random assignment, namely
that each unit in the population has an equal likelihood of selection and
allocation (Creswell & Creswell, 2018; Shadish et al., 2002). From a
statistical perspective, manual coin flipping constitutes a valid me-
chanical randomization technique that approximates true randomness
under conditions of fairness and independence, comparable to
computer-generated random number procedures in small to moderate
sample sizes (Cohen et al., 2018). The use of a standardized protocol,
including sequential assignment, observer verification, and
pre-intervention implementation, further enhances procedural reli-
ability and reduces allocation bias. However, it is acknowledged that
manual randomization methods may be less reproducible than
algorithm-based randomization due to potential human or procedural
variability. To mitigate this limitation, the present study ensured
transparency by documenting the randomization protocol in detail,
thereby aligning with best practices for reproducibility in experimental
research (Schulz et al., 2010). Collectively, these procedures support the
study’s internal validity while maintaining feasibility within an
authentic classroom context.

Random selection and assignment processes were pivotal in ensuring
the study’s validity. Random selection played a crucial role in enhancing
the study’s external validity, thereby facilitating the generalizability of
the findings to a broader population. In contrast, random assignment
was crucial for establishing internal validity, thereby enabling the
researcher to draw causal inferences about the intervention’s effects.
While these procedures serve distinct purposes, both are essential for
safeguarding the study’s rigor and ensuring robust, applicable results
across different educational contexts.

The sampling procedure employed in this study used simple random
sampling. From a population of 126 Grade 7 students, all individuals
were given an equal probability of selection (Creswell & Creswell,
2018). A mechanical randomization procedure (coin flipping) was
used to randomly select 70 students to participate in the study.
Following participant selection, random assignment was conducted to
allocate students to either the experimental group (n = 35) or the control
group (n = 35). No individual-matching procedures were applied, as
random assignment was considered sufficient to control selection bias
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and strengthen internal validity (Shadish et al., 2002). Baseline equiv-
alence between groups was verified by comparing pre-test scores across
all dependent variables; no statistically significant differences were
observed, indicating comparable initial characteristics between the two
groups. The remaining 56 students who were not selected through the
random sampling process continued to participate in regular classroom
instruction and were not involved in any experimental activities. Their
exclusion was solely due to the statistical sampling process, rather than
differences in academic performance or demographic characteristics.
The use of simple random sampling supports the study’s external val-
idity by reducing systematic selection bias and enhancing the general-
izability of the findings to similar educational contexts (Cohen et al.,
2018).

To further enhance transparency in participant flow, no attrition
occurred during the study. All 70 students who were initially selected
and randomly assigned to the experimental (n = 35) and control groups
(n = 35) completed both the pre-test and post-test assessments.

Additionally, no missing data were observed across any of the
measured variables. All participants provided complete datasets for
creative thinking, mathematics achievement, attention, and working
memory. Therefore, all analyses were conducted using the full sample
without the need for data imputation or case exclusion.

A summary of participant flow is as follows: from an initial popula-
tion of 126 eligible students, 70 were randomly selected to participate in
the study, while the remaining 56 students continued regular instruction
and were not included in the experimental procedures. All selected
participants completed the study as planned and were included in the
final analysis.

To enhance transparency and align with best practices for reporting
experimental studies, a participant flow diagram is provided (Fig. 2).
The diagram illustrates the progression of participants through each
stage of the study, including the total number of eligible students (N =
126), the randomly selected sample (n = 70), allocation to experimental
(n = 35) and control groups (n = 35), and final inclusion in the analysis.

As shown in Fig. 2, no attrition occurred during the intervention, and
all participants completed both pre-test and post-test assessments.
Furthermore, no missing data were identified across any of the measured
variables. Therefore, all randomized participants were included in the
final analysis. This transparent reporting of participant flow strengthens
the methodological rigor and replicability of the study.

Eligible students (N = 126)

Random selection

Selected sample (n = 70)

Random assignment

| |

Experimental Group (n=35) Control Group (n=35)

| |

Completed (n=35) Completed (n=35)

. .

Included in analysis (n = 70)
Missing data: None
Attrition: None
Excluded: 56 (not selected)

Fig. 2. Participant flow diagram of the study.
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The participants in this study comprised 70 Grade 7 students, with a
mean age of 12.6 years (SD = 0.48; range = 12-13 years). This age range
corresponds to early adolescence, a developmental period characterized
by rapid reorganization of executive function networks, particularly
attention and working memory (Blakemore & Choudhury, 2006;
Karmiloff-Smith, 2017).

Regarding gender distribution, the sample included 36 male students
(51.4%) and 34 female students (48.6%). No statistically significant
differences in gender composition were observed between the experi-
mental and control groups, reducing the likelihood of demographic bias
influencing the intervention outcomes.

Baseline equivalence between the experimental and control groups
was examined using independent-samples t-tests on all pre-test scores.
Results indicated no statistically significant pre-test differences for
mathematics achievement, flexible thinking, original thinking, and all
attention and working memory subtests (all p > .05). However, a sta-
tistically significant pre-test difference was observed for fluent thinking
(t(68) = —3.588, p < .001), with the experimental group scoring higher
at baseline (M = 25.11, SD = 2.61) than the control group (M = 21.91,
SD = 4.58). To account for this pre-existing difference, fluent thinking
post-test outcomes were interpreted in conjunction with within-group
standardized mean gain scores (Becker, 1988), thereby quantifying
change relative to each group’s own baseline rather than relying solely
on between-group post-test comparisons (Morris & DeShon, 2002). This
procedure aligns with best practices in true experimental design and
supports the study’s internal validity by ensuring that post-intervention
differences can be attributed to the instructional models rather than to
pre-existing academic disparities (Cohen et al., 2018; Shadish et al.,
2002).

To control potential confounding variables, several methodological
safeguards were implemented. First, both the experimental and control
groups were instructed in the same academic semester and participated
in an identical five-week intervention (2 h per week), thereby mini-
mizing history and time-related effects. Second, no special academic
events, supplemental programs, or differential extracurricular activities
occurred during the intervention that could differentially influence the
two groups. Both groups were taught in comparable face-to-face class-
room settings and were subject to identical COVID-19 health and safety
protocols throughout the study period. Finally, students were not
formally informed of their assignment to the experimental or control
condition. Instruction in both groups was delivered as part of routine
classroom practice, which helped reduce expectancy and Hawthorne
effects. Collectively, these procedures align with established principles
of true experimental design and strengthen the study’s internal validity.

To ensure clear reproducibility and procedural transparency, the
instructional differences between the experimental and control condi-
tions are explicitly delineated.

The experimental group (NeuroConstruct teaching model) received
instruction structured into six sequential phases: neuron stimulation,
neuron construction, connecting brain regions, connecting brain and
body, connecting body and society, and integration of constraints. Each
phase incorporated explicitly designed activities targeting attention
regulation, working memory updating, embodied interaction, and social
cognition through structured tasks, guided prompts, and phase-specific
cognitive activation strategies. Detailed lesson plans, activity se-
quences, materials, and time allocation are provided in Appendices A
and B to enable replication.

In contrast, the control group (5E teaching model) followed a con-
ventional inquiry-based sequence: Engage, Explore, Explain, Elaborate,
and Evaluate. Instruction emphasized conceptual understanding
through questioning, discussion, and problem-solving activities, without
explicit targeting of neurocognitive processes such as attention or
working memory. The same mathematical content, instructional dura-
tion (five weeks, 2 h per week), and classroom conditions were main-
tained across both groups to ensure equivalence, with the primary
difference being the instructional design and cognitive emphasis
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embedded in each model.

To further ensure comparability, both groups were taught by the
same teacher, followed parallel curriculum objectives, and used equiv-
alent assessment procedures. However, only the experimental group
received structured neurocognitive activation tasks aligned with Neu-
roconstructivism principles.

5.3. Intervention Process

5.3.1. Neuroconstructivism teaching model

The Neuroconstructivism teaching model (also known as the Neu-
roConstruct teaching model) was developed by researchers and is
grounded in the Neuroconstructivism approach. The construction of the
prototypical NeuroConstruct teaching model followed this approach.
Content validity of the NeuroConstruct teaching model was thoroughly
evaluated through multiple meetings with a panel of three educational
experts from the University of Phayao. To establish the content validity
of the NeuroConstruct teaching model, a panel of three experts with
recognized expertise in cognitive neuroscience, curriculum and
instructional design, and developmental psychology critically reviewed
the model. Each expert held a doctoral degree, was an assistant pro-
fessor, had published extensively in fewer than five peer-reviewed
journals, and had more than five years of experience in designing and
evaluating educational interventions. Their collective expertise ensured
that the model was theoretically aligned with Neuroconstructivism
principles, pedagogically applicable in classroom contexts, and devel-
opmentally appropriate for adolescent students. The validation process
involved iterative cycles of feedback and refinement, confirming the
theoretical coherence, pedagogical feasibility, and neurocognitive
appropriateness of the NeuroConstruct teaching model, thereby
strengthening its content and face validity for implementation.

The expert panel consisted of three scholars with doctoral qualifi-
cations and formal academic appointments in cognitive neuroscience,
curriculum and instructional design, and developmental psychology.
Each expert had more than five years of professional experience in
designing and evaluating educational interventions and had published
peer-reviewed research in their respective fields. Their role was to
evaluate the theoretical coherence, pedagogical feasibility, and neuro-
developmental appropriateness of the model through multiple rounds of
structured feedback (Astle et al., 2023; Thomas & Mareschal, 2020).

The development of the NeuroConstruct teaching model was con-
ducted over a six-month period prior to the experimental study’s
implementation. The model development process comprised three iter-
ative phases: (1) theoretical design and alignment with Neuro-
constructivism principles, (2) expert review and refinement, and (3)
pilot implementation and revision. This structured process aligns with
established design-based and theory-informed educational research
methodologies, which emphasize iterative refinement grounded in the-
ory and empirical feasibility (McKenney & Reeves, 2019; Plomp, 2013).

Grounded in a comprehensive understanding of the Neuro-
constructivism framework and aligned with contemporary educational
neuroscience, the teaching model was co-developed by three experts
with specialized backgrounds in cognitive neuroscience, curriculum
design, and developmental psychology. These experts employed an
iterative validation process consisting of (1) theoretical alignment
verification, (2) pedagogical content mapping, and (3) neurocognitive-
developmental appropriateness analysis. This approach is consistent
with Neuroconstructivism principles, which emphasize developmental
constraints, context-dependent learning, and the interdisciplinary syn-
thesis of neuroscience and education (Astle et al., 2023; Farina, 2020;
Thomas & Mareschal, 2020). The validation ensured the model’s
alignment with the principles of interactive specialization, neural plas-
ticity, and experience-dependent learning, which are foundational to
Neuroconstructivism-informed design.

The experts critically reviewed the model’s components, which
comprised clearly defined themes, guided teaching practices,
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instructional strategies, and explicit pedagogical instructions aligned
with Neuroconstructivism principles. Specifically, the panel assessed:
(1) the theoretical alignment and accuracy of the Neuroconstructivism
concepts integrated into the teaching model; (2) the applicability and
feasibility of the teaching strategies and lesson plans in actual classroom
settings; and (3) the clarity and usability of the teaching guide provided
to educators. Feedback from these expert reviews informed iterative
revisions, ensuring that the model was both conceptually sound and
practically implementable. Subsequently, it was revised based on expert
feedback. These processes established each teaching process for imple-
menting the NeuroConstruct teaching model. Moreover, these issues
were discussed to improve the prototypical NeuroConstruct teaching
model: (1) the accuracy and clarity of the knowledge about the Neuro-
Construct teaching model; (2) the applicability of the NeuroConstruct
teaching model and the lesson plans; and (3) the teaching guide to the
teaching model. The panel consisted of three distinguished educational
experts specializing in curriculum development, instructional design,
and cognitive neuroscience in education. Each expert has extensive
experience in designing and validating educational interventions and
teaching models, holds a doctoral degree, and has published five pub-
lications in the fields of curriculum and instruction. Their combined
expertise ensured theoretical alignment, practical applicability, and
developmental appropriateness of the NeuroConstruct teaching model.
Finally, a meeting was held with three experts to assess the face validity
of three aspects. Based on the experts’ conclusion, the NeuroConstruct
teaching model was excellent and feasible. Following expert validation,
a pilot implementation of the NeuroConstruct teaching model was
conducted with a small group of Grade 7 students (n = 35) who were not
included in the main experimental sample. The pilot phase aimed to
examine the clarity of instructional procedures, the feasibility of class-
room implementation, and students’ engagement with neurocognitively
informed learning activities. Feedback obtained from classroom obser-
vations and informal teacher reflections was used to refine lesson
sequencing, activity duration, and instructional scaffolding prior to the
main intervention. Pilot testing is recommended in educational research
to enhance intervention validity and implementation fidelity
(McKenney & Reeves, 2019; Plomp, 2013). The NeuroConstruct teach-
ing model is designed as a comprehensive framework that addresses
both the content delivered and its teaching approach. The model in-
tegrates neuroscience principles into curriculum content development
(WHAT?) by focusing on cognitive domains such as creative thinking,
mathematics achievement, attention, and working memory. Simulta-
neously, it incorporates pedagogical strategies and instructional phases
(HOW?) that engage learners through six systematic steps, promoting
interaction between genetic, neural, bodily, social, and environmental
factors to optimize learning outcomes. This dual focus ensures the
model’s applicability in real classroom settings through detailed lesson
plans and teaching guides that facilitate effective implementation.
Hence, the NeuroConstruct teaching model, also known as the ‘Neuro-
Construct teaching model,” could be implemented in classrooms.

The true experimental design enabled the comparison of differences
in learning outcomes across four aspects: creative thinking, mathematics
achievement, attention, and working memory. This study’s research
hypothesis was tested using the NeuroConstruct and 5E teaching
models.

The NeuroConstruct teaching model comprises four core principles
grounded in Neuroconstructivism theory: (1) interactions occur
dynamically among genes, neural activity, brain regions, the body, and
environmental factors, influencing cognitive development and learning
(Karmiloff-Smith, 2017; Mareschal, Johnson, et al., 2012); (2) context
dependence critically shapes mental representations through
experience-based neuroplasticity and social interactions (Astle et al.,
2023; Westermann et al., 2007); (3) cognitive representations are sha-
ped by competition and coordination processes, where specialization
enables brain systems to process distinct information types, and coor-
dination integrates these components for flexible learning (Johnson,
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2011; Mareschal et al., 2007); and (4) active learner proactivity is
essential, as students explore, manipulate, and interact with their
environment, driving the construction of new representations
(Karmiloff-Smith, 2013).

To enhance procedural clarity and reproducibility, Table 2 presents a
structured comparison between the NeuroConstruct and 5E teaching
models, highlighting differences in theoretical grounding, instructional
procedures, and cognitive emphasis.

As shown in Table 2, both teaching models shared equivalent con-
tent, duration, and assessment conditions; however, they differed
fundamentally in instructional design and the explicit integration of
neurocognitive processes.

The NeuroConstruct teaching model was employed in the experi-
mental group. Its syntax comprises six forms, detailed in Appendix A.

(1) Neuron stimulation involves activating gene activity regulated by
a bidirectional (two-way) interaction between gene activity,
neural activity, behavior, and the environment-dependent
context. This means that gene expression and neural activity
mutually influence one another and are also shaped by behav-
ioral patterns and environmental contexts within a continuous
feedback loop.

Neuron construction involves forming complex cognitive repre-
sentations in learners. Through activity-based competition,
learners’ neural structures adapt to experience-dependent con-
texts, particularly through specific patterns of neural activation.
Connecting the brain refers to the dynamic integration of multi-
ple functional neural networks, where cognitive abilities emerge
from the interaction of distributed but interconnected brain re-
gions. According to network theory, these networks support
specialized processes that operate both independently and
collaboratively, enabling complex cognitive functions. Learners
are trained through cognitive tasks that engage and strengthen
large-scale brain networks, promoting efficient communication
and functional connectivity across regions to support specific
abilities.

Connecting the brain and body focuses on multiple real-time
adjustments in learning activities in an authentic context.
Learning occurs through an integrated brain-body-environment
system, which enables dynamic coordination between internal
cognitive processes (“inside world”) and external sensory and
contextual inputs (“outside world”). This continuous interaction
fosters learners’ active engagement and intentional manipulation
of their environment, enabling them to select and shape experi-
ences based on their prior knowledge and goals. The term “pro-
activity” is defined here as a purposeful, embodied interaction
that drives cognitive development and learning.

(5) Connecting the body and society entails developing children in a
specific environment. Learners develop in a context that con-
strains the formation of emotion-related neural representations
and social and cognitive development, given their limited expe-
riences. Teachers offer them specific approaches to manipulate
the environment.

Connecting all constraints concerns integrating all constraints
into a learning activity. Learners participate in the activity by
integrating all constraints and determining all knowledge and
processes.

(2)

3

-

(4

—

(6

-

To enhance clarity and reproducibility of the instructional design,
the six syntaxes of the NeuroConstruct teaching model are summarized
in Table 3. This table summarizes the objectives, instructional activities,
and expected cognitive outcomes for each phase. Presenting the teach-
ing model in a structured format supports transparency and aligns with
best practices in reporting complex educational interventions, enabling
readers to more readily understand the instructional logic and facili-
tating replication in comparable classroom contexts (Astle et al., 2023;
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Table 2
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Comparative instructional design between the NeuroConstruct teaching model and the 5E teaching model.

Dimension

NeuroConstruct Teaching Model (Experimental Group)

5E Teaching Model (Control Group)

1. Theoretical
foundation

2. Primary
instructional goal

3. Instructional
structure (syntax)

4. Cognitive
targeting

5. Nature of learning
activities

6. Embodiment
(body
involvement)

7. Social interaction

8. Instructional
guidance
9. Teacher role

10. Student role
11. Content coverage

12. Instructional
duration

13. Assessment
procedures

14. Key
distinguishing
feature

Neuroconstructivism: multi-constraint interaction
(gene-brain-body-social-environment)

Activation and integration of neurocognitive processes (attention, working
memory, cognitive flexibility) alongside academic learning

6 phases: Neuron Stimulation — Neuron Construction — Connecting the Brain —
Connecting the Brain and Body—Connecting the Body and Society — Integrating All
Constraints

(1) Neuron Stimulation

Activate prior knowledge and initiate neural responsiveness through contextual
stimuli and cognitive triggering tasks

(2) Neuron Construction
Develop cognitive representations through problem-solving, competition, and
working memory engagement

(3) Connecting Brain Regions
Integrate multiple representations (symbolic, numerical, graphical) to strengthen
inter-regional neural coordination

(4) Connecting Brain and Body
Engage embodied cognition through physical interaction, manipulatives, and
movement-based learning

(5) Connecting Body and Society
Embed learning in social interaction, collaborative reasoning, and sociocultural
context

(6) Integration of Constraints
Synthesize neural, cognitive, embodied, and social processes into higher-order
understanding and transfer

Explicit and systematic targeting of attention, working memory, and executive
functions in every phase

Structured, phase-specific tasks designed to stimulate neural activation, cognitive
competition, embodied interaction, and social cognition

Explicitly integrated (e.g., manipulatives, movement-based learning, physical
interaction with concepts)

Structured social cognition phase emphasizing collaborative reasoning and co-
construction of knowledge

Highly structured teaching guide with phase-specific objectives, prompts, and
cognitive targets (see Appendix A-B)

Cognitive facilitator who actively scaffolds attention, working memory, and neural
engagement processes

Proactive cognitive agent engaging in neural activation, embodied exploration, and
social meaning-making

Same mathematics content (graphs, relations, functions) aligned with the Thai
national curriculum

5 weeks (2 h/week), identical across groups

Identical across groups (creative thinking, mathematics achievement, attention,
working memory)
Integration of neurocognitive mechanisms into structured classroom instruction

Constructivism: inquiry-based learning (Bybee et al., 2006)

Conceptual understanding through inquiry, exploration, and student
engagement
5 phases: Engage — Explore — Explain — Elaborate — Evaluate

(1) Engage

NeuroConstruct teaching model explicitly activates attention systems
and prior neural representations through targeted prompts; the 5E
teaching model focuses on motivation and topic introduction without
explicit cognitive activation mechanisms

(2) Explore

NeuroConstruct teaching model systematically targets working
memory updating and cognitive load management; the 5E teaching
model emphasizes hands-on exploration without structured cognitive
load design

(3) Explain

NeuroConstruct teaching model emphasizes representational
coordination and executive attention; the 5E teaching model focuses
on explanation and conceptual clarification without an explicit neural
integration focus

(4) Elaborate (partial overlap)

NeuroConstruct teaching model explicitly incorporates body-based
learning to reinforce cognition; the 5E teaching model may extend
learning, but does not systematically include embodied cognitive
processes

(5) Elaborate/Evaluate (partial overlap)

NeuroConstruct teaching model structures social cognition as a core
phase; the 5E teaching model includes collaboration, but not as a
distinct cognitive-development mechanism

(6) Evaluate

NeuroConstruct teaching model integrates multi-constraint learning
and promotes cognitive transfer; the 5E teaching model focuses on
assessment of understanding without explicit integration of
neurocognitive systems

No explicit neurocognitive targeting: cognitive processes are
implicitly engaged

Inquiry-based activities, including questioning, exploration,
discussion, and conceptual explanation

Limited or indirect; primarily cognitive and discussion-based

Collaborative learning occurs, but is not systematically structured as a
cognitive mechanism

General pedagogical guidance based on the inquiry cycle; less
prescriptive at the cognitive-process level

Inquiry facilitator guiding discussion, questioning, and conceptual
understanding

Active learner engaging in inquiry, exploration, and knowledge
construction

Same content and curriculum alignment

Same duration and schedule
Same assessment instruments and procedures

Traditional inquiry-based model without explicit neurocognitive
integration

Johnson, 2011; Mareschal, Johnson, et al., 2012).

From the above text, a conclusion can be drawn as shown in Fig. 3.

In practice, the NeuroConstruct teaching model was implemented
through six structured syntaxes designed to operationalize these prin-
ciples: (1) Neuron stimulation, activating gene expression via bidirec-
tional interactions between gene activity, neural processes, behavior,
and context-dependent environments; (2) Neuron construction,
fostering activity-dependent competition to adapt neural structures
based on individual experiences; (3) Connecting the Brain through
cognitive tasks that promote inter-regional neural coordination; (4)
Connecting the Brain and Body, engaging embodied learning in
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authentic contexts to coordinate internal neural states with external
environmental stimuli; (5) Connecting the Body and Society, guiding
learners to manipulate socially embedded contexts to enhance
emotional, cognitive, and social development; and (6) Integrating All
Constraints, where all constraints are combined in learning activities
allowing students to synthesize knowledge and cognitive processes.

To provide a clearer understanding of how the NeuroConstruct
teaching model was utilized in classroom settings, detailed lesson plans
and teaching guides were developed and distributed to the teachers
involved in the intervention. For example, during the instructional
period on mathematical concepts such as graphs, relations, and
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functions, teachers implemented the six syntaxes of the NeuroConstruct
teaching model sequentially.

In the Neuron Stimulation phase, teachers facilitated activities that
encouraged students to activate prior knowledge and engage in gene-
—environment interactions through hands-on materials and real-world
problems. During the Neuron Construction phase, students participated
in competitive and collaborative cognitive tasks designed to strengthen
neural activation patterns associated with mathematical concepts.

Teachers reported adapting activities to individual student needs
during the Connecting the Brain and Connecting the Brain and Body phases
by incorporating physical manipulatives and embodied learning tasks to
enhance cognitive integration. In the Connecting the Body and Society
phase, social and emotional learning strategies were employed to pro-
mote cooperative learning and contextualize content within a social
framework.

Finally, in the Integrating All Constraints phase, teachers facilitated
reflective discussions and applied problem-solving exercises that syn-
thesized knowledge and cognitive skills acquired throughout the inter-
vention. This approach was supported by comprehensive teaching
guides, which provided scaffolding, suggested activities, and formative
assessment tools to help teachers plan and deliver lessons aligned with
the Neuroconstructivism framework.

Collaboration among teachers was encouraged through regular

Table 3
Summary of the NeuroConstruct teaching model syntaxes.
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meetings to share best practices and reflect on instructional challenges,
fostering a professional learning community focused on improving the
effectiveness of the NeuroConstruct teaching model.

This intervention was delivered over five weeks, with 2 h of in-
struction per week focusing on mathematical concepts, including
graphs, relations, and functions. The teaching model explicitly targeted
neural and cognitive mechanisms, enhancing creative thinking, mathe-
matics achievement, attention, and working memory through carefully
designed activities informed by neuroscientific evidence.

5.3.2. Experimental group: NeuroConstruct teaching model implementation

To ensure structural parallelism with the control condition and
enhance replicability, the NeuroConstruct teaching model is described
here with the same level of procedural detail.

The experimental group received instruction through the Neuro-
Construct teaching model, which was operationalized into six structured
teaching syntaxes: (1) Activation of prior knowledge and attentional
orientation, (2) Guided exploration with embodied and socially medi-
ated tasks, (3) Cognitive engagement through representational coordi-
nation, (4) Working memory and attentional regulation activities, (5)
Integration and application of knowledge across contexts, and (6)
Reflective evaluation and adaptive feedback.

In the first phase, students’ attention was deliberately activated

Syntax Objective

Key Instructional Activities

Expected Cognitive Outcomes

1. Neuron Stimulation Activate prior knowledge and initiate neural
engagement

Develop and refine cognitive representations
through task engagement

Integrate distributed neural networks for
higher-order cognition

Promote embodied cognition through

2. Neuron Construction
3. Connecting Brain

4. Connecting Brain

Contextual prompts, activating questions,
and real-life scenarios

Problem-solving tasks, adaptive challenges,
and collaborative work
Multi-representational tasks (symbolic,
visual, numerical)

Manipulatives, movement-based learning,

Attention activation; prior knowledge retrieval (
Mareschal, Johnson, et al., 2012)

Working memory updating; representation building (
Astle et al., 2023)

Executive attention; cognitive integration (Johnson,
2011)

Embodied cognition; attentional engagement (

and Body interaction with the environment and real-world tasks Karmiloff-Smith, 2013)

5. Connecting Body and  Situate learning in social and cultural contexts  Peer discussion, collaborative reasoning, Social cognition; verbal working memory (Vygotsky,
Society explanation tasks 1978)

6. Integration of all Synthesize multi-level constraints into a Reflection, transfer tasks, novel problem- Cognitive integration; creative transfer (Fischer &
Constraints coherent understanding solving Bidell, 2006)

Dynamic Multi-Constraint Interaction (Neuroconstructivism)

Genes <> Neural Activity <> Brain Networks <> Body < Society

J v

learner proactivity & experience-dependent plasticity

3 )

Neuron Neuron Connecting the Connecting the Connecting the Integrating All
Stimulation Construction Brain Brain and Body Body and Constraints
f—p- —> —p A—p Society —p

. v ;_ — v ’
Activation of Activity- Coordination of Embodied Socially Synthesis of
gene expression dependent distributed learning in embedded genetic, neural,

through competition functional brain authentic learning embodied,
bidirectional shapes and networks to contexts aligns environments social, and
interactions  [*™® adapts neural [€ "] support higher- [ | internal neural [*"® constrain and environmental
among gene representations order cognition states with shape constraints into
activity, neural through via inter- external emotional, coherent
processes, experience- regional sensory and cognitive, and knowledge
behavior, and driven learning connectivity. environmental social construction
context- tasks. inputs, representations and reflective
dependent fostering through guided problem-
environments. learner environmental solving.
proactivity. manipulation.

Fig. 3. NeuroConstruct teaching model: A Multi-Constraint, Neurodevelopmental Instructional Process.
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through structured prompts and contextually relevant problem situa-
tions designed to align with neurocognitive principles of attentional
engagement. In the second phase, students engaged in collaborative,
embodied learning activities, including manipulating graphical repre-
sentations and interacting with peers, to support experience-dependent
learning.

During the third phase, instructional tasks were designed to promote
the coordination of multiple representations (symbolic, graphical, and
verbal), requiring students to actively construct meaning through
cognitive integration. The fourth phase explicitly targeted working
memory and attentional control through scaffolded problem-solving
tasks that required maintaining and manipulating multiple pieces of
information simultaneously.

In the fifth phase, students applied newly constructed knowledge to
novel situations, promoting transfer and flexible thinking. Finally, the
sixth phase involved structured reflection, feedback, and evaluation
using both formative assessment and guided discussion.

Across all phases, lesson plans, instructional materials, and activity
sequences were standardized and aligned with the Grade 7 mathematics
curriculum (graphs, relations, and functions). The same teacher deliv-
ered instruction using detailed lesson scripts to ensure consistency of
implementation. The duration (five weeks), instructional time (10 h),
and classroom conditions were equivalent to those of the control group.

To maintain fidelity, implementation was monitored using struc-
tured observation checklists, ensuring that each instructional phase was
delivered as intended and that the distinguishing features of the Neu-
roConstruct model were consistently applied.

5.3.3. Operationalization of the NeuroConstruct teaching model in
classroom practice

To enhance methodological transparency and replicability, the
NeuroConstruct teaching model was operationalized through detailed
lesson plans, weekly learning activities, instructional materials, and
explicit time allocation across its six syntaxes.

The intervention was implemented over five consecutive weeks (10
instructional hours in total), with 2 h of instruction per week. Each
instructional session systematically incorporated all six syntaxes of the
NeuroConstruct teaching model within a single lesson, rather than
treating each syntax as a separate session. This design reflects the
Neuroconstructivist assumption that cognitive development emerges
from the dynamic integration of multiple constraints within a single
learning episode (Karmiloff-Smith, 2017; Mareschal, Johnson, et al.,
2012).

Sample lesson plans were developed to guide teachers in imple-
menting each phase in classroom practice. For example, in a lesson on
graph interpretation, the session began with the Neuron Stimulation
phase (15 min), where students activated prior knowledge through real-
life graph-based problems. This was followed by the Neuron Construc-
tion phase (20 min), during which students engaged in competitive and
collaborative problem-solving tasks to construct new mathematical
representations. The Connecting Brain Regions phase (20 min) involved
structured cognitive tasks designed to integrate numerical, symbolic,
and graphical representations. The Connecting the Brain and Body
phases (15 min) employed embodied learning activities, such as physical
manipulation of graph cards and movement-based mapping tasks.
Subsequently, the Connecting Body and Society phase (20 min)
emphasized social interaction through peer discussion and collaborative
explanation of problem-solving strategies. Finally, the lesson concluded
with the Integrating All Constraints phase (20 min), during which stu-
dents reflected on their learning and applied the knowledge they had
acquired to novel problem contexts.

Instructional materials and resources included student worksheets,
graph cards, physical manipulatives, whiteboard-based visualizations,
and structured discussion prompts. These materials were designed to
support experience-dependent learning, embodied cognition, and social
interaction, consistent with Neuroconstructivism principles (Astle et al.,
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2023; Johnson, 2011).

A summary of weekly learning activities, sample lesson plans,
instructional materials, and time allocation for each syntax is provided
in Appendix B, enabling replication of the intervention in comparable
educational contexts.

The pre-test and post-test measured learning outcomes, particularly
creative thinking, mathematics achievement, attention, and working
memory. The NeuroConstruct teaching model and the 5E teaching
model were employed to teach mathematical topics, including graphs,
relations, and functions, over a period of 2 h per week, spanning five
weeks. In the experimental group, the NeuroConstruct teaching model
was implemented through six structured phases: neuron stimulation,
neuron construction, connecting the brain regions, connecting the brain
and body, connecting the body and society, and integrating all con-
straints. These phases emphasize bidirectional learning, involving gene
activation, neural activity, brain region integration, embodied learning,
and social context, thereby fostering neurocognitive development
aligned with the Neuroconstructivism framework. In contrast, the con-
trol group followed the 5E teaching model, which comprises the phases
Engage, Explore, Explain, Elaborate, and Evaluate, focusing on inquiry-
based, active learning.

5.3.4. 5E inquiry teaching model

The 5E teaching model is employed in Thailand to develop learning
activities and is supported for implementation in public schools by the
Institute for the Promotion of Teaching Science and Technology (IPST)
(2012). Hence, it was implemented in the control group. It contains five
phases: engage, explore, explain, elaborate, and evaluate. This model
proposes that active learning should be promoted to enhance learning.
Learner development should be attributed to analysis, evaluation, in-
quiry, and collaborative learning; these processes will provide learners
with a clearer understanding and knowledge. Asking questions, obser-
vation, analysis, explanation, conclusion, and new questions can
construct new knowledge and experiences (IPST, 2012).

Firstly, the engagement phase involves introducing lessons to moti-
vate students and spark their curiosity about current events. It provides a
clearer picture of what is to be studied in line with the curriculum’s
objectives. The exploration phase involves a thorough understanding of
the issues at hand. It should be taught through hands-on learning, ex-
periments, and research to obtain sufficient information for subsequent
manipulation. Subsequently, the explanation phase involves analyzing,
interpreting, and summarizing the collected data, and presenting the
results in various formats, such as text, figures, tables, and charts. The
results can either support or reject hypotheses; they can also contribute
to the construction of new knowledge and broaden learners’ under-
standing. Following this is the elaborate phase, which involves con-
necting new knowledge with existing knowledge or new ideas derived
from research. Students must base their learning on the conclusion to
provide explanations for other relevant contexts, thereby improving
their expertise. Lastly, the evaluation phase assesses the learning process
and outcomes using various tools to enhance learners’ knowledge and,
in turn, promote their ability to apply new knowledge to other issues.

To ensure comparability and methodological rigor, both the exper-
imental and control conditions are described using parallel structural
elements, including teaching syntaxes, teacher roles, student activities,
duration, and materials.

For methodological clarity, the distinction between the Neuro-
Construct and 5E teaching models lies not only in their theoretical
foundations but also in their procedural implementation. While both
models employ structured instructional phases, the NeuroConstruct
teaching model systematically embeds neurocognitive activation (e.g.,
attention regulation, working memory engagement, and embodied
interaction) within each phase. In contrast, the 5E teaching model fol-
lows an inquiry-based sequence without explicit neurocognitive tar-
geting. This distinction ensures that any observed differences in
outcomes can be attributed to the integration of neuroconstructivist
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principles rather than to general instructional structure.

5.3.5. Control group instructional equivalence

The control group was instructed using the 5E teaching model
(Engage, Explore, Explain, Elaborate, and Evaluate) following the
guidelines of the Institute for the Promotion of Teaching Science and
Technology (IPST, 2012) and Bybee et al. (2006). To ensure methodo-
logical rigor and internal validity, several instructional variables were
systematically controlled across both groups. First, both the experi-
mental and control groups were taught the same mathematical content,
namely graphs, relations, and functions, aligned with the Grade 7 Thai
National Core Curriculum. Second, instruction in both groups was
delivered by the same mathematics teacher, who had more than 10 years
of teaching experience, thereby minimizing teacher-related confound-
ing. Third, the duration and instructional time were equivalent across
groups, with both receiving fifth weeks of instruction, totaling 10
instructional hours.

Although using the same teacher across both experimental and
control groups was intended to minimize variability due to teacher-
related differences (e.g., teaching style, experience, and classroom
management), this design choice may also introduce carryover or ex-
pectancy effects. Specifically, the teacher’s familiarity with both
instructional approaches, as well as possible differential enthusiasm or
belief in the NeuroConstruct teaching model, may have unintentionally
influenced instructional delivery. To mitigate this risk, the teacher was
provided with structured lesson plans, standardized instructional ma-
terials, and clear procedural guidelines for both conditions. In addition,
adherence to each instructional model was monitored using observation
checklists to ensure that the distinguishing features of each teaching
approach were implemented as intended. Nevertheless, the potential
influence of teacher-related factors cannot be entirely excluded and
should be considered when interpreting the findings.

The 5E lesson plans were designed by the research team in collabo-
ration with the participating teacher and were reviewed by three
mathematics education experts to ensure content validity and alignment
with inquiry-based learning principles. While the 5E model emphasizes
constructivist inquiry and conceptual understanding, it does not
explicitly address neurocognitive processes, such as attention regulation
or engagement with working memory. This design allowed the present
study to isolate the added value of the NeuroConstruct teaching model
beyond a well-established constructivist instructional approach.

By holding content, teacher, and instructional duration constant,
observed differences in learning outcomes can be more confidently
attributed to differences in instructional design rather than extraneous
variables.

5.3.6. Implementation procedure and fidelity

To enhance methodological rigor and internal validity, imple-
mentation fidelity was systematically designed, monitored, and evalu-
ated in alignment with established frameworks for educational
intervention research (Dusenbury et al., 2003; O'Donnell, 2008) and was
explicitly supported by structured instructional materials and fidelity
instruments provided in Appendices B and F.

Prior to the intervention, the teacher assigned to the experimental
group participated in a 6-h pre-intervention training program focused on
(1) the foundational principles of Neuroconstructivism, (2) the instruc-
tional logic and sequencing of the six phases of the NeuroConstruct
teaching model, and (3) the practical implementation of neuroscience-
informed learning activities targeting attention, working memory, and
creative thinking. This training was supported by detailed lesson plans,
weekly instructional sequences, time allocation structures, and learning
materials (Appendix B), ensuring alignment between theoretical prin-
ciples and classroom enactment. The training was facilitated by the
principal researcher and supported by an external expert in curriculum
and instruction.

Teacher readiness was verified through a structured assessment
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comprising a checklist-based evaluation of instructional understanding,
a microteaching demonstration, and a reflective discussion to confirm
alignment between theoretical constructs and planned instructional
practices. Implementation commenced only after satisfactory readiness
was confirmed.

During the intervention, instructional adherence was continuously
monitored using a structured treatment-fidelity checklist aligned with
the six teaching syntaxes of the NeuroConstruct teaching model. This
checklist was complemented by systematic classroom observations
conducted on two occasions during the intervention period by the
research team and an external expert, using structured observation
protocols and field notes to document instructional practices, student
engagement, and alignment between planned and enacted instruction.
These procedures ensured consistency in delivery and minimized vari-
ability across instructional sessions.

To reduce potential teacher expectancy effects and cross-condition
contamination in the single-teacher design, the teacher was required
to adhere strictly to condition-specific instructional protocols, supported
by standardized lesson plans and instructional guides (Appendix B).
Although these procedures enhanced consistency, minor variations in
classroom interaction and instructional dynamics are acknowledged as
inherent limitations of classroom-based experimental research.

To further strengthen internal validity, implementation fidelity was
operationalized as a quantitative variable using a structured fidelity
assessment rubric (Appendix F). The rubric comprised 12 observable
indicators aligned with the six teaching syntaxes of the NeuroConstruct
teaching model, with each indicator rated on a 3-point scale (0 = not
implemented, 1 = partially implemented, 2 = fully implemented). Fi-
delity observations were conducted in 2 out of 10 instructional sessions
(approximately 20% of the intervention period), selected systematically
to represent the full intervention period.

To ensure measurement reliability, two independent observers (a
research assistant and an external curriculum expert) underwent a
standardized calibration process involving joint observation of pilot
sessions, discussion of scoring discrepancies, and refinement of scoring
criteria. Inter-rater reliability was assessed using a two-way random-
effects intraclass correlation coefficient (ICC) with absolute agreement,
which exceeded 0.95, indicating excellent reliability (Koo & Li, 2016).
Discrepancies were resolved through consensus discussions, and peri-
odic debriefings were conducted to prevent rater drift.

Fidelity scores were calculated as the percentage of the maximum
possible score per observed session, consistent with the scoring pro-
cedure defined in Appendix F, and were aggregated across observed
sessions to generate an overall implementation fidelity index. The
average fidelity score is approximately 91%, indicating a high level of
adherence to the intended instructional design.

By integrating structured instructional design (Appendix B) with a
transparent and reliable fidelity assessment framework (Appendix F),
this study treated implementation fidelity not only as a procedural
control but also as an empirical indicator of implementation quality.
This approach strengthens the internal validity, transparency, and
replicability of the findings (Durlak & DuPre, 2008).

5.3.7. Testing procedure

All participants completed pre-test assessments one week prior to the
intervention and post-test assessments within one week of its comple-
tion. The assessments were administered under standardized classroom
conditions. The computerized attention and working memory tests were
conducted in a school computer laboratory using identical devices and
software settings for all participants. Each student completed the
attention battery (approximately 30 min) followed by the working
memory battery (approximately 30 min), with a short break between
sessions to minimize fatigue.

To ensure procedural consistency and replicability, all testing ses-
sions were conducted under strictly controlled and standardized con-
ditions. The assessments were administered in a quiet computer
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laboratory with stable lighting, minimal external noise, and controlled
temperature (approximately 25 °C). All students were tested in the same
room and at similar times of day to minimize variability due to envi-
ronmental or circadian factors.

The testing procedure followed a fixed sequence for all participants.
Students first completed the attention test battery, followed by a short
standardized break of approximately 5-10 min, and then completed the
working memory test battery. No deviations from this order were
permitted.

All testing sessions were supervised by the principal researcher and a
trained research assistant to ensure adherence to standardized in-
structions. Prior to testing, all students received the same verbal in-
structions delivered from a standardized script. Students were instructed
not to communicate with peers during the assessment, and compliance
was monitored throughout the session.

Importantly, all participants completed the assessments under
identical conditions regarding environment, instructions, timing, and
supervision. This standardization was implemented to minimize extra-
neous variability and enhance the study’s internal validity and
reproducibility.

5.3.8. Statistical analysis

All statistical analyses were conducted using SPSS version 29. Prior
to hypothesis testing, the assumptions underlying parametric analyses
were systematically evaluated. Normality of distribution was assessed
using the Shapiro-Wilk test, and homogeneity of variances was exam-
ined using Levene’s test. The results indicated that all dependent vari-
ables met the assumptions for parametric tests (p > .05), supporting the
use of parametric statistical procedures.

To examine differences between the experimental (NeuroConstruct
teaching model) and control (5E teaching model) groups, two primary
analytic strategies were employed. Mathematics achievement, as a
unidimensional construct, was analyzed using an independent-samples
t-test on post-test scores. Creative thinking, attention, and working
memory, which are conceptually and empirically interrelated multidi-
mensional constructs, were analyzed simultaneously using one-way
multivariate analysis of variance (MANOVA), with follow-up univari-
ate ANOVAs conducted when significant multivariate effects were
observed. This dual approach ensured that each outcome was analyzed
using a method aligned with its dimensionality while controlling for
Type I error inflation.

Effect sizes were reported using partial eta squared (nﬁ) for multi-
variate and univariate analyses, providing an estimate of the magnitude
of group differences beyond statistical significance. In addition, 95%
confidence intervals (CI) for between-group differences were calculated
and reported to enhance the precision and interpretability of the find-
ings. These confidence intervals refer to the differences between the
experimental and control groups in post-test, depending on the analysis,
and were used to support inferences regarding both statistical and
practical significance.

Implementation fidelity was assessed separately (see Methods sec-
tion) and treated as an indicator of implementation quality; it was not
included as a covariate in the statistical analyses. A structured fidelity
checklist (Appendix F), comprising 12 observable indicators aligned
with the six instructional phases of the NeuroConstruct teaching model,
was used to evaluate instructional adherence during classroom obser-
vations. Each indicator was rated on a 3-point scale (0 = not imple-
mented, 1 = partially implemented, 2 = fully implemented), enabling
computation of session-level fidelity scores.

Fidelity scores were computed based on observations conducted in
approximately 20% of instructional sessions (2 out of 10 sessions), and
were calculated as the percentage of the maximum possible score per
observed session, consistent with the scoring procedure defined in
Appendix F. The mean fidelity score was 1.82 (SD = 0.14), corre-
sponding to an overall adherence rate of approximately 91%, indicating
high implementation fidelity. Given the consistently high-fidelity scores
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(M = 1.82, SD = 0.14; approximately 91% adherence) and low vari-
ability across observed sessions, fidelity was not included as a covariate
in the statistical models.

To ensure measurement reliability, two independent observers (a
research assistant and an external curriculum expert) were trained using
a standardized calibration procedure. Inter-rater reliability was assessed
using a two-way random-effects intraclass correlation coefficient (ICC
[2,1]) with absolute agreement, which exceeded 0.95, indicating
excellent agreement (Koo & Li, 2016). Discrepancies were resolved
through consensus discussion, and periodic calibration was conducted to
minimize rater drift.

Overall, the high level of implementation fidelity, together with
strong inter-rater reliability, provides empirical support that the inter-
vention was delivered consistently and as intended. This strengthens the
internal validity of the study and increases confidence that observed
differences in outcomes can be attributed to the instructional interven-
tion rather than to implementation variability.

Finally, to enhance methodological transparency and replicability,
detailed descriptions of the instructional procedures, teaching syntaxes,
lesson plans, activity structures, and time allocation are provided in
Appendices A and B. A structured comparison between the Neuro-
Construct and 5E teaching models is presented in Table 2, further clar-
ifying procedural differences between experimental conditions.

Supplementary Materials Availability. The following supplementary
materials are provided to support methodological transparency and
reproducibility: Appendix A (NeuroConstruct teaching model),
Appendix B (operationalization of the NeuroConstruct teaching model),
Appendix C (creative thinking test with sample items), Appendix D
(mathematics achievement test with sample items), Appendix E
(computerized cognitive test specifications, administration protocols,
and sample task screenshots), and Appendix F (implementation fidelity
assessment rubric with scoring criteria). All appendices are available as
supplementary files submitted alongside this manuscript. These mate-
rials will be made available as online supplementary materials through
the journal’s repository. The proprietary computerized cognitive
assessment software is available for research purposes upon reasonable
request to the corresponding author, subject to a data-sharing agreement
with the instrument developer.

Replication Summary. To facilitate replication, the essential design
parameters are summarized as follows. The study employed a true
experimental pre-test-post-test control group design with 70 Grade 7
students randomly assigned to two conditions (n = 35 per group). The
experimental group received the NeuroConstruct teaching model (6
instructional syntaxes grounded in Neuroconstructivism), while the
control group received the 5E teaching model (Engage, Explore, Explain,
Elaborate, Evaluate). Both conditions covered identical mathematical
content (graphs, relations, and functions) over 5 weeks (10 h total; 2 h
per week), delivered by the same teacher under equivalent classroom
conditions. Pre-tests were administered 1 week prior to the intervention,
and post-tests were administered immediately upon completion. Four
outcome variables were measured: creative thinking (5-item essay test,
50 min), mathematics achievement (40-item multiple-choice test, 60
min), attention (computerized battery, 4 subtests, 30 min), and working
memory (computerized battery, 4 subtests, 30 min). Mathematics
achievement was analyzed using independent-samples t-tests on post-
test scores; creative thinking, attention, and working memory were
analyzed simultaneously using one-way MANOVA with follow-up uni-
variate ANOVAs. Detailed lesson plans, instruments, and fidelity pro-
cedures are provided in Appendices A-F.

5.4. Research instruments
Three tests were administered to evaluate learning outcomes in

creative thinking, mathematics achievement, attention, and working
memory.
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5.4.1. Creative thinking test

The creative thinking test was employed to evaluate students’ abil-
ities in fluent thinking, flexible thinking, and original thinking, three key
components of creative thinking as established in the literature
(Mumford et al., 2012; Runco & Acar, 2012). This test consists of five
essay items, administered over 50 min. An example of the creative
thinking test is provided in Appendix C, which is explicitly designed to
capture diverse aspects of creative cognition. Although the test was
developed by Srikoon (2015) and Wongpratum (2000), the intervention
and instructional model used in this study were developed indepen-
dently. The process of measuring creative thinking involves adminis-
tering a five-item test within a total time limit of 50 min, with 10 min per
item. Students are required to generate as many original, relevant, and
innovative ideas as possible, emphasizing fluent thinking, flexible
thinking, and original thinking in their work. Responses are scored ac-
cording to the number of ideas, the diversity of perspectives, and the
novelty of solutions, with higher scores awarded to logical and creative
responses that extend beyond conventional thinking. The instrument
demonstrates excellent content validity, as confirmed by expert reviews,
and good reliability (coefficient of 0.79). This test has been widely used
in previous studies in the Thai educational context to effectively mea-
sure creative thinking outcomes.

The creativity test, developed by Srikoon (2015) and Wongpratum
(2000), was designed to assess three dimensions of creative thinking:
fluent thinking, flexible thinking, and original thinking. Student re-
sponses were evaluated using an analytic scoring rubric that specifies
performance criteria for each dimension. All responses were scored
independently by two raters with formal training in educational mea-
surement and assessment. Prior to scoring, the raters participated in a
calibration session to establish a shared interpretation of the scoring
criteria; details are provided in Srikoon (2015) and Wongpratum (2000).
Inter-rater reliability was assessed using the intraclass correlation co-
efficient (ICC = 0.86), indicating satisfactory agreement relative to
recommended benchmarks for performance-based assessments (Cohen
et al.,, 2018; Stemler, 2004). Discrepancies in scoring were resolved
through discussion to reach a consensus. This scoring procedure en-
hances the reliability and transparency of the creativity assessment and
supports the study’s methodological rigor.

To ensure methodological transparency while maintaining concise-
ness, the detailed analytic scoring rubric for evaluating creative thinking
(i.e., fluent thinking, flexible thinking, and original thinking) is based on
the established frameworks developed by Srikoon (2015) and
Wongpratum (2000). Due to the extensive and highly specific nature of
the scoring criteria, the full rubric, including descriptors, scoring levels,
and exemplars, is not reproduced in full within this research. However,
it is available in the original sources and can be accessed for replication
purposes.

In the present study, these established criteria were strictly followed.
Fluent thinking was assessed by the number of relevant ideas generated,
flexible thinking by the diversity of conceptual categories, and original
thinking by the novelty and statistical infrequency of responses within
the sample. All scoring procedures adhered to the standardized guide-
lines specified in the original instruments.

All responses were independently evaluated by two trained raters
with expertise in educational assessment. Prior to scoring, raters
participated in a calibration session to ensure a shared understanding of
the rubric criteria. Inter-rater reliability was assessed using the intra-
class correlation coefficient (ICC = 0.86), indicating high agreement.

In cases of scoring discrepancies, a structured consensus procedure
was employed. Both raters first reviewed the discrepant responses
independently and then discussed them to reach agreement based on the
predefined rubric criteria. When consensus could not be achieved, a
third expert was consulted to adjudicate the final score. This procedure
ensured consistency, minimized subjective bias, and enhanced the reli-
ability and reproducibility of the scoring process.

In addition to the creative thinking test, two other assessments were
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used to evaluate learning outcomes: a mathematics achievement test,
comprising 40 multiple-choice items aligned with the national curricu-
lum and validated by mathematics experts (KR-20 = 0.89), and a
computerized cognitive function battery assessing attention and work-
ing memory, with high reliability (0.84 to 0.95) and confirmed construct
validity (Srikoon, 2019). Collectively, these three tests provide a
comprehensive evaluation of cognitive and academic performance
relevant to the objectives of the NeuroConstruct teaching model.

In addition, inter-rater reliability was established through indepen-
dent scoring by two trained raters, yielding high agreement coefficients,
thereby ensuring the consistency and objectivity of the scoring process.

5.4.2. Mathematics achievement test

Mathematics achievement was measured using a multiple-choice test
comprising 40 items about graphs, relations, and functions, following
Thailand’s core curriculum for grade 7 students (an example of a
mathematics achievement test is provided in Appendix D). Three experts
in mathematics teaching at the University of Phayao assessed the test’s
content validity. The index of objective congruence (I0C) ranged from
0.67 to 1.00. KR-20 internal consistency of reliability was 0.89.

The internal consistency reliability coefficient (KR-20) was 0.89,
indicating high reliability and supporting the instrument’s use for group
comparisons and inferential analysis.

5.4.3. Cognitive Function Computerized Software Test: attention and
working memory

Two computerized battery tests were conducted: an attention and a
working memory test to evaluate attention and working memory accu-
racy, respectively (an example of a Cognitive Function Computerized
Software Test is provided in Appendix E). Specifically, the computerized
attention battery test consisted of four subtests: simple reaction accu-
racy, focused attention accuracy, selective attention accuracy, and sus-
tained attention accuracy. These tests had reliability of 0.84, 0.88, 0.93,
and 0.95, respectively. Srikoon’s (2019) assessment of construct validity
showed that all indicators had good fit. The 30-item subtests in the Thai
language were distributed to the students. The attention computerized
battery test lasted 30 min in total.

Similarly, the working memory computerized battery test consisted
of four subtests: basic processing accuracy, shifting working memory
accuracy, updating working memory accuracy, and inhibiting working
memory accuracy, with reliabilities of 0.88, 0.90, 0.89, and 0.88,
respectively. The construct validity was confirmed by Srikoon (2019),
who reported good model fit indices across all subtests. Each subtest was
timed to ensure consistency in administration and to capture not only
accuracy but also processing speed, which is an essential aspect of
working memory function (Srikoon, 2019). The entire battery took
approximately 30 min to complete, striking a balance between
comprehensiveness and participant fatigue.

Attention and working memory were assessed using computerized
cognitive ability tests developed and validated by Srikoon (2019). The
tests consist of multiple subtests targeting core cognitive processes,
including focused attention, updating, shifting, and working memory
accuracy. The software is a research-based assessment tool and is not
publicly distributed. It was installed on school-based computer labora-
tory systems and administered under standardized conditions by the
research team. Each participant completed the tests individually using
pre-assigned user accounts, with identical instructions, timing parame-
ters, and hardware specifications across sessions. Access to the software
is restricted to educational and research purposes under agreement with
the developer. Detailed technical specifications and administrative
protocols are available upon reasonable request, facilitating replication
in comparable research contexts.

To enhance replicability and methodological transparency, addi-
tional details about the computerized cognitive tests are provided
below.

The attention battery comprised four computerized subtests (simple
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reaction, focused, selective, and sustained attention), each consisting of
30 trials presented in randomized order. In each trial, visual stimuli (e.
g., geometric shapes or symbols) were presented at the center of the
screen, and participants were instructed to respond as quickly and
accurately as possible by pressing designated keys on a standard
keyboard. For selective and sustained attention tasks, distractor stimuli
were included to increase cognitive load and require attentional control.

Each stimulus was displayed for 500 ms, followed by an inter-
stimulus interval of 1000 ms. Participants were given a maximum
response window of 1500 ms per trial. Reaction time (in milliseconds)
and response accuracy (correct/incorrect) were recorded automatically
by the software. Accuracy scores were computed as the percentage of
correct responses across trials, while reaction time measures were
averaged across correct trials only.

The working memory battery consisted of four subtests (basic pro-
cessing, shifting, updating, and inhibition), each designed to assess
different components of executive functioning. In the updating task, for
example, participants were required to continuously monitor and up-
date stimulus sequences, whereas in the inhibition task, they were
required to suppress prepotent responses to conflicting stimuli. Each
subtest included 30 trials, with timing parameters similar to those of the
attention tasks.

All tasks were administered using a proprietary computerized
assessment program developed by Srikoon (2019), Version 1. The soft-
ware was installed on desktop computers in the school computer labo-
ratory, with standardized hardware specifications (Intel Core i5
processors, 8 GB RAM, 19-inch monitors, 60 Hz refresh rate). All par-
ticipants completed the tasks individually under identical testing con-
ditions, using the same equipment, instructions, and environmental
settings to minimize variability.

Prior to the formal assessment, participants completed a short
practice session to familiarize themselves with the task procedures and
response format. Detailed technical specifications, administration pro-
tocols, and sample task screenshots are provided in Appendix E to
facilitate replication in future studies.

Although the proprietary software used in this study is not publicly
distributed, the underlying task paradigms are based on well-established
cognitive assessment principles, including reaction time, selective and
sustained attention, and working memory updating and inhibition.
Therefore, researchers seeking to replicate this study may employ
equivalent computerized cognitive assessments that capture these core
executive function components. Examples include widely used para-
digms such as continuous performance tasks (CPT), n-back tasks, and
task-switching paradigms. The use of such equivalent measures, in
combination with the detailed procedural descriptions and sample tasks
provided in Appendix E, supports the reproducibility of the study in
diverse research contexts.

Creative thinking was assessed using an essay-based test comprising
five open-ended items targeting fluent thinking, flexible thinking, and
original thinking (Srikoon et al., 2018). The 50-min duration was chosen
to provide students with sufficient time to thoughtfully generate diverse
and original ideas, consistent with established practices in creativity
assessment (Runco & Acar, 2012). Although the test is not strictly timed
per item, the overall time frame encourages focused cognitive engage-
ment while allowing ample opportunity for idea development.

The pre-test and post-test measured learning outcomes in creative
thinking, mathematics achievement, attention, and working memory
using validated instruments developed and/or adapted by the research
team and experts. Specifically:

Creative Thinking was assessed using an essay-based test developed
by Srikoon (2015) to measure fluent thinking, flexible thinking, and
original thinking. This instrument has demonstrated content validity
and a reliability coefficient of 0.79.

Mathematics Achievement was measured using a 40-item multiple-
choice test aligned with the Thai national core curriculum for Grade
7, focusing on graphs, relations, and functions. The test was validated by
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mathematics experts and exhibited high reliability (KR-20 = 0.89).

Attention and Working Memory were evaluated using computerized
cognitive battery tests developed and validated by Srikoon (2019).
These tests include subtests covering simple reaction time, focus, se-
lective and sustained attention, as well as working memory components
such as basic processing, shifting, updating, and inhibiting. Reliability
coefficients ranged from 0.84 to 0.95, and construct validity was
confirmed through confirmatory factor analysis.

These assessments are not international standardized tests but were
rigorously developed or adapted to fit the Thai educational context and
were psychometrically validated prior to this study.

Furthermore, construct validity was confirmed through confirmatory
factor analysis (CFA), which supported the multidimensional structure
of attention and working memory, ensuring alignment between theo-
retical constructs and observed indicators.

To further strengthen the methodological rigor of the present study,
additional evidence regarding the reliability and validity of the mea-
surement instruments is explicitly reported. First, the creative thinking
assessment, which involved open-ended responses, was evaluated using
a structured scoring rubric, and inter-rater reliability was established to
ensure scoring consistency. Two independent raters were trained prior
to scoring, and inter-rater reliability was quantified using inter-rater
reliability coefficients, demonstrating high consistency in evaluating
fluent thinking, flexible thinking, and original thinking. Second, the
mathematics achievement test demonstrated strong internal consistency
reliability, as indicated by a Kuder-Richardson Formula 20 (KR-20)
coefficient of 0.89, which is considered satisfactory to high for educa-
tional measurement. This coefficient confirms that the test items func-
tion cohesively in measuring a single underlying construct of
mathematical understanding in the domain of graphs, relations, and
functions. Third, the computerized cognitive measures used to assess
attention and working memory demonstrated both reliability and
construct validity. Internal consistency reliability coefficients ranged
from 0.84 to 0.95 for attention and from 0.88 to 0.90 for working
memory, indicating high measurement precision. In addition, construct
validity was established through confirmatory factor analysis (CFA),
which verified the theoretical structure of the cognitive constructs,
including subcomponents such as updating, shifting, and inhibition.
Collectively, the use of multiple instruments with established inter-rater
reliability, internal consistency reliability, and construct validity pro-
vides strong psychometric support for the measurement framework.
This enhances the study’s internal validity, reduces measurement error,
and increases confidence in the interpretation of the observed effects.

Overall, the integration of inter-rater reliability procedures, high
internal consistency coefficients, and confirmatory construct validation
provides robust psychometric evidence supporting the measurement
framework. This methodological strength contributes to the credibility,
reproducibility, and interpretability of the study findings.

5.5. Instruments and testing procedure

To evaluate the effectiveness of the NeuroConstruct teaching model,
pre- and post-tests were administered across all outcome variables.
Creative thinking was measured using an essay-based test comprising
five open-ended items. Students were allotted 50 min to respond, with
10 min per item. Responses were assessed on fluent thinking, flexible
thinking, and original thinking, following the rubric validated by
Srikoon (2015) and Wongpratum (2000), which demonstrated content
validity (IOC = 1) and acceptable reliability (o = 0.79).

Mathematics achievement was assessed using a 40-item multiple-
choice test that covered graphs, relations, and functions, aligned with
Thailand’s Grade 7 core curriculum. The test was reviewed by three
mathematics education experts, yielding an IOC of 0.67-1.00, and
demonstrated high internal consistency (KR-20 = 0.89). Students
completed this test in both the pre-test and post-test stages, each within
a 60-min time frame.
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Attention and working memory were measured using computerized
cognitive ability tests developed and validated by Srikoon (2019).
Attention was assessed through subtests of simple reaction time, focus,
shifting, updating, and inhibition, with reliability ranging from 0.84 to
0.95. Working memory was evaluated through tasks that measured
updating, storage, and manipulation processes, with reliability ranging
from 0.88 to 0.90. Confirmatory factor analysis further established
construct validity for both measures.

All instruments were administered as pre-tests 1 week prior to the
intervention and as post-tests immediately after the 5-week instructional
period, which consisted of 10 h of instruction (2 h per week). This
procedure allowed for direct comparisons of learning gains between the
experimental and control groups.

5.6. Data analysis

Data were analyzed using a combination of descriptive and infer-
ential statistical techniques to address the research objectives and test
the study hypotheses. All analyses were conducted using standard sta-
tistical procedures, and statistical significance was determined at the
0.05 level.

First, descriptive statistics, including means (M) and standard de-
viations (SD), were computed for all variables to summarize students’
performance across pre-test and post-test measures. Gain scores (post-
test minus pre-test) were also calculated to provide an index of learning
improvement during the intervention period, following the approach
proposed by Kanjanawasee (1989).

Prior to conducting inferential analyses, a systematic series of
assumption checks was performed to verify the statistical appropriate-
ness of each analytical procedure employed in the study.

For the independent-samples and paired-samples t-tests, univariate
normality was evaluated using the Shapiro-Wilk test, with skewness and
kurtosis indices examined as supplementary indicators. Results indi-
cated that the distributions of scores did not significantly deviate from
normality across all outcome variables (W = 0.914-0.987, p > .05), with
skewness and kurtosis values falling within acceptable ranges (+1),
consistent with recommended benchmarks for parametric analyses
(Field, 2018; Kim, 2013). Homogeneity of variance across groups was
assessed using Levene’s test, which yielded non-significant results for
most variables (F = 0.000-2.486, p > .05), thereby satisfying the uni-
variate variance homogeneity assumption. Where Levene’s test indi-
cated unequal variances — specifically for fluent thinking (pre-test: F =
9.739, p = .003; post-test: F = 5.668, p = .020) and Basic Processing
Accuracy post-test (F = 4.330, p = .041) — results were interpreted with
appropriate caution and supplemented by effect size reporting. During
preliminary data screening, outlier screening identified no cases suffi-
ciently extreme to warrant exclusion from the analyses.

For the MANOVA procedures, multivariate normality, linearity
among dependent variables, and equality of covariance matrices were
systematically evaluated. The homogeneity of covariance matrices
across groups was assessed using Box’s M test, applied at the more
stringent significance threshold of p < .001, consistent with recom-
mendations for this test given its well-documented sensitivity to minor
departures from multivariate normality (Tabachnick & Fidell, 2019).
For Attention outcomes, Box’s M indicated that the assumption of equal
covariance matrices was tenable (M = 6.712, X2(10) =6.288, p =.791).
Similarly, for Working Memory outcomes, the assumption was not
violated (M = 18.244, x2(1 0) =17.090, p = .072). For Creative Thinking
outcomes, however, Box’s M reached statistical significance (M =
40.098, X2(6) = 38.182, p < .001), indicating a departure from the
homogeneity of covariance matrices assumption. Importantly, when
group sizes are equal — as in the present study (n; = ny = 35) —
MANOVA has been demonstrated to maintain robustness against vio-
lations of this assumption, as balanced group sizes stabilize Type I error
rates and preserve the validity of the F-approximation (Huberty &
Olejnik, 2006; Tabachnick & Fidell, 2019). The MANOVA results for
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Creative Thinking were therefore retained and interpreted accordingly,
with the recommendation that replication in larger and more hetero-
geneous samples would further strengthen the generalizability of these
findings. Collectively, the results of the assumption checks supported the
appropriateness of the parametric statistical procedures employed in the
present study.

To enhance transparency and methodological rigor, detailed results
of assumption testing are reported. For normality, the Shapiro-Wilk test
indicated that the distributions of scores did not significantly deviate
from normality across all outcome variables (W = 0.914-0.987, p >
.05). Additionally, skewness and kurtosis values were within acceptable
ranges (+1), supporting the assumption of approximate normality
(Field, 2018; Kim, 2013).

To ensure analytical consistency, statistical procedures were aligned
with the dimensionality and theoretical structure of each outcome
variable.

Mathematics achievement was analyzed using a gain-score
approach, selected to evaluate whether students in the NeuroConstruct
group achieved higher post-test performance than those in the 5E group
while maintaining analytic consistency with the pre-test—post-test
control-group design. Although analysis of covariance (ANCOVA) is
often recommended to control for pre-test differences, preliminary an-
alyses revealed no statistically significant difference between groups at
baseline in mathematics achievement (t(68) = —0.59, p = .560).
Therefore, the use of independent-samples and paired-samples t-test
procedures was considered methodologically appropriate and sufficient,
avoiding unnecessary model complexity while maintaining statistical
validity (Cohen et al., 2018; Field, 2018).

In contrast, creative thinking, attention, and working memory were
conceptually and empirically interrelated and were therefore analyzed
simultaneously using one-way multivariate analysis of variance (MAN-
OVA). Prior to the main analysis, baseline equivalence for these outcome
domains was examined using independent-samples t-tests on pre-test
scores. Results indicated no statistically significant pre-test differences
for flexible thinking, original thinking, and all attention and working
memory subtests (all p > .05). However, a statistically significant pre-
test difference was observed for fluent thinking (t(68) = —3.588, p <
.001), with the experimental group scoring higher at baseline (M =
25.11, SD = 2.61) than the control group (M = 21.91, SD = 4.58). Given
this pre-existing advantage, fluent thinking post-test outcomes are
interpreted in conjunction with within-group gain scores rather than
solely from between-group post-test comparisons.

Given that multiple outcomes and sub-dimensions were examined
simultaneously, particular consideration was given to the risk of fam-
ilywise Type I error inflation arising from multiple comparisons. For
outcome domains comprising theoretically and empirically interrelated
dependent variables — specifically, creative thinking, attention, and
working memory — a one-way multivariate analysis of variance
(MANOVA) was employed as the primary omnibus test prior to any
univariate follow-up. Follow-up univariate ANOVAs were conducted
exclusively when the corresponding multivariate effect attained statis-
tical significance, thereby constraining the number of inferential tests
performed and preserving an appropriate error-control structure across
related outcome dimensions. No additional formal multiplicity correc-
tion procedure (e.g., Bonferroni adjustment) was applied to the follow-
up univariate tests. Accordingly, univariate findings should be inter-
preted in conjunction with the multivariate test results, effect size esti-
mates, and confidence intervals to support sound and appropriately
qualified statistical inference.

Effect sizes were reported to indicate the magnitude of observed
differences. Partial eta squared (ng) was used for MANOVA and follow-
up ANOVA results. For mathematics achievement, within-group effect
sizes were computed using the standardized mean gain index (Becker,
1988; Morris & DeShon, 2002), defined as the gain score (post-test
minus pre-test) divided by the pre-test standard deviation for each
group. This approach uses the pre-test standard deviation as the
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standardizer because it reflects baseline variability prior to the inter-
vention, thereby providing an interpretable index of pre-to-post change
magnitude uncontaminated by treatment effects (Lakens, 2013).

To enhance clarity and analytical coherence, the overall data anal-
ysis strategy was structured in a sequential, theoretically aligned
manner, corresponding to the study’s research questions and
hypotheses.

First, baseline equivalence between the experimental and control
groups was examined using independent-samples t-tests on pre-test
scores to ensure comparability prior to the intervention.

Second, within-group changes from pre-test to post-test were
assessed using paired samples t-tests to determine whether significant
improvements occurred in each group over time.

Third, between-group differences in mathematics achievement were
analyzed using an independent-samples t-test on the post-test scores.

Fourth, for the interrelated cognitive outcomes (creative thinking,
attention, and working memory), a one-way multivariate analysis of
variance (MANOVA) was conducted to examine overall group differ-
ences while controlling for Type I error inflation. When significant
multivariate effects were identified, follow-up univariate ANOVAs were
performed.

This structured analytic approach ensured that each statistical pro-
cedure was appropriately aligned with the dimensionality of the
outcome variables and directly addressed the corresponding research
questions and hypotheses. Collectively, this strategy improves the
transparency, consistency, and reproducibility of the analytical
framework.

To further enhance transparency and reproducibility, all statistical
procedures were conducted in accordance with established reporting
standards. Assumption testing results were systematically evaluated
prior to hypothesis testing to ensure the appropriateness of parametric
analyses. The selection of statistical techniques was theoretically aligned
with the dimensionality and structure of each outcome variable. Effect
sizes were interpreted using conventional benchmarks (Cohen, 1988)
and reported alongside 95% confidence intervals to facilitate practical
interpretation of magnitude. This comprehensive analytical framework
ensures methodological rigor, supports reproducibility, and aligns with
recommended reporting standards in educational and psychological
research.

To ensure full consistency and transparency in the analytical
framework, an alignment matrix was developed to explicitly link
research questions, statistical models, and reporting strategies across the
Methods, Results, and Tables sections. This alignment clarifies the pri-
mary analytic approach for each outcome variable and distinguishes it
from supplementary analyses, thereby minimizing ambiguity in statis-
tical interpretation, as shown in Table 4.

To ensure analytical coherence and methodological transparency,
each outcome variable was examined using a single, clearly specified
primary statistical model aligned with its dimensionality. Mathematics
achievement, as a unidimensional construct, was analyzed using an
independent-samples t-test on post-test scores. Creative thinking,
attention, and working memory, as interrelated multidimensional con-
structs, were analyzed simultaneously using one-way MANOVA, with
follow-up univariate ANOVAs conducted when significant multivariate
effects were observed. Supplementary within-group analyses (paired-
samples t-tests) were conducted solely to support interpretation and
were not used as the primary basis for hypothesis testing.

To enhance clarity and accessibility, Table 5 provides a concise
summary of the research design. This table synthesizes the key meth-
odological components, enabling readers to readily comprehend the
overall experimental structure and analytic framework.

A key methodological strength of the present study lies in the
adoption of a true experimental pretest-posttest control-group design
with random assignment. In educational research, where these designs
are often necessitated by practical constraints, the use of true random-
ization offers a rigorous methodological advantage. Specifically,
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random assignment enhances internal validity by reducing selection bias
and mitigating the influence of potential confounding variables. As a
result, this design supports stronger causal inference, allowing observed
differences in creative thinking, mathematics achievement, attention,
and working memory to be more confidently attributed to the Neuro-
Construct teaching model rather than to pre-existing group disparities or
extraneous influences (Creswell & Creswell, 2018; Shadish et al., 2002).

6. Results

This study aimed to examine the effectiveness of the NeuroConstruct
teaching model in enhancing four key student outcomes: creative
thinking, mathematics achievement, attention, and working memory.
Specifically, the research compared these outcomes between the
experimental group, which received the NeuroConstruct teaching
model, and the control group, which used the 5E teaching model. The
following sections present the detailed findings corresponding to each
objective.

To provide an overall descriptive overview of students’ performance
across outcome variables, Fig. 4 presents the pre-test and post-test mean
scores for both the NeuroConstruct and 5E teaching models. The figure
illustrates consistent post-test improvements across all domains, with
higher gains observed in the NeuroConstruct group.

The results of this research are reported following the research ob-
jectives. This section presents detailed analyses of students’ creative
thinking, mathematics achievement, attention, and working memory
outcomes before and after the implementation of the NeuroConstruct
and 5E teaching models. The subsequent subsections describe the find-
ings for each cognitive domain, supported by statistical analyses and
descriptive data. To improve clarity and consistency, 95% confidence
intervals (CIs) for the principal between-group differences are reported
systematically across the main outcomes.

To ensure full consistency across results tables, the following con-
ventions are applied throughout Tables 6-9: (a) all tables report pre-test
and post-test means and standard deviations for both groups; (b) gain
scores (post-test minus pre-test) are included for supplementary within-
group interpretation only; (c) between-group comparisons are reported
using the primary statistical model specified in Table 4 (one-way
MANOVA with follow-up univariate ANOVAs for creative thinking,
attention, and working memory; independent-samples t-test on post-test
scores for mathematics achievement); and (d) effect sizes are reported as
partial eta squared (ng) for MANOVA-based analyses and SMG for the t-
test comparison.

6.1. Creative thinking

Scores measured creative thinking. Table 6 shows each element’s
pre-post-test M (Mean Scores) and SD (Standard Deviation) of the
experimental and control groups.

6.1.1. Multivariate test

All multivariate tests (Wilks’ Lambda) were significant for creative
thinking accuracy. The teaching models significantly influenced creative
thinking at the 0.05 significance level (F (3, 66) = 5.26, p = .003) and
accounted for 19.30% of the variance in creative thinking (1]1% =0.193).

Table 6 presents the descriptive statistics and inferential results for
creative thinking outcomes across three subdimensions: fluent thinking,
flexible thinking, and original thinking, for both the experimental group
(NeuroConstruct teaching model) and the control group (5E teaching
model). Mean scores and standard deviations are reported for pre-test
and post-test assessments, along with gain scores reflecting changes
following the intervention. In addition, univariate analysis results,
including F statistics, partial eta squared (ng), and 95% confidence in-
tervals for between-group differences in post-test scores, are provided to
support the interpretation of instructional effects.

Across all dimensions of creative thinking, students in the
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Table 4
Alignment of analytical models across Methods, Results, and Tables.
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Outcome Research Question Primary Statistical Model Supplementary Analysis Results Reporting Structure ~ Table Alignment
Variable
Creative RQ1: Does the model One-way MANOVA Mean, standard deviation, Report Wilks’ Lambda, F, p, Table 6: Align with MANOVA
Thinking improve creative thinking? follow-up univariate qg; then mean, standard outputs (mean, standard
ANOVA, and gain score for deviation, gain score, and deviation, multivariate and
within-group change univariate results per univariate effects), and gain
dimension score
Mathematics RQ2: Does the Independent-samples t-test ~ Mean, standard deviation, Report between-group Table 7: Emphasize the
Achievement NeuroConstruct model on post-test and and gain score for within- difference in post-test independent-samples t-test; pre/
improve mathematics standardized mean gain group change scores (t, p, between-group ~ post shown descriptively, and the
achievement compared to index (SMG) (Becker, SMG, 95% CI) gain score
5E? 1988)
Attention RQ3: Does the model Like creative thinking Like creative thinking Like creative thinking Table 8: Like creative thinking
improve attention?
Working RQ4: Does the model Like creative thinking Like creative thinking Like creative thinking Table 9: Like creative thinking
Memory improve working memory?
Table 5 experlmental group.

Summary of research design.

Component Description

Research design
Participants
Sampling method
Group assignment
Teaching model of the
experimental group
Teaching model of the
control group
Research duration
Learning content

True experimental pre-test—post-test control group design
70 Grade 7 students (mean age = 12.6 years, SD = 0.48)
Simple random sampling followed by random assignment
Experimental group (n = 35); Control group (n = 35)
NeuroConstruct teaching model (Neuroconstructivism-
informed)

5E teaching model
(Engage-Explore-Explain-Elaborate-Evaluate)

One academic year overall; 5-week intervention period
Graphs, relations, and functions (Grade 7 mathematics
curriculum of Thailand)

Creative thinking, mathematics achievement, attention,
and working memory

Essay-based creative thinking test; mathematics
achievement test; computerized cognitive ability tests
(attention and working memory)

Independent-samples t-test on post-test scores and SMG for
mathematics achievement; one-way MANOVA with follow-
up univariate ANOVAs for creative thinking, attention, and
working memory; mean, standard deviation, and gain score

Outcome variables

Research instruments

Data analysis

used only for supplementary within-group interpretation

experimental group demonstrated consistently greater improvements
from pre-test to post-test compared with those in the control group.
For fluent thinking, the experimental group showed a substantial
increase from pre-test (M = 25.11, SD = 2.61) to post-test (M = 41.34,
SD = 7.83), yielding a gain score of 16.23. In contrast, the control group
improved from pre-test (M = 21.91, SD = 4.58) to post-test (M = 36.23,
SD = 5.15), with a gain score of 14.32. The between-group difference
was statistically significant, F(1, 68) = 10.43, p = .002, with a medium
effect size (ng = 0.133). The 95% confidence interval [—8.274, —1.954]
did not include zero, indicating a reliable advantage for the

Table 6

A similar pattern was observed for flexible thinking. The experi-
mental group improved from pre-test (M = 26.51, SD = 5.27) to post-test
(M = 43.54, SD = 9.86), with a gain score of 17.03, whereas the control
group showed a smaller increase from pre-test (M = 24.54, SD = 6.08) to
post-test (M = 36.37, SD = 10.16), with a gain score of 11.83. This
difference was statistically significant, F(1, 68) = 8.97, p = .004, with a
medium effect size (ng = 0.117). The confidence interval [-11.949,
—2.394] further supports the robustness of the group difference.

For original thinking, the experimental group demonstrated a
marked improvement from pre-test (M = 27.06, SD = 5.17) to post-test
(M = 40.86, SD = 8.93), corresponding to a gain score of 13.80. The
control group improved from pre-test (M = 25.66, SD = 6.29) to post-
test (M = 33.66, SD = 11.08), with a gain score of 8.00. The between-
group difference was statistically significant, F(1, 68) = 8.96, p =
.004, with a medium effect size ('112) = 0.116). The 95% confidence in-
terval [—12.000, —2.400] did not cross zero, confirming the effect’s
reliability.

Overall, the results summarized in Table 6 indicate that the Neuro-
Construct teaching model led to statistically significant improvements
across all dimensions of creative thinking compared with the SE
teaching model. The consistent pattern of medium effect sizes (ng =
0.116-0.133) suggests that these differences are not only statistically
significant but also educationally meaningful, highlighting the effec-
tiveness of the NeuroConstruct teaching model in enhancing higher-
order creative thinking skills.

6.2. Mathematics achievement
Accuracy scores measured mathematics achievement. Table 7 pre-

sents the pre- and post-test M (Mean Scores) and SD (Standard Devia-
tion) for the experimental and control groups.

Creative thinking outcomes by group: pre-test, post-test comparison, gain score, and between-group effects.

Creative NeuroConstruct teaching model 5E teaching model F (df= Partial eta 95% Confidence Intervals
thinki 1,68 d (n3 CI) of Diff
inidng Pre-test Post-test Gain Pre-test Post-test Gain ( 2 squared (nj) (CD of Difference
M sSD M sp  Sore M sD M SD score Lower Upper
bound bound
Fluent 25.11 2.61 41.34 7.83 16.23 21.91 4.58 36.23 5.15 14.32 10.43** 0.133 —8.274 —1.954
thinking
Flexible 26,51 5.27 4354 9.86 17.03 2454 6.08 36.37 10.16 11.83 8.97%* 0.117 —11.949 —2.394
thinking
Original 27.06 517 40.86 893 13.80 25.66 6.29 33.66 11.08 8.00 8.96** 0.116 —12.000 —2.400
thinking

Note. rhz, = partial eta squared. Gain scores were calculated as post-test minus pre-test. The 95% CI for the difference refers to the 95% confidence interval for the

between-group difference in post-test. **p < .01.
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Table 7
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Report between-group difference in post-test scores as the primary comparison; gain scores included for supplementary within-group interpretation.

Mathematics achievement ~ NeuroConstruct teaching model 5E teaching model t(df = 68)  95% CI of the
- - Difference
Pre-test Post-test Gain score SMG Pre-test Post-test Gain score SMG
M SD M SD M SD M SD Lower  Upper
Score 15.09 262 2940 280 1431 5.46 1546 260 2249 311 7.03 2.70 —9.78%* -8.33 -5.50

Note. SMG represents the within-group (pre-to-post) effect size for mathematics achievement and is calculated as the gain score divided by the pre-test standard
deviation for each group (Becker, 1988). This standardizer was selected because the pre-test standard deviation reflects performance variability uncontaminated by the

intervention. Gain scores were calculated as post-test minus pre-test. **p < .01.

Table 8

Attention outcomes by group: pre-test, post-test comparison, and between-group effects.

Attention NeuroConstruct teaching model 5E teaching model F (df= Partial etasquared  95% CI of the
K K (1,68)) (ng) Difference
Pre-test Post-test Gain Pre-test Post-test Gain
M SD M SD score M SD M SD score Lower  Upper
Simple reaction 19.74 273 2523 292 549 19.03 3.04 2294 3.12 3.91 9.94%* 0.13 —-3.73 -0.84
accuracy
Focus attention 17.94 2.67 22.57 3.62 4.63 17.31 2.83 19.94 3.56 2.63 9.36** 0.12 —4.34 —-0.91
accuracy
Selected attention 19.43 274 2311 3.36  3.68 1826  2.69  20.51 3.29 2.25 10.69** 0.14 —4.19 -1.01
accuracy
Sustained attention 20.09 329 22,06 349 1.97 19.06 3.17 19.03 336 —0.03 13.66** 0.17 —4.66 —1.39
accuracy

Note. ng = partial eta squared. Gain scores were calculated as post-test minus pre-test. The 95% CI for the between-group difference in post-tests refers to the 95%

confidence interval for the between-group difference in post-tests. **p < .01.

Table 9

Working memory outcomes by group: pre-test, post-test comparison, and between-group effects.

Working memory NeuroConstruct teaching model 5E teaching model F (df= Partial eta 95% CI of the
1,68 d (n2 Diff
Pre-test Post-test Gain Pre-test Post-test Gain ( ) squared (1) Herence
M sSD M sp  Sore M sSD M sp  Seore Lower  Upper
Basic processing accuracy 17.91 3.50 2577 210 7.86 18.40 280 23.54 3.17 514 12.04** 0.15 -3.51 —0.95
Shifting working memory 17.03 3.76 22.23 3.59 5.20 17.94 2.73 19.34 3.64 1.40 11.16** 0.14 —4.61 -1.16
accuracy
Updating working 16.74 3.17 2249 3.65 5.75 17.09 327 1866 3.93 1.57 17.86%* 0.21 -5.64 —2.02
memory accuracy
Inhibiting working 1511 372 22,66 351 7.55 1566 351 17.77 439 211 26.45%* 0.28 -6.78 —-2.99

memory accuracy

Note. ng = partial eta squared. Gain scores were calculated as post-test minus pre-test. The 95% CI for the between-group difference in post-tests refers to the 95%

confidence interval for the between-group difference in post-tests. **p < .01.

6.2.1. Independent-sample T-Test

Table 7 summarizes mathematics achievement outcomes for the
experimental group taught using the NeuroConstruct teaching model (n
= 35) and the control group taught using the 5E teaching model (n =
35). Pre-test results indicated comparable baseline performance be-
tween groups (NeuroConstruct: M = 15.09, SD = 2.62; 5E: M = 15.46,
SD = 2.60).

Post-test results showed improvement in both groups; however,
gains were substantially greater for the experimental group. Students
receiving the NeuroConstruct teaching model achieved a post-test (M =
29.40, SD = 2.80), corresponding to a gain score of 14.31 and a very
large effect size (SMG = 5.46). In contrast, the control group attained a
post-test score (M = 22.49, SD = 3.11), with a gain score of 7.03 and a
smaller, though still large, effect size (SMG = 2.70).

An independent samples t-test was conducted to compare post-test
mathematics achievement between the experimental and control
groups. Levene’s test indicated that the assumption of homogeneity of
variances was not violated, F(1, 68) = 0.632, p = .429. Therefore, the
equal-variance assumption was interpreted. The results revealed a sta-
tistically significant difference between the two groups, t(68) = —9.78,
p < .001, with a mean difference of —6.91 (95% CI [-8.33, —5.50]),
indicating that the experimental group outperformed the control group.
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6.3. Attention

The accuracy scores also measured attention. Table 8 shows the pre-
post-test M (Mean Scores) and SD (Standard Deviation) of the experi-
mental and control groups measured by each subtest.

6.3.1. Multivariate test

All the multivariate tests (Wilks’ Lambda) were significant for
attention accuracy. It suggested that the teaching model significantly
influenced attention at the 0.05 significance level (F(4, 65) = 4.57, p
.003) and accounted for 22.00% of the variance in attention (qlz,
0.220).

Table 8 presents descriptive statistics and inferential results for
attention outcomes across four subdimensions: simple reaction accu-
racy, focus attention accuracy, selected attention accuracy, and sus-
tained attention accuracy, for both the experimental group
(NeuroConstruct teaching model) and the control group (5E teaching
model). Mean scores and standard deviations are reported for pre-test
and post-test assessments, along with gain scores reflecting changes
following the intervention. In addition, univariate analysis results,
including F statistics, partial eta squared (ng), and 95% confidence in-
tervals for between-group differences in post-test scores, are provided to
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Fig. 4. Pre-test and post-test mean scores across outcome variables for the NeuroConstruct teaching model and the 5E teaching models.

support the interpretation of instructional effects.

Across all attention dimensions, students in the experimental group
demonstrated consistently greater improvements from pre-test to post-
test than those in the control group.

For simple reaction accuracy, the experimental group showed a
notable increase from pre-test (M = 19.74, SD = 2.73) to post-test (M =
25.23, SD = 2.92), yielding a gain score of 5.49. In contrast, the control
group improved from pre-test (M = 19.03, SD = 3.04) to post-test (M =
22.94, SD = 3.12), with a gain score of 3.91. The between-group dif-
ference was statistically significant, F(1, 68) = 9.94, p = .002, with a
medium effect size (ng = 0.13). The 95% confidence interval [—3.73,
—0.84] did not include zero, indicating a reliable advantage for the
experimental group.

For focus attention accuracy, the experimental group improved from
pre-test (M = 17.94, SD = 2.67) to post-test (M = 22.57, SD = 3.62),
with a gain score of 4.63. In contrast, the control group also improved
from pre-test (M = 17.31, SD = 2.83) to post-test (M = 19.94, SD =
3.56), with a gain score of 2.63. The between-group difference was
statistically significant, F(1, 68) = 9.36, p = .003, with a medium effect
size (ng = 0.12). The confidence interval [—4.34, —0.91] further sup-
ports the robustness of the group difference.

For selected attention accuracy, the experimental group demon-
strated an increase from pre-test (M = 19.43, SD = 2.74) to post-test (M
= 23.11, SD = 3.36), corresponding to a gain score of 3.68. The control
group improved from pre-test (M = 18.26, SD = 2.69) to post-test (M =
20.51, SD = 3.29), with a gain score of 2.25. The between-group dif-
ference was statistically significant, F(1, 68) = 10.69, p = .002, with a
medium effect size (ng = 0.14). The 95% confidence interval [—4.19,
—1.01] did not cross zero, confirming the effect’s reliability.

For sustained attention accuracy, the experimental group showed a
modest increase from pre-test (M = 20.09, SD = 3.29) to post-test (M =
22.06, SD = 3.49), yielding a gain score of 1.97. In contrast, the control
group remained relatively stable, with pre-test (M = 19.06, SD = 3.17)
and post-test (M = 19.03, SD = 3.36) scores, resulting in a negligible
change (gain score = —0.03). The between-group difference was sta-
tistically significant, F(1, 68) = 13.66, p < .001, with a medium-to-large
effect size (ng =0.17). The confidence interval [-4.66, —1.39] indicates
a consistent advantage for the experimental group.

Overall, the results summarized in Table 8 indicate that the Neuro-
Construct teaching model led to statistically significant improvements
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across all attention dimensions compared with the 5E teaching model.
The consistent pattern of medium-to-moderately large effect sizes (n;‘; =
0.12-0.17) suggests that these differences are not only statistically sig-
nificant but also educationally meaningful, highlighting the effective-
ness of the NeuroConstruct teaching model in enhancing multiple
components of attentional functioning.

Although both groups showed improvements in focus attention ac-
curacy from pre-test to post-test, the magnitude of improvement differed
substantially between the two instructional conditions. The experi-
mental group’s gain of 4.63 points was notably larger than the control
group’s gain of 2.63 points, and the between-group difference in post-
test scores was statistically significant, F(1, 68) = 9.36, p = .003, ’l]g
= 0.12. This differential gain pattern suggests that while the 5E teaching
model may facilitate modest attentional improvements through its
inquiry-based instructional sequence, the NeuroConstruct teaching
model produces substantially greater improvements in focused atten-
tion. This finding aligns with the theoretical premise of the Neuro-
Construct teaching model, which systematically targets attentional
control mechanisms through neuroscience-informed instructional stra-
tegies grounded in the principles of neuroconstructivism (Mareschal,
Johnson, et al., 2012). In contrast, although the 5E teaching model is
effective at promoting inquiry-based learning and conceptual under-
standing, it is not explicitly designed to systematically stimulate or
sustain executive attention (Diamond, 2013). The fact that the control
group nonetheless improved—rather than declined—in focus attention
accuracy indicates that engagement in structured science instruction
may confer some degree of attentional benefit, even without targeted
neurocognitive training. However, the significantly larger gain in the
experimental group underscores the added value of embedding explicit
neurocognitive stimulation within the instructional design, which ap-
pears to amplify the attentional benefits beyond what conventional
inquiry-based instruction alone can achieve.

6.4. Working memory
The accuracy scores also measured working memory. Table 9 shows

the pre-post-test M (Mean Scores) and SD (Standard Deviation) of the
experimental and control groups measured by each subtest.
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6.4.1. Multivariate test

All multivariate tests (Wilks’ Lambda) were significant for working
memory accuracy. That is, the teaching models significantly influenced
working memory at the 0.05 significance level (F(4, 65) = 8.89, p <
.001) and accounted for 35.40% of the variance in working memory (ng
= 0.354).

Table 9 presents descriptive statistics and inferential results for
working memory outcomes across four subdimensions: basic processing
accuracy, shifting working memory accuracy, updating working mem-
ory accuracy, and inhibiting working memory accuracy for both the
experimental group (NeuroConstruct teaching model) and the control
group (5E teaching model). Mean scores and standard deviations are
reported for pre-test and post-test assessments, along with gain scores
reflecting changes following the intervention. In addition, univariate
analysis results, including F statistics, partial eta squared (ng), and 95%
confidence intervals for between-group differences in post-test scores,
are provided to support the interpretation of instructional effects.

Across all dimensions of working memory, students in the experi-
mental group demonstrated consistently greater improvements from
pre-test to post-test compared with those in the control group, indicating
the effectiveness of the NeuroConstruct teaching model in enhancing
executive function processes.

For basic processing accuracy, the experimental group showed a
substantial increase from pre-test (M = 17.91, SD = 3.50) to post-test (M
= 25.77, SD = 2.10), yielding a gain score of 7.86. In contrast, the
control group improved from pre-test (M = 18.40, SD = 2.80) to post-
test (M = 23.54, SD = 3.17), with a gain score of 5.14. The between-
group difference was statistically significant, F(1, 68) = 12.04, p <
.001, with a medium effect size (nﬁ = 0.15). The 95% confidence interval
[-3.51, —0.95] did not include zero, indicating a reliable advantage for
the experimental group.

A similar pattern was observed for shifting working memory accu-
racy. The experimental group improved from pre-test (M = 17.03, SD =
3.76) to post-test (M = 22.23, SD = 3.59), with a gain score of 5.20,
whereas the control group showed a smaller increase from pre-test (M =
17.94, SD = 2.73) to post-test (M = 19.34, SD = 3.64), with a gain score
of 1.40. This difference was statistically significant, F(1, 68) = 11.16, p
< .001, with a medium effect size (ng = 0.14). The confidence interval
[—4.61, —1.16] further supports the robustness of the group difference.

For updating working memory accuracy, the experimental group
demonstrated a marked improvement from pre-test (M = 16.74, SD =
3.17) to post-test (M = 22.49, SD = 3.65), corresponding to a gain score
of 5.75. The control group improved from pre-test (M = 17.09, SD =
3.27) to post-test (M = 18.66, SD = 3.93), with a gain score of 1.57. The
between-group difference was statistically significant, F(1, 68) = 17.86,
p < .001, with a medium-to-large effect size (ng = 0.21). The 95%
confidence interval [—5.64, —2.02] did not cross zero, confirming the
effect’s reliability.

For inhibiting working memory accuracy, the experimental group
showed a substantial increase from pre-test (M = 15.11, SD = 3.72) to
post-test (M = 22.66, SD = 3.51), yielding a gain score of 7.55. In
comparison, the control group improved from pre-test (M = 15.66, SD =
3.51) to post-test (M = 17.77, SD = 4.39), with a gain score of 2.11. The
between-group difference was statistically significant, F(1, 68) = 26.45,
p < .001, with a large effect size (nlz, = 0.28). The confidence interval
[—6.78, —2.99] further confirms the strength and consistency of the
effect.

Overall, the results summarized in Table 9 indicate that the Neuro-
Construct teaching model led to statistically significant improvements
across all dimensions of working memory compared with the 5E
teaching model. The consistent pattern of medium to large effect sizes
(ng = 0.14-0.28) suggests that these differences are not only statistically
significant but also educationally meaningful, highlighting the effec-
tiveness of the NeuroConstruct teaching model in enhancing core ex-
ecutive functions, particularly working memory processes essential for
higher-order learning.

23

Social Sciences & Humanities Open 13 (2026) 103020

To support the interpretation of statistical findings, effect sizes were
examined alongside p-values to evaluate the magnitude and educational
relevance of the observed differences. Across all outcome variables, the
NeuroConstruct teaching model consistently demonstrated medium-to-
large effect sizes, indicating that the observed improvements are not
only statistically significant but also practically meaningful in classroom
contexts. Specifically, the magnitude of the effects suggests that a sub-
stantial proportion of the variance in students’ creative thinking,
mathematics achievement, attention, and working memory can be
attributed to the instructional model rather than to random variation.
From an educational perspective, effects of this magnitude reflect
meaningful gains in higher-order cognitive processes and executive
functions that are foundational to learning, including attentional control
and working memory capacity. These findings indicate that the Neuro-
Construct teaching model produces improvements likely to have real-
world instructional impact, extending beyond statistically detectable
differences to changes that are educationally substantive and relevant to
classroom practice. Detailed definitions, calculation procedures, and
interpretation criteria for all reported effect sizes are provided in the
table notes to ensure transparency and reproducibility of the analysis, as
shown in Table 10.

Table 10 shows the results; partial eta squared (ng) represents the
proportion of variance in the dependent variable explained by group
membership (NeuroConstruct vs. 5E teaching model), controlling for
other sources of variance. For mathematics achievement, within-group
effect sizes were reported using SMG, computed as the gain score
(post-test minus pre-test) divided by the pre-test standard deviation for
each group (Becker, 1988). This index reflects the magnitude of
pre-to-post change within each condition relative to baseline variability.

Confidence intervals (95% CI) refer to the estimated range of the true
between-group difference. For gain-score analyses, the 95% CI repre-
sents the difference between the NeuroConstruct and 5E groups (Neu-
roConstruct minus 5E). A CI that does not include zero indicates a
statistically reliable group difference. Gain scores were calculated as
post-test minus pre-test. All nf) values reported are between-group esti-
mates; SMG values represent within-group effect sizes unless otherwise
specified.

The effect sizes were interpreted using established benchmarks
(Cohen, 1988; Lakens, 2013), where ng ~ 0.01 indicates a small effect,
0.06 a medium effect, and 0.14 or higher a large effect. For standardized
mean differences, SMG values of 0.20, 0.50, and 0.80 correspond to
small, medium, and large effects, respectively (Cohen, 1988). Beyond
statistical significance, practical significance was evaluated by exam-
ining (1) the proportion of variance explained, (2) the relevance of the
outcome to classroom learning, and (3) comparison with prior
meta-analytic benchmarks in education and cognitive training (Hattie,
2009; Jacob & Parkinson, 2015; Melby-Lervag & Hulme, 2013; Scott
et al., 2004). This multi-criteria interpretation ensures that effect sizes
are understood not only as statistical indices but also as indicators of
meaningful educational impact.

Specifically, the magnitude of the effects suggests that a substantial
proportion of the variance in students’ creative thinking, mathematics
achievement, attention, and working memory can be attributed to the
instructional model rather than to random variation. From an educa-
tional perspective, effects of this magnitude reflect meaningful gains in
higher-order cognitive processes and executive functions that are
foundational to learning, including attentional control and working
memory capacity.

These findings indicate that the NeuroConstruct teaching model
produces improvements likely to have real-world instructional impact,
extending beyond statistically detectable differences to changes that are
educationally substantive and relevant to classroom practice. Detailed
definitions, calculation procedures, and interpretation criteria for all
reported effect sizes are provided in the table notes to ensure trans-
parency and reproducibility of the analysis.

The implementation fidelity analysis indicated high adherence to the
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NeuroConstruct teaching model. Across the 2 instructional sessions, the e aa . =
mean fidelity score was 1.82 (SD = 0.14), corresponding to an overall = Z g% =58 & g
adherence rate of 91.0%. All six teaching syntaxes were consistently g %} é 5 22T g Té E
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T sps s . . 13} S 295 L E & g £ =
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cognitive and academic outcomes. Although these analyses were £ 5= g 5 i % £ % gefg g § = 2
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9
[
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A key strength of the present study lies in its ecological validity. T - ST 8
Unlike laboratory-based or highly controlled intervention studies, the - 5w g 5
NeuroConstruct teaching model was implemented in an authentic school © g = _‘E‘ g 'g e &
setting under real instructional conditions. The intervention, aligned § gg E % 3w %; -ig g % 2 go
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within existing school systems without requiring specialized infra- 2|8 2 £ 5% £k §§ % g g¢E £
structure. However, because this evidence derives from a single school ‘é . PESREOELAERS AR f‘é
and a five-week implementation period, the practical feasibility of 3 B
broader adoption remains an empirical question requiring further 8 gé R R R E
replication. g £ ‘—E § § 3:; E
The findings show that students exposed to the NeuroConstruct ‘g il N «® g
teaching model achieved higher post-test scores than those taught using ) . N%;
the 5E teaching model across the assessed domains. These results are g E g
consistent with the potential promise of a neuroscience-informed % . § g g § g g S g )
instructional design; however, causal claims are not warranted § E g ;i —__‘ﬁ 5 ;i —__‘ﬁ gc—__‘ﬁ 5 “
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neural activity or neurobiological change. Therefore, any references to v | = P g% ':% &
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established cautions against reverse inference in educational neurosci- &l|° S #ESo S s 5
ence (Bruer, 1997; Howell, 2013). ;‘; fgn g
Conducting the present study in an authentic secondary school g El = §
setting aligned with the Thai national core curriculum substantially 5 % ks 2 5-; P
strengthens its practical relevance and ecological validity. The Neuro- |6 5| @ = & g 3
Construct teaching model was not examined under highly controlled § = Eg
laboratory conditions but rather implemented within the structural 8 . & 5%
constraints of real classrooms, including fixed instructional time, cur- E o 2 e E - o B ﬁ'%
riculum standards, and prevailing pedagogical practices. This inter- S 3 g % % E E = % £ % e g‘
vention in everyday schooling conditions enhances the credibility of the % E g § g E § < % g = g §
findings for educational practitioners and policymakers (Fischer et al., S z &
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2010; McKenney & Reeves, 2019). Moreover, the alignment of the
NeuroConstruct teaching model with mandated curricular content,
specifically graphs, relations, and functions, suggests that the model
may be integrated into existing curricular frameworks without necessi-
tating structural curricular reform, although this preliminary finding
requires replication across different curricula and subject areas. The
clearly articulated instructional phases and the absence of reliance on
specialized neuroscientific equipment further support the model’s po-
tential scalability across diverse school contexts. From a design-based
research perspective, these characteristics position the NeuroConstruct
teaching model as a feasible and adaptable instructional innovation that
may be extended beyond the original research site, subject to further
empirical validation (Darling-Hammond et al., 2017; Plomp, 2013).

From a neuroconstructivist perspective, the observed gains can be
interpreted as the outcome of systematic engagement with attention and
working memory, foundational cognitive resources that support higher-
order learning. Attention functions as a gatekeeper for information
processing, while working memory enables the temporary maintenance
and manipulation of representations necessary for mathematical
reasoning and creative problem-solving (Baddeley, 2003; Zhao et al.,
2021).

The NeuroConstruct teaching model explicitly embedded instruc-
tional activities that required sustained attentional focus, representa-
tional coordination, and iterative cognitive updating. These features are
theoretically aligned with interactive specialization and experience-
dependent plasticity, which suggest that repeated, structured cognitive
engagement promotes the refinement of neural representations over
time (Johnson, 2011; Karmiloff-Smith, 2017). Accordingly, improve-
ments in attention and working memory may help explain the observed
gains in creative thinking and mathematics achievement; however, this
mediational pathway was not directly tested in the present study.

The present study highlights distinct theoretical and practical dif-
ferences between the NeuroConstruct teaching model and the conven-
tional 5E teaching model. While both models foster active engagement
and conceptual understanding, Neuroconstructivism integrates a multi-
constraint developmental framework emphasizing dynamic interactions
among genetic, neural, embodied, social, and environmental factors
(Astle et al., 2023; Karmiloff-Smith, 2017; Mareschal, Johnson, et al.,
2012). This neurobiological grounding provides structured support for
cognitive processes relevant to learning, such as attention, working
memory, and creative thinking, which have been empirically shown to
improve more significantly under the NeuroConstruct teaching model
than under the 5E teaching model.

In contrast, the 5E model, rooted in constructivist pedagogy, pri-
marily facilitates inquiry-based learning through sequential phases of
Engage, Explore, Explain, Elaborate, and Evaluate (Bybee et al., 2006;
IPST, 2012). Although effective in promoting conceptual understanding
and student motivation, the 5E model does not explicitly address neu-
rocognitive mechanisms or integrate principles of neural development.

Therefore, the enhanced learning outcomes observed in this study
under the NeuroConstruct teaching model may be theoretically inter-
preted through the lens of brain plasticity and cognitive control prin-
ciples, although the present study did not directly measure neural
activity. This interpretation suggests that teaching models informed by
neuroscientific principles may offer added benefits in developing higher-
order cognitive skills, a hypothesis that warrants further investigation
using neuroimaging or physiological measures (Polanin et al., 2024).
This comparison underscores the potential for educational frameworks
to evolve beyond traditional pedagogical models by integrating inter-
disciplinary insights from neuroscience and cognitive psychology to
optimize student learning.

Although the sample of 70 students was relatively small, it was
randomly selected from the population of 126 seventh-grade students at
the school, thereby supporting the representativeness of the findings.
Nevertheless, caution should be exercised when generalizing the results
beyond this context. Future studies with larger samples and diverse
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educational settings are recommended to validate and extend these
findings (Creswell & Creswell, 2018).

This research suggests that Neuroconstructivism provides a
contemporary foundation for developing a teaching model that im-
proves learner outcomes. Specifically, the NeuroConstruct teaching
model focuses on systematically developing students’ creative thinking
(including fluent thinking, flexible thinking, and original thinking),
mathematics achievement (covering topics such as graphs, relations,
and functions), as well as cognitive functions like attention and working
memory, grounded in Neuroconstructivism principles (Karmiloff-Smith,
2017; Mareschal, Johnson, et al., 2012; Srikoon et al., 2018). The
instructional process comprises six structured phases: neuron stimula-
tion, neuron construction, integration of brain regions, coordination
between the brain and body, embedding learning in social contexts, and
integration of all developmental constraints (Astle et al., 2023). Detailed
lesson plans and teaching guides support teachers in implementing these
phases through activities that promote bidirectional learning among
neural, bodily, and environmental factors. The findings of this study
provide context-specific comparative evidence indicating that the Neu-
roConstruct teaching model is associated with improvements in creative
thinking, mathematics achievement, attention, and working memory
among Grade 7 students within the examined instructional setting.
However, these results must be interpreted with caution. The data were
collected from a single school, involved a relatively small sample size,
focused on one grade level and one mathematics topic, and were based
on a short intervention period.

Consequently, the present findings should not be generalized to all
classrooms, grade levels, subject areas, or educational contexts. Rather,
they should be understood as context-bound empirical evidence that
demonstrates the potential instructional value of the NeuroConstruct
teaching model under specific conditions. Broader instructional rec-
ommendations and claims of general applicability require replication
across diverse schools, age groups, subject domains, and longer imple-
mentation periods, using robust experimental and true-experimental
designs (Creswell & Creswell, 2018; Shadish et al., 2002).

These findings suggest the value of instructional approaches
informed by Neuroconstructivist principles that attend to the cognitive,
embodied, and social dimensions of learning. All constraints are
involved at all levels, spanning genes, neural activity, brain region,
body, and society, and the integration of these principles may help
inform the development of a novel teaching approach aimed at sup-
porting cognitive and academic learning outcomes. (Karmiloff-Smith
et al., 2018; Westerman et al., 2007; Winitsiri & Srikoon, 2026). To
facilitate effective information processing, the sensory register tempo-
rarily stores a large amount of incoming sensory information. This se-
lective storage, which involves attention, allows relevant information to
be further processed and encoded into working memory. This will
enhance working memory and facilitate the retention of more knowl-
edge in long-term memory (Sweatt, 2010; White, 2020). While the
findings suggest that improvements in attention and working memory
were associated with better mathematics achievement and creative
thinking, these cognitive functions should be understood as founda-
tional supports rather than isolated targets. Effective educational in-
terventions should therefore allocate time and resources to concurrently
develop attention, working memory, creative thinking skills, and
mathematical competencies. Such a holistic approach aligns with the
Neuroconstructivism framework, which emphasizes the interdependent
and reciprocal nature of these cognitive processes in fostering academic
success (Baddeley, 2003; Lee & Bull, 2016; Mumford et al., 2012).
Focusing exclusively on attention and working memory at the expense of
direct training in creativity and mathematics might overlook the
domain-specific skills and knowledge essential for students’ overall
development and performance. Moreover, the NeuroConstruct teaching
model is grounded in contemporary neuroscience and cognitive psy-
chology, which emphasize the interactive development of neural sys-
tems supporting attention, working memory, creative thinking, and
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mathematical reasoning (Astle et al., 2023; Karmiloff-Smith, 2017;
Srikoon et al., 2018). The present study provides comparative evidence
that students in the NeuroConstruct group achieved better mathematics
outcomes and demonstrated greater creative thinking than those in the
5E group under the conditions of this study. This suggests that the model
effectively engages neural and cognitive mechanisms critical to these
domains. Furthermore, enhancing creative thinking and mathematics
skills supports learners in developing innovative products and fosters
other essential 21st-century skills, including problem-solving, critical
thinking, and adaptability (Marchetti, 2014; Mumford et al., 2012).
Thus, the assumption that the NeuroConstruct teaching model can
enhance mathematics achievement and foster creative thinking, ulti-
mately leading to broader 21st-century competencies, is substantiated
by both theoretical foundations and empirical findings.

The present study’s findings provide initial evidence that the Neu-
roConstruct teaching model may contribute to improvements in cogni-
tive and academic skills, particularly creative thinking, mathematics
achievement, attention, and working memory. These results align with
Neuroconstructivism theory, which emphasizes the dynamic interaction
of genetic, neural, embodied, social, and environmental factors in
cognitive development (Karmiloff-Smith, 2017; Mareschal, Johnson,
et al., 2012). The model’s systematic approach to decomposing com-
plex cognitive processes into manageable instructional components is
theoretically consistent with principles of targeted cognitive engage-
ment; however, the observed improvements should be interpreted at the
behavioral level, as the present study did not include direct measures of
neural network activity.

In practice, the teaching model can be further improved by devel-
oping tailored lesson plans that incorporate individualized scaffolding
tailored to learners’ unique neurocognitive profiles, thereby optimizing
proactivity and engagement (Astle et al., 2023). Teachers can be trained
to implement embodied and socially contextualized learning activities
that integrate physical movement, collaboration, and reflective practice,
consistent with the model’s six instructional phases. For example,
incorporating kinesthetic exercises linked to mathematical concepts or
problem-solving tasks that require flexible thinking may enhance neural
plasticity and cognitive transfer (Johnson, 2011; Karmiloff-Smith,
2009a).

Future applications of the NeuroConstruct teaching model should
also include professional development programs for educators that focus
on educational neuroscience principles, assessment strategies aligned
with neurocognitive outcomes, and the integration of technology to
dynamically monitor and adapt instruction (Srikoon, 2020a). Such en-
hancements can support sustainable implementation and wider adop-
tion across diverse educational contexts.

7.2. Theoretical integration with neuroconstructivism

Neuroconstructivism is an interdisciplinary science dedicated to
designing innovative teaching models that integrate insights from
neuroscience, cognitive psychology, and educational theory (Ramus,
2004; Sirois et al., 2008). This approach involves developing novel
concepts and detailed theoretical explanations to enhance pedagogical
practices. Specifically, classroom applications of Neuroconstructivism
aim to improve teaching effectiveness and enhance students’ learning
outcomes.

In the present study, the NeuroConstruct teaching model was sys-
tematically developed and implemented as an educational intervention.
The model comprises six structured instructional phases: neuron stim-
ulation, neuron construction, connecting brain regions, connecting
brain and body, connecting body and society, and integrating all
developmental constraints. These phases target the dynamic in-
teractions among genetic activity, neural processes, embodied cogni-
tion, and social context to facilitate cognitive development.

This intervention was delivered over five weeks, focusing on math-
ematical concepts aligned with the curriculum. The NeuroConstruct
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teaching model is designed to target cognitive processes — including
creative thinking, mathematics achievement, attention, and working
memory — through instructional activities theoretically informed by
neurocognitive principles. The NeuroConstruct teaching model is
grounded in Neuroconstructivist theory, which offers one possible
framework for interpreting the stronger outcomes observed in the
experimental group relative to the 5E group. However, the present study
did not directly examine experience-dependent plasticity, brain devel-
opment, or other neurobiological mechanisms.

Empirical findings from this study indicate that students taught
under the NeuroConstruct teaching model outperformed peers in the
control group across all measured domains. These results provide pre-
liminary support for the promise of Neuroconstructivism-informed
instructional design in improving cognitive and academic outcomes in
secondary education, although the single-site, short-term design war-
rants caution in drawing definitive conclusions.

Drawing on the interdisciplinary foundations of Neuro-
constructivism (Ramus, 2004; Sirois et al., 2008), the NeuroConstruct
teaching model was designed to operationalize these principles into
classroom practice. Although the term “NeuroConstruct teaching
model” is derived from the broader Neuroconstructivism theoretical
framework, it specifically refers to the structured instructional approach
developed and implemented in this study. Neuroconstructivism, as a
theoretical paradigm, emphasizes the dynamic, multi-constraint in-
teractions underlying cognitive development. The NeuroConstruct
teaching model operationalizes these principles into six actionable
instructional phases that target cognitive domains. It is important to
distinguish between the theoretical framework and the applied teaching
model to avoid conflating the two. Some summary ideas presented in
previous sections may unintentionally mix foundational theoretical
concepts with novel instructional details, which could lead to misun-
derstanding if not carefully delineated (Astle et al., 2023;
Karmiloff-Smith, 2017).

While this study provides promising evidence in support of the
NeuroConstruct teaching model, we acknowledge that educational
transformation is a complex and ongoing process that requires further
investigation and collaborative efforts. The concept of Neuro-
constructivism serves as a comprehensive theoretical framework that
integrates multiple interacting constraints, including genetic factors,
neural development, bodily engagement, and social context, to explain
cognitive development dynamically (Karmiloff-Smith, 2017; Mareschal,
Johnson, et al., 2012). This approach emphasizes bidirectional in-
teractions among these factors, which shape the evolution of cognitive
representations over time (Astle et al., 2023; Johnson, 2011). Applying
this framework to teaching model development, the NeuroConstruct
teaching model was systematically designed to operationalize these
principles into six instructional phases: neuron stimulation, neuron
construction, connecting brain regions, connecting brain and body,
connecting body and society, and integrating all constraints. Each phase
aligns with core Neuroconstructivism concepts and aims to engage
students’ neural, cognitive, embodied, and social systems in a coherent
and developmentally appropriate manner (Srikoon, 2024). In classroom
application, this model promotes active learner engagement through
structured activities that foster higher-order cognitive skills such as
creative thinking, mathematical reasoning, attention, and working
memory. The teaching strategies encourage learners to actively explore
and manipulate their environment, facilitating experience-dependent
neuroplasticity and social interaction (Karmiloff-Smith, 2013;
Westermann et al., 2007). The effectiveness of this approach was
empirically supported by the study’s findings, which demonstrated
significant improvements in students’ cognitive and academic outcomes
compared to the 5E teaching model (Srikoon, 2024). Moreover, detailed
lesson plans and teaching guides were developed to ensure practical
feasibility and fidelity in implementation by educators.

To address the need to enhance teachers’ understanding of Neuro-
constructivism and to develop practical instructional activities, this
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paper elaborates on the theoretical foundations and practical imple-
mentation of the NeuroConstruct teaching model. The model was co-
developed by experts in cognitive neuroscience, curriculum design,
and developmental psychology, ensuring its rigorous theoretical align-
ment and practical feasibility (Astle et al., 2023; Karmiloff-Smith, 2017;
Mareschal, Johnson, et al., 2012). It integrates multiple interacting
constraints such as genetic, neural, embodied, social, and environmental
factors, which are systematically engaged through six instructional
phases designed to operationalize Neuroconstructivism principles in
classroom teaching (Johnson, 2011; Mareschal, Johnson, et al., 2012).
The intervention includes detailed lesson plans and teaching guides that
provide clear pedagogical strategies and activities, explicitly targeting
cognitive functions such as creative thinking, mathematics achievement,
attention, and working memory (Srikoon, 2019; Srikoon et al., 2018).
Moreover, the model emphasizes active learner engagement through
brain-body-environment interactions and social embeddedness, pro-
moting proactivity and experience-dependent neuroplasticity (Astle
et al., 2023; Karmiloff-Smith, 2013). These aspects are described in
the Intervention Process section, providing educators with concrete
guidance for designing and implementing Neuroconstructivism-
informed instructional activities effectively. Therefore, this study not
only demonstrates the effectiveness of the NeuroConstruct teaching
model on student outcomes but also provides foundational knowledge
and practical tools to support teachers in understanding and applying
Neuroconstructivism principles in their instructional design.

Several methodological constraints limit the ability to draw causal
inferences in the present study. First, as is typical of authentic school-
based interventions, residual confounding cannot be fully ruled out,
including potential influences of student motivation, classroom condi-
tions, or differential familiarity with computerized assessments. Second,
the absence of a placebo or attention-control condition restricts the
ability to disentangle instructional effects from nonspecific attention or
novelty effects. Third, the practical constraints of classroom research
limit the feasibility of blinding participants and instructors.

Consequently, the findings should be interpreted as comparative
evidence of instructional effectiveness rather than definitive causal
proof (Cook & Campbell, 1979; Shadish et al., 2002). In addition,
because the study did not include direct measures of brain activity or
neural change, any references to neurobiological mechanisms remain
theoretical and cannot be empirically substantiated within the present
research design.

7.3. Practical significance of effect sizes

Practical significance and comparison with prior evidence. Beyond
statistical significance, the obtained partial eta squared values indicate
educationally meaningful magnitudes of impact. Using conventional
guidelines for nz/qg (small =~ 0.01, medium =~ 0.06, large ~ 0.14), the
overall effects for creative thinking (‘]12: = 0.193) and attention (ng =
0.220) can be interpreted as large, while the effect for working memory
(ng = 0.354) is very large, implying that a substantial proportion of post-
intervention variance is attributable to the instructional model rather
than random fluctuation (Cohen, 1988; Lakens, 2013). These values
correspond to Cohen’s f of approximately 0.49 (creative thinking), 0.53
(attention), and 0.74 (working memory), further supporting the
conclusion that the NeuroConstruct model was associated with practi-
cally meaningful gains in classroom-relevant cognitive outcomes
(Cohen, 1988; Lakens, 2013). From an educational perspective, effects
of this magnitude suggest that the intervention is not merely producing
“detectable” differences, but shifts large enough to plausibly influence
students’ learning readiness (attention control) and information pro-
cessing capacity (working memory), which are widely recognized as
foundational for academic learning and problem solving (Jacob &
Parkinson, 2015; Maher et al., 2013).

Importantly, the magnitude of the present effects compares favor-
ably with prior evidence on interventions. For creativity-focused
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interventions, a classic meta-analysis reported an average effect size of
0.64 for creativity-training outcomes, indicating a moderate-to-strong
effect under well-designed programs (Scott et al., 2004). In contrast,
meta-analytic evidence on working memory training in children often
shows moderate near-transfer effects (e.g., around g ~ 0.46) but small
far-transfer effects to broader academic outcomes (Melby-Lervag &
Hulme, 2013; Schwaighofer et al., 2015). The comparatively large ef-
fect observed for working memory in this study (ng = 0.354) suggests
that the NeuroConstruct model may operate differently from “practi-
ce-only” cognitive training by embedding executive demands within
authentic mathematics learning activities and sustained instructional
routines, thereby increasing the likelihood of functional classroom
relevance. Nevertheless, because Tl% can be sensitive to design features
and may not be directly comparable to standardized mean differences
across studies, replication across sites and longer follow-up are needed
to confirm generalizability and durability (Lakens, 2013; Maher et al.,
2013).

7.4. Strengths of the study

Contribution The study’s primary contribution is its systematic
translation of Neuroconstructivism — predominantly a theoretical ac-
count of multi-constraint cognitive development — into a structured,
classroom-implementable teaching model with clearly articulated
instructional phases. Whereas prior educational neuroscience research
has largely remained at a conceptual or laboratory level (Fischer et al.,
2010; Tokuhama-Espinosa, 2011), the NeuroConstruct teaching model
operationalizes neurodevelopmental principles into six defined teaching
syntaxes  suitable for secondary mathematics instruction
(Karmiloff-Smith, 2017; Mareschal, Johnson, et al., 2012). This
theory-to-practice translation addresses the gap between neuroscience
research and classroom application identified in the introduction.

Design and methodological strengths. Several features of the
research design enhance the credibility of the findings. First, the study
employed a true experimental pretest-posttest control-group design
with random assignment, which supports causal inference more strongly
than the quasi-experimental alternatives commonly used in classroom
research (Creswell & Creswell, 2018; Shadish et al., 2002). Second, and
critically, the comparison condition was an active control — the widely
adopted 5E teaching model (Bybee et al., 2006) — rather than a
no-treatment or passive control group. This design choice provides a
more stringent test of the NeuroConstruct model’s added instructional
value, as any observed differences are less likely to be attributable solely
to general instructional engagement or novelty effects (Polanin et al.,
2024). Third, the intervention was conducted within an authentic
classroom context aligned with the Thai national curriculum, which
strengthens ecological validity and practical relevance (Bronfenbrenner,
1977; Brown, 1992). Fourth, the study concurrently assessed creative
thinking, mathematics achievement, attention, and working memory
using instruments with established validity and reliability ranging from
satisfactory to high (Cohen et al., 2018; Srikoon, 2019). This integrated
measurement approach is consistent with Neuroconstructivism’s prem-
ise that academic performance emerges from coordinated cognitive
processes (Astle et al., 2023; Lee & Bull, 2016).

7.5. Educational implications

Beyond the specific findings reported above, the present study
carries implications across several domains. In educational neurosci-
ence, empirical evaluation of Neuroconstructivist principles through a
true-experimental design contributes to efforts to bridge the long-
standing gap between neuroscience theory and educational practice
(Fischer et al., 2010; Thomas et al., 2021). In instructional design, the six
clearly defined teaching syntaxes provide a replicable structure
amenable to fidelity assessment and iterative refinement, thereby
contributing to the methodological foundations of Educational Design



S. Srikoon et al.

Research (McKenney & Reeves, 2019; Plomp, 2013).

Next, regarding teacher professional development, the Neuro-
Construct teaching model provides a theoretically grounded framework
to support teachers in aligning instructional decisions with learners’
cognitive and developmental characteristics. By making cognitive
mechanisms such as attention and working memory pedagogically
visible, the model has potential value for professional learning initia-
tives that emphasize understanding how students learn, rather than
focusing solely on techniques or content coverage (Darling-Hammond
et al., 2017).

Finally, at the policy and curriculum innovation level, the model’s
structured yet low-resource design may offer preliminary implications
for scalability and adaptation across educational contexts; however,
these possibilities should be interpreted cautiously and require further
validation across broader settings. Because the NeuroConstruct teaching
model does not require specialized neuroscientific equipment, it offers a
feasible approach to curriculum innovation that integrates educational
neuroscience principles into mainstream schooling. As such, the findings
provide preliminary empirical evidence that may inform curriculum
development and policy discussions related to 21st-century learning and
neuroscience-informed education.

Although the findings demonstrate statistically significant advan-
tages of the NeuroConstruct teaching model over the 5E model, these
results should be interpreted with caution, given alternative explanatory
mechanisms. In particular, novelty effects may have contributed to
increased student motivation and engagement, as exposure to a new and
cognitively stimulating instructional approach can temporarily enhance
performance independent of its inherent effectiveness (Clark, 1983; Hidi
& Renninger, 2006). In addition, teacher-related influences, including
subtle variations in instructional enthusiasm, expectations, or delivery
emphasis, may have shaped student outcomes despite efforts to stan-
dardize teaching conditions (Darling-Hammond et al., 2017). Further-
more, Hawthorne effects cannot be fully ruled out, as students’
awareness of participating in an intervention study may have influenced
their engagement and performance (Adair, 1984). Collectively, these
factors suggest that the observed improvements may reflect a combi-
nation of instructional effects and contextual influences, underscoring
the need for cautious interpretation and further replication using more
controlled or longitudinal designs.

An important methodological strength of the present study lies in the
systematic assessment of implementation fidelity. By operationalizing
fidelity as a quantitative construct and demonstrating high inter-rater
reliability, the study provides robust evidence that the NeuroConstruct
teaching model was delivered as intended. This strengthens the internal
validity of the findings by reducing ambiguity regarding whether
observed effects can be attributed to the instructional model rather than
to variations in implementation (Durlak & DuPre, 2008). Furthermore,
the observed positive association between fidelity levels and student
outcomes suggests that the effectiveness of the NeuroConstruct teaching
model depends on consistent, high-quality implementation. This finding
aligns with prior research emphasizing the critical role of fidelity in
intervention-based educational studies and underscores the importance
of structured teacher support and monitoring mechanisms.

8. Limitations and future directions

Several limitations of the present study should be acknowledged.
First, the sample was drawn from a single secondary school and con-
sisted of only 70 Grade 7 students. This relatively small and context-
specific sample limits the generalizability of the findings to other
educational settings with different sociocultural, institutional, or
instructional conditions (Shadish et al., 2002).

Second, the intervention was implemented over a five-week period,
which may be sufficient to detect short-term effects but is insufficient to
establish the durability of improvements in creative thinking, mathe-
matics achievement, attention, and working memory. Evidence from
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educational neuroscience and cognitive training research consistently
indicates that sustained and repeated exposure is often necessary for
cognitive and academic gains to be consolidated and maintained over
time (Diamond & Ling, 2016; Melby-Lervdg & Hulme, 2013; Sala &
Gobet, 2017). Accordingly, the observed improvements should be
interpreted as immediate post-intervention effects rather than enduring
developmental changes.

Third, no follow-up measurement was conducted after the inter-
vention. Consequently, it remains unclear whether the observed gains
were maintained over time or reflected only short-term effects imme-
diately following the instructional treatment. Prior research has
consistently indicated that short-term intervention effects do not
necessarily translate into long-term retention or transfer in the absence
of continued reinforcement (Cook & Campbell, 1979; Hattie, 2009;
Shadish et al., 2002). Future studies employing longitudinal designs
with delayed post-test assessments are, therefore, necessary to deter-
mine whether the effects of the NeuroConstruct teaching model are
sustained, attenuated, or amplified over time.

Fourth, although a true experimental design with random assign-
ment was employed, conducting the study within an authentic class-
room context means that certain sources of residual confounding cannot
be fully eliminated. These include teacher effects, novelty effects, and
classroom-level dynamics, as well as more nuanced contextual factors
such as teacher—student interactions, classroom climate, student moti-
vation, prior learning experiences, and peer dynamics, all of which may
have influenced student engagement and performance independently of
the NeuroConstruct teaching model itself (Campbell & Stanley, 1963;
Shadish et al., 2002). Importantly, these implementation constraints do
not invalidate the experimental classification of the study but do war-
rant caution in interpreting causal inferences. Future research employ-
ing multi-site randomized designs or more tightly controlled
experimental conditions would further strengthen the generalizability
and causal specificity of the findings.

Furthermore, although the same teacher delivered both conditions to
control for between-teacher variability, this single-teacher design in-
troduces several potential threats to internal validity. First, expectancy
effects may have occurred if the teacher held differential outcome ex-
pectations for the two instructional models, consciously or uncon-
sciously favoring the NeuroConstruct condition (Rosenthal & Jacobson,
1968). Second, differential enthusiasm is difficult to rule out: because
the NeuroConstruct model was novel and theoretically foregrounded in
the study, the teacher may have engaged with it more energetically than
with the familiar 5E model, thereby introducing a confound between
instructional content and delivery quality. Third, implementation
asymmetry may have arisen from differences in the teacher’s depth of
familiarity with each model: the NeuroConstruct model was the focus of
targeted pre-intervention training, whereas the 5E model was part of
existing practice, potentially leading to unequal implementation preci-
sion. Although standardized lesson plans, instructional protocols, and
fidelity monitoring were employed to mitigate these risks, they cannot
entirely eliminate within-teacher variability. Future studies should
consider employing multiple teachers, counterbalanced designs, or hi-
erarchical modeling approaches (e.g., multilevel analysis) to better
isolate instructional effects from teacher-related confounds.

Fifth, although implementation fidelity was systematically assessed
using a structured 12-indicator rubric with quantitative scoring (M =
1.82, SD = 0.14; 91% adherence) and demonstrated excellent inter-rater
reliability (ICC >0.95), two limitations of the fidelity assessment war-
rant acknowledgment. First, observations were conducted in only 2 out
of 10 sessions (approximately 20% of the intervention period), which
may not fully capture session-to-session variability in implementation
quality. Second, the fidelity rubric was developed specifically for this
study rather than drawn from an independently validated instrument,
which limits the comparability of fidelity data with those reported in
other intervention research (Carroll et al., 2007; Century et al., 2010).
Future research should extend fidelity observations to a larger
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proportion of instructional sessions and adopt independently validated
fidelity frameworks to further strengthen internal validity and enable
cross-study comparisons (Durlak & DuPre, 2008; O'Donnell, 2008).

Sixth, the potential influence of novelty and Hawthorne effects on
the observed outcomes cannot be entirely excluded. Students in the
experimental group may have exhibited increased engagement and
performance partly because of the perceived novelty of the Neuro-
Construct teaching model, rather than solely because of its intrinsic
instructional effectiveness. The Hawthorne effect — whereby partici-
pants modify their behavior in response to being observed or exposed to
new conditions — has been widely documented in educational and
experimental research (Adair, 1984; McCarney et al., 2007). Similarly,
novelty effects may temporarily enhance motivation and attentional
engagement, thereby inflating short-term gains in cognitive and aca-
demic performance (Clark, 1983). Although procedural measures were
implemented to minimize expectancy effects, including not explicitly
informing students of group allocation, these influences cannot be
entirely ruled out. Future research should incorporate longer interven-
tion periods, delayed post-tests, and attention-control conditions to
more clearly distinguish genuine instructional effects from
novelty-driven engagement.

Seventh, the measurement instruments employed in the present
study were developed and validated within the Thai educational
context. Although these instruments demonstrated satisfactory psycho-
metric properties — including content validity, construct validity, and
reliability — they are not internationally standardized measures. As a
result, the comparability of the present findings with those from studies
conducted in different cultural or educational contexts may be con-
strained. Cross-cultural differences in cognitive assessment frameworks,
scoring criteria, and educational norms may influence the interpretation
of constructs such as creative thinking, attention, and working memory
(Heine, 2016; van de Vijver & Leung, 1997). Future research should
therefore consider employing internationally validated instruments or
conducting cross-cultural validation studies to enhance the external
validity and cross-contextual comparability of findings (Hambleton
et al., 2005).

Future research should address these limitations by employing
larger, more diverse samples across multiple schools, extending the
intervention duration, and incorporating follow-up assessments to
examine the sustainability of learning outcomes. In addition, future
studies should include systematic measures of implementation fidelity
and adopt research designs that further reduce potential confounding
influences. Such efforts would strengthen causal inference and enhance
the robustness and transferability of findings from NeuroConstruct
teaching models. Future research could extend these findings by incor-
porating broader executive function assessments, such as inhibitory
control and cognitive flexibility, to more fully elucidate the roles of
executive functions in educational outcomes.

9. Conclusion

This study provides context-specific empirical evidence that the
NeuroConstruct teaching model is associated with improved outcomes
in creative thinking, mathematics achievement, attention, and working
memory among Grade 7 students compared to the 5E teaching model. By
translating Neuroconstructivism into a structured, classroom-applicable
instructional model, the study offers preliminary evidence of the prac-
tical value of integrating neurocognitive principles into instructional
design within authentic school settings. The findings suggest that tar-
geting foundational cognitive processes — particularly attention and
working memory — may enhance higher-order learning outcomes. This
is consistent with the broader premise that instructional models
informed by educational neuroscience can support both cognitive and
academic development, though further replication is needed to confirm
these initial findings. However, the results should be interpreted with
caution. The short intervention duration and immediate post-test
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measurement limit conclusions about long-term effects, and alternative
explanations cannot be entirely ruled out. Future research should
therefore examine the sustainability of these effects across extended
timeframes, diverse educational contexts, and more rigorous experi-
mental controls. Overall, the NeuroConstruct teaching model offers a
promising, theory-informed approach that bridges neuroscience and
classroom practice, with potential implications for instructional inno-
vation and teacher professional development in contemporary educa-
tion. Importantly, the conclusions of this study are confined to the
specific cognitive and academic outcomes measured, and should not be
interpreted as direct evidence of underlying neural mechanisms or as
broadly generalizable across different educational contexts without
further empirical validation.
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