JOURNAL OF

LEARNOMICS

Features The Human Learnome Project

I

I
7 — =~ //Ili IIII
I \ %4/{ 7 7,/ L

EDITION /' |

7 [f

Volume 1 Issue 1 2025




Journal of Learnomics Volume 1 Issue 1 2025 Special Inaugural Edition

Journal of Learnomics
Volume 1, Issue 1, 2025

© 2025 Institute of Al in Education (IAIED), Singapore. All rights reserved.

This journal and its contents are published by the Institute of Al in Education (IAIED) and are
protected under international copyright laws. No part of this publication may be reproduced,
distributed, or transmitted in any form or by any means, including photocopying, recording, or other
electronic or mechanical methods, without the prior written permission of the publisher, except in the
case of brief quotations embodied in critical reviews and certain other non-commercial uses permitted
by copyright law.

Open Access Policy:

The Journal of Learnomics is an open-access publication. Articles published in this journal may be
freely accessed, read, downloaded, and shared, provided proper attribution is given to the original
work and authors. Redistribution for commercial purposes is not permitted without explicit permission
from the publisher.

Publisher Details:

Institute of Al in Education (IAIED)
Singapore

Email: journal@mylearnomics.com
Website: https://mylearnomics.com

For permissions and licensing inquiries, please contact the publisher at journal@mylearnomics.com.

Disclaimer:

The views and opinions expressed in articles published in the Journal of Learnomics are those of the
authors and do not necessarily reflect the official policy or position of the Institute of Al in Education
(IAIED).

Published by the Institute of Al in Education, Singapore.


https://mylearnomics.com
mailto:journal@mylearnomics.com

Journal of Learnomics

Volume 1 Issue 1 2025

Special Inaugural Edition

Editorial Board and Journal Information

Editorial Board

Editor-in-Chief

Dr Zam

Chief Research Officer and Arete Professor
Institute of Al in Education (IAIED), Singapore
Email: editor@mylearnomics.com

Dr Zam is a renowned researcher and
educator specialising in artificial intelligence,
personalised learning systems, and
educational innovation. As the founding
Editor-in-Chief of the Journal of Learnomics,
Dr Zam brings extensive expertise and a
vision for advancing education through
technology and collaboration.

Editorial Board

Currently, the Journal of Learnomics is led by
Dr Zam, with plans to expand the board to
include distinguished experts in Al, data
science, education, and ethics.

e If you are interested in joining the
editorial board, please contact us at
journal@mylearnomics.com.

About the Journal

The Journal of Learnomics is a leading
academic publication dedicated to advancing
personalised learning through the integration
of multi-modal data and artificial intelligence.
As a strictly online, open-access journal, it
aims to foster global collaboration and
innovation in education by publishing
high-quality research, case studies, and
theoretical papers.

Publisher Information

The Journal of Learnomics is published by:
Institute of Al in Education (IAIED)

Singapore
Email: journal@mylearnomics.com
Website: htt rnomics.

Open Access Policy

The Journal of Learnomics is an open-access
journal, ensuring that all content is freely
available to researchers, educators, and
practitioners worldwide. Articles may be read,
downloaded, and shared for non-commercial
purposes with appropriate attribution.

Focus Areas

The journal explores critical topics at the
intersection of artificial intelligence, education,
and personalised learning, including:

e Multi-Modal Data Integration in

Education

e Al-Driven  Personalised Learning
Systems

e Ethical Considerations in Educational
Al

Real-World Case Studies
Theoretical Frameworks and Models

Contact Us

For submissions, inquiries, or collaboration
opportunities, please reach out to us:

e Email: journal@mylearnomics.com
e Website:
https://mylearnomics.com/publishing



mailto:editor@mylearnomics.com
https://mylearnomics.com
https://mylearnomics.com

Journal of Learnomics Volume 1 Issue 1 2025 Special Inaugural Edition

Table of Contents

Journal of Learnomics
Volume 1, Issue 1, 2025

10.

Editorial Board and Journal Information
Mission, Focus Areas, and Open Access Policy
Page 2

Table of Contents
Page 3

Editor's Note
Dr Zam
Page 4

Learnomics: A Novel Framework for Understanding and Enhancing Human Learning
Through Multi-Modal Data Integration and Artificial Intelligence

Dr Zam

Page 5

Enhancing Teacher Engagement and Classroom Dynamics with BrainCore Infinity®
Diagnostics

Jessica Tan Su Ying, Razali Abdul Mohsin, and Dr Zam

Page 18

Comparative Study of Full BrainCore Infinity® Suite vs Traditional Methods
Iris Lee and Dr Zam
Page 23

Longitudinal Impact of the Full BrainCore Infinity® Suite on Student Development
David Tham and Dr Zam
Page 29

Comprehensive Evaluation of BrainCore Infinity® Diagnostics in Enhancing Learning
Outcomes

Iris Lee and Dr Zam

Page 35

Call for Papers
Submission Guidelines and Deadlines
Page 40

Subscribe
Stay Updated with the Journal of Learnomics
Page 41



Journal of Learnomics

Editor's Note

Volume 1, Issue 1, 2025

Special Inaugural Issue — Journal of Learnomics

Volume 1 Issue 1 2025

Special Inaugural Edition

It is with profound excitement and honour that
| introduce the Special Inaugural Issue of the
Journal of Learnomics. This marks a pivotal
moment in the journey to reimagine and
revolutionise the science of learning through
the transformative integration of artificial
intelligence and multi-modal data.

Learnomics represents an  innovative
framework that aspires to decode the
intricacies of human learning by systematically
analysing and applying insights from a diverse
range of cognitive, emotional, behavioural, and
environmental factors. Central to this vision is
the Human Learnome Project, a global
initiative aimed at mapping the “learning
genome” to revolutionise  personalised
education. This approach mirrors the
groundbreaking advancements of genomics,
with the goal of creating a “learning genome”
that empowers personalised education at an
unprecedented scale.

In this inaugural issue, we celebrate the
confluence of  cutting-edge  research,
theoretical advancements, and practical
applications. Each article exemplifies the
shared commitment to redefine educational
paradigms, foster meaningful progress, and
advance the ambitious goals of the Human
Learnome Project. Highlights of this edition
include:

e A Theoretical Foundation for
Learnomics: Introducing a novel
interdisciplinary framework that
synthesises Al, neuroscience, and
data analytics to map and optimise the
human learning experience.

e Enhancing Classroom Dynamics:
Demonstrating how BrainCore
Infinity® diagnostics revolutionises
teacher engagement, participation
rates, and professional satisfaction.

e Comparative Efficacy Studies:
Evaluating the superiority of advanced

diagnostic systems over traditional
methods in  driving  academic
achievement and intrinsic motivation.

e Longitudinal Insights: Exploring the
sustained impact of personalised
interventions on cognitive growth and
academic success over extended
periods.

e Comprehensive Evaluations:
Showcasing the holistic benefits of
BrainCore Infinity® diagnostics in
fostering tailored learning experiences
and improved student outcomes.

As Editor-in-Chief, | envision the Journal of
Learnomics as a global platform for bridging
research and practice. By fostering
collaboration among researchers, educators,
technologists, and policymakers, this journal
aims to inspire innovative strategies, challenge
conventional approaches, and accelerate the
evolution of educational systems worldwide.

I extend my deepest gratitude to the
contributors of this inaugural issue, whose
dedication and insights have laid a robust
foundation for the field of Learnomics. | am
equally grateful to our readers for your
engagement and shared passion for shaping
the future of education. Your participation is
the cornerstone of our mission.

With this launch, | invite you to be part of this
transformative journey. Whether as a reader,
contributor, or collaborator, your involvement is
vital to advancing the vision of Learnomics.
Together, let us unlock the full potential of
learners and create a future defined by
innovation and inclusivity.

Warm regards,

Dr Zam, Editor-in-Chief

Journal of Learnomics

Chief Research Officer, Arete Professor
Institute of Al in Education (IAIED), Singapore



Journal of Learnomics

Volume 1 Issue 1 2025

Special Inaugural Edition

Learnomics: A Novel Framework for Understanding and
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Abstract

The convergence of artificial intelligence,
neuroscience, and data analytics has created
unprecedented opportunities to understand
and enhance human learning, yet the field
lacks a unified framework for integrating these
diverse approaches. This review introduces
Learnomics, a groundbreaking interdisciplinary
framework inspired by genomics, that
systematically maps and analyzes the
complex interplay of factors governing human
learning. Just as genomics revolutionized our
understanding of biological inheritance and
development, Learnomics aims to transform
our comprehension of learning by identifying,
measuring, and interpreting the myriad
variables that influence educational outcomes.

Building upon recent advances in educational
neuroscience and artificial intelligence in
education, Learnomics proposes to map what
we term the “learning genome’—a
comprehensive representation of cognitive,
emotional, behavioral, and environmental
factors that shape individual learning
trajectories. This ambitious undertaking seeks
to bridge the gap between theoretical
understanding and practical application in
education, leveraging cutting-edge
technologies and methodologies to create
more  effective, personalized  learning
experiences.

In this review, we examine the theoretical
foundations of Learnomics, exploring its
methodological approaches and potential
applications across various educational
contexts. We introduce the Human Learnome
Project, a global initiative designed to

systematically explore learning processes
through large-scale data collection and
analysis. Furthermore, we address critical
considerations regarding ethics, technology
implementation, and scalability that will shape
the future development of this field. Through
this comprehensive analysis, we aim to
demonstrate how Learnomics could
fundamentally transform our approach to
education and learning optimization.

Introduction

The landscape of education stands at a critical
juncture, where traditional pedagogical
approaches increasingly fail to meet the
diverse needs of modern learners. Despite
over a century of advances in educational
psychology and decades of technological
innovation, educational systems worldwide
continue to operate largely within a
standardized framework that treats all learners
as fundamentally similar. This one-size-fits-all
approach persists even as evidence mounts
regarding the unique nature of individual
learning processes and the vast diversity of
factors influencing educational outcomes
(Bronfenbrenner & Morris, 2006; Dehaene,
2020).

The emergence of sophisticated digital
technologies and advanced analytical
capabilities has created an unprecedented
opportunity to transform our understanding of
human learning. The vast amount of data
generated in modern learning environments,
combined with breakthroughs in artificial
intelligence and neuroscience, now enables us
to examine learning processes with a level of
granularity and comprehensiveness previously
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impossible (Siemens, 2013; Luckin et al.,
2016). This technological revolution in
education parallels the transformation that
occurred in biology with the advent of genomic
sequencing and analysis (Collins et al., 2003).

Drawing inspiration from the Human Genome
Project’'s systematic approach to mapping
human genetic material, Learnomics proposes
a similarly comprehensive framework for
understanding human learning. Just as
genomics revealed the complex interplay of
genes and their expression in biological
systems, Learnomics seeks to illuminate the
intricate network of factors that influence
learning outcomes (Bassett & Sporns, 2022).
This approach represents more than just an
analogy; it provides a structured methodology
for investigating the multifaceted nature of
human learning (D’Mello, 2017).

The foundation of Learnomics rests on the
integration of multiple disciplines, each
contributing crucial insights into the learning
process. Neuroscience provides
understanding of the biological substrates of
learning and memory formation (Ansari et al.,
2012). Cognitive psychology offers frameworks
for understanding mental processes and
behavioral  patterns  (Baddeley, 2012).
Educational technology contributes tools for
data collection and intervention delivery, while
artificial intelligence and machine learning
supply the analytical power needed to process
and interpret complex, multimodal data
streams (Baker, 2016; Drachsler & Greller,
2016). These diverse fields, when brought
together under the Learnomics framework,
create a powerful new paradigm for
understanding and enhancing human learning.

Central to the Learnomics approach is the
concept of the “learning genome’—a
comprehensive map of the factors that
influence an individual’s learning journey. This
includes not only cognitive and neurobiological
factors but also emotional, behavioral, and
environmental influences that shape the
learning process (Immordino-Yang et al,
2019). By systematically documenting and
analyzing these elements, Learnomics aims to
create a detailed understanding of how
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different factors interact to produce learning
outcomes, much as genomics has illuminated
the complex interactions between genes and
environment in  biological development
(Dehaene & Mellier, 2021).

The urgency for such a framework becomes
apparent when considering the challenges
facing modern education. The rapid pace of
technological change demands increasingly
adaptive and personalized learning
approaches (Alamri & Tyler-Wood, 2022). The
global nature of education requires systems
that can accommodate diverse cultural and
socioeconomic contexts (Gutiérrez & Rogoff,
2003). The rising awareness of neurodiversity
calls for educational methods that can
effectively address a wide spectrum of learning
styles and needs (Dweck, 2008). Traditional
educational models, despite their historical
value, are increasingly inadequate for
addressing these contemporary challenges.

The Learning Genome: A

Theoretical Framework

The concept of the learning genome
represents a fundamental reconceptualisation
of how we understand and analyse human
learning. Just as the biological genome
comprises the complete set of genetic
instructions that shape an organism’s
development, the learning genome
encompasses the full spectrum of factors that
influence an individual’s learning capacity and
trajectory. This framework provides a
structured approach to understanding the
complex interplay  between  cognitive,
emotional, behavioural, and environmental
factors that shape learning outcomes
(Immordino-Yang, 2016; Bronfenbrenner &
Morris, 2006).

Cognitive Architecture and Processing

At the foundation of the learning genome lies
the cognitive architecture that enables human
learning. Modern cognitive neuroscience has
revealed the intricate networks of neural
systems that support learning processes
(Dehaene, 2020; Baddeley, 2023). Working
memory, long considered a cornerstone of
learning capacity, operates through multiple
subsystems that process and integrate
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different types of information (Cowan, 2021).
The central executive system, responsible for
attention control and cognitive flexibility, works
in concert with specialized processing systems
for verbal and visuospatial information (Miyake
& Friedman, 2022).

Executive function, another crucial cognitive
component, encompasses a suite of mental
processes that enable goal-directed behavior
and learning (Diamond, 2023). These include
inhibitory control, which allows learners to
focus on relevant information  while
suppressing distractions; cognitive flexibility,
which enables adaptation to new learning
situations; and working memory updating,
which facilitates the integration of new
information with existing knowledge structures
(Zelazo & Carlson, 2022). The efficiency and
capacity of these systems vary significantly
among individuals, contributing to differences
in learning outcomes (Bull & Lee, 2021).

Information processing speed represents
another critical cognitive factor that influences
learning effectiveness (Kail & Ferrer, 2023).
This encompasses not only the rate at which
individuals can process new information but
also the efficiency of neural networks in
transmitting and integrating information across
different brain regions. Recent advances in
neuroimaging have revealed how individual
differences in white matter integrity and neural
network organization correlate with variations
in learning capacity and achievement (Bassett
& Sporns, 2023).

Emotional and Motivational Dynamics

The emotional dimension of learning has
emerged as a crucial component of the
learning genome, moving beyond traditional
cognitive-centric  models  of  education
(Immordino-Yang, 2022). Emotional states
profoundly influence attention, memory
formation, and cognitive processing (Pekrun &
Linnenbrink-Garcia, 2023). The concept of
emotional intelligence in learning
encompasses not only the recognition and
regulation of emotions but also their strategic
utilization in the learning process (Goleman &
Davidson, 2022).
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Motivation, a key emotional factor, operates
through complex interactions between intrinsic
drives and extrinsic influences.
Self-determination theory (Ryan & Deci, 2023)
provides a framework for understanding how
autonomy, competence, and relatedness
needs influence learning engagement and
persistence. The growth mindset concept
(Dweck, 2022) further illuminates how beliefs
about learning ability influence motivation and
achievement. Recent research has
demonstrated how these motivational factors
interact with cognitive processes to enhance
or impede learning outcomes (Yeager &
Dweck, 2023).

Self-regulation emerges as a bridge between
emotional and cognitive domains,
encompassing both emotional control and
cognitive monitoring. The ability to regulate
emotional states during learning, maintain
focus despite challenges, and adapt strategies
based on feedback represents a crucial set of
skills that significantly impact learning
success. Individual differences in
self-regulatory capacity help explain variations
in learning outcomes even among learners
with similar cognitive abilities.

Behavioral Manifestations and Patterns
The behavioral component of the learning
genome focuses on observable patterns of
engagement and interaction with learning
materials and  environments.  Learning
analytics has revealed distinctive patterns in
how successful learners approach educational
tasks, manage their time, and interact with
educational content (Siemens & Baker, 2023).
These behavioral signatures provide valuable
insights into the learning process and offer
opportunities for early intervention when
problematic patterns emerge (Ferguson &
Clow, 2022).

Advanced data analytics has enabled the
identification of complex behavioral patterns
that correlate with learning success (Lang et
al., 2023). These patterns include engagement
consistency, help-seeking behaviors, and
social interaction dynamics (Winne & Hadwin,
2022). The temporal dimension of learning
behaviors has emerged as particularly
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significant, with research revealing how
spacing patterns, repetition schedules, and
timing of engagement influence learning
outcomes (Dunlosky et al., 2023; Kornell &
Bjork, 2022).

Environmental and Contextual Influences
The learning genome framework recognizes
that learning occurs within  complex
environmental and social contexts that
significantly influence outcomes
(Bronfenbrenner & Morris, 2022). These
contextual factors operate at multiple levels,
from the immediate physical environment to
broader sociocultural influences. Physical
learning spaces, whether traditional or digital,
shape attention, engagement, and social
interaction patterns (Barrett et al.,, 2023).
Technology access and digital literacy
increasingly mediate learning opportunities
and outcomes in modern educational contexts
(Warschauer & Tate, 2022).

Cultural frameworks provide essential context
for understanding how individuals approach
learning, interpret information, and engage
with educational systems (Gutiérrez & Rogoff,
2023). Socioeconomic factors influence not
only access to educational resources but also
shape stress levels, cognitive load, and
learning opportunities outside  formal
educational settings (Duncan & Murnane,
2022). The interaction between these
environmental factors and individual
characteristics creates unique learning
ecosystems that must be understood to
optimize educational outcomes (Lee & Shute,
2023).

The physical environment itself plays a crucial
role in learning effectiveness, with factors such
as lighting, acoustics, and air quality
significantly impacting cognitive performance
and learning outcomes (Barrett & Zhang,
2022). Recent studies have demonstrated how
environmental design can either support or
hinder different types of learning activities
(Cleveland & Fisher, 2023). The growing
importance of digital learning environments
adds another layer of complexity to
environmental considerations, as virtual
spaces must be designed to support effective
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learning while accounting for various cognitive
and perceptual factors (Dillenbourg &
Jermann, 2022).

Research in environmental psychology has
highlighted how subtle environmental cues can
influence learning behaviors and outcomes
(Evans & Stecker, 2023). These influences
extend beyond obvious physical factors to
include social density, personal space, and
environmental stress factors. Understanding
these environmental influences is crucial for
creating optimal learning conditions and
developing effective interventions for diverse
learning contexts (Maxwell & Evans, 2022).

Methodological Approaches

The implementation of Learnomics requires
sophisticated methodological approaches that
can capture, integrate, and analyze the
complex dimensions of human learning. This
section outlines the key methodological
frameworks and technical solutions that
enable the systematic study and application of
Learnomics principles in real-world
educational contexts.

Data Collection and Integration

The foundation of Learnomics rests on
comprehensive data collection strategies that
capture the multifaceted nature of learning.
Modern learning environments generate vast
amounts of data across multiple modalities,
requiring  sophisticated  collection  and
integration methods. Neurophysiological data
collection employs advanced technologies
such as portable EEG devices, eye-tracking
systems, and wearable sensors that monitor
physiological indicators of attention, stress,
and engagement. These tools provide
continuous, real-time data streams that
illuminate the biological correlates of learning
processes (D'Mello & Graesser, 2023; Bassett
& Sporns, 2023).

Behavioral data collection extends beyond
traditional assessment metrics to include
fine-grained tracking of learner interactions
with educational materials and environments.
Digital learning platforms capture detailed
information about engagement patterns,
response times, error rates, and learning
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trajectories (Siemens & Baker, 2023). Mouse
movements, keystroke patterns, and
interaction sequences provide rich behavioral
signatures that can be analyzed to understand
learning strategies and challenges. Social
interaction data, gathered through both digital
platforms and physical classroom
observations, offers insights into collaborative
learning dynamics and peer effects on
educational outcomes (Gobert et al., 2022).

Environmental monitoring systems track
physical conditions such as noise levels,
temperature, and lighting that may impact
learning effectiveness. Advanced sensor
networks can now capture these
environmental variables continuously and
unobtrusively, providing crucial context for
understanding learning outcomes (Barrett &
Zhang, 2022; Warschauer & Tate, 2022).
Additionally, mobile devices and Internet of
Things (loT) sensors enable the collection of
data about learning activities that occur
outside traditional educational settings,
offering a more complete picture of the
learning ecosystem (Drachsler & Greller,
2022).

The integration of these diverse data streams
presents significant technical challenges but
offers  unprecedented opportunities  for
understanding learning processes. Modern
data integration platforms employ
sophisticated  algorithms to align and
synchronize data from different sources,
accounting for varying temporal scales and
measurement precision. Standardized data
formats and  protocols facilitate the
combination of data across different
educational contexts and research sites,
enabling large-scale analysis and comparison
(Wise & Shaffer, 2023).

Analytical Framework

The analysis of integrated learning data
requires advanced computational approaches
that can handle complex, multimodal datasets.
Machine learning algorithms play a central role
in identifying patterns and relationships within
the data that may not be apparent through
traditional statistical analyses (Koedinger et
al., 2023; LeCun et al., 2023). Supervised
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learning algorithms, trained on labeled
datasets of learning outcomes, can identify
predictive  patterns in  behavioral and
physiological data. Unsupervised learning
approaches help discover natural groupings
and patterns in learner characteristics and
behaviors, enabling more nuanced
understanding of learning styles and needs.

Natural language processing (NLP) techniques
analyze textual data  from learner
communications, written assignments, and
feedback responses.  Advanced NLP
algorithms can assess not only the content of
learner responses but also linguistic patterns
that may indicate engagement,
comprehension, or emotional state. These
analyses provide valuable insights into
cognitive processing and conceptual
understanding (Manning & Jurafsky, 2022;
Crossley & McNamara, 2023).

Network analysis techniques examine the
complex web of relationships between different
learning variables and outcomes. By modeling
learning as a dynamic network of interacting
factors, researchers can identify key nodes
and relationships that influence learning
success (Bassett & Sporns, 2023; Ferguson &
Clow, 2022). These analyses help reveal how
different aspects of the learning genome
interact and influence each other over time.

Temporal analysis methods are particularly
crucial for understanding learning trajectories
and developmental patterns. Time series
analysis techniques, combined with
state-space modeling, enable researchers to
track changes in learning patterns over
multiple time scales, from moment-to-moment
fluctuations in attention to long-term skill
development. These temporal analyses help
identify critical periods and optimal intervention
points in the learning process (D'Mello &
Graesser, 2023; Gobert et al., 2022).

Visualization and Interpretation

The complexity of learning data requires
sophisticated visualization techniques to make
patterns and relationships accessible to
educators and researchers. Interactive
visualization tools enable exploration of
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multidimensional datasets, allowing users to
identify relationships and patterns that might
not be apparent in traditional statistical
analyses (Card et al., 2023). These tools
support both detailed examination of individual
learner trajectories and broad analysis of
population-level patterns (Munzner, 2022).

Real-time visualization systems provide
immediate feedback to educators about
classroom dynamics and individual learner
states (Verbert et al., 2023). These systems
can alert teachers to potential learning
difficulties or engagement issues as they
emerge, enabling timely interventions
(Holstein et al., 2022). Advanced visualization
techniques also help communicate complex
learning patterns to learners themselves,
supporting metacognition and self-regulated
learning (Bodily & Verbert, 2023).

The development of effective data
visualizations requires careful consideration of
cognitive load theory and principles of visual
perception (Ware, 2022). Research in
educational data visualization has
demonstrated the importance of tailoring visual
representations to different stakeholder needs
and cognitive capabilities (Klerkx et al., 2023).
The integration of interactive elements in
visualizations has proven particularly effective
for supporting exploratory analysis and
decision-making in educational contexts
(Govaerts et al., 2022).

Implementation Protocols

The practical implementation of Learnomics
methodologies requires careful attention to
standardization and quality control.
Standardized protocols for data collection
ensure consistency and comparability across
different educational contexts (Wise & Shaffer,
2023). These protocols address not only
technical aspects of data collection but also
ethical considerations and privacy protection
measures (Slade & Prinsloo, 2022).

Quality control procedures monitor data quality
throughout the collection and analysis pipeline
(Daniel & Butson, 2023). Automated systems
check for data completeness, accuracy, and
consistency, flagging potential issues for
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human review (Romero & Ventura, 2022).
Regular calibration of sensing equipment and
validation of analytical algorithms ensure the
reliability of results (D'Mello & Graesser,
2023).

Implementation success depends heavily on
effective change management strategies and
stakeholder engagement (Tsai & Gasevic,
2022). Research has shown that successful
implementation requires careful attention to
institutional culture, technical infrastructure,
and staff capacity building (McKenney &
Reeves, 2023). Professional development
programs play a crucial role in preparing
educators to effectively use Learnomics tools
and interpret the resulting data (Mangaroska &
Giannakos, 2022).

The scalability of implementation remains a
critical consideration, with research
highlighting the importance of modular
approaches that can be adapted to different
educational contexts (Drachsler & Greller,
2022). Pilot testing procedures help identify
and resolve implementation challenges before
full-scale deployment (Lonn & Teasley, 2023).
The development of implementation
frameworks that address both technical and
organizational factors has emerged as a key
focus of recent research (Dawson et al.,
2022).

The Human Learnome Project and

Learnomics Framework

Vision and Objectives

The Human Learnome Project (HLP) is an
ambitious global initiative that seeks to
revolutionise education by understanding and
enhancing the processes that drive human
learning. Inspired by the transformative impact
of the Human Genome Project (Collins et al.,
2003), the HLP focuses on decoding the
intricate  factors that shape educational
outcomes. Central to this initiative is the
Learnomics Framework, a multidisciplinary
approach  that integrates cutting-edge
technologies such as artificial intelligence,
multimodal learning analytics, and behavioural
modelling. The goal of this framework is to
construct a comprehensive “learning genome,”
a detailed map of the cognitive, emotional,
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behavioural, and environmental elements that

influence learning (Immordino-Yang et al.,
2023).
The HLP is built on four foundational

objectives. lts first goal is to create a global
repository of learning factors that accounts for
the diversity of human populations and
educational contexts. By capturing variations
in cognitive abilities, emotional states, and
cultural influences, this map will serve as a
cornerstone for understanding learning in all
its complexity. The second objective is the
development of standardised protocols for
data collection and analysis to ensure
consistency and comparability across studies.
This standardisation will enable global
researchers to collaborate effectively and build
on each other’s work (Martinez-Maldonado et
al., 2023). Third, the project aims to foster
global collaboration by uniting researchers,
educators, policymakers, and technologists
around a shared vision of educational
transformation. Lastly, the HLP seeks to
translate its findings into evidence-based
interventions that are practical, scalable, and
adaptable to different educational settings.
Through these objectives, the HLP, coupled
with the Learnomics Framework, promises to
reshape the landscape of education research
and practice.

Research Priorities

The research priorities of the HLP reflect its
commitment to addressing critical gaps in our
understanding of human learning. These
priorities are deeply rooted in the Learnomics
Framework and aim to capture the
multifaceted nature of learning processes. A
key area of focus is cross-cultural learning
dynamics, which examines how cultural
contexts shape educational practices,
motivation, and outcomes. For instance, in
collectivist cultures, collaborative learning may
be emphasised, while individualist cultures
often prioritise self-directed learning. By
understanding these cultural nuances, the
HLP seeks to design interventions that are
culturally responsive and globally applicable
(Li & Venkateswaran, 2022).
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Another major priority involves studying
developmental trajectories to explore how
learning capabilities evolve throughout life.
This research identifies critical periods for skill
acquisition, such as early childhood for
language development or adolescence for
higher-order cognitive skills. The Learnomics
Framework also highlights the importance of
supporting neurodiverse learners, ensuring
that educational approaches are inclusive and
effective across all stages of life (Fischer &
Bidell, 2022). The evaluation of intervention
effectiveness represents a further priority.
Using rigorous, evidence-based
methodologies, researchers assess the impact
of various educational strategies, identifying
what works, for whom, and under what
circumstances (Anderson et al., 2023).

Technology integration forms the final research
priority, focusing on leveraging advanced tools
to enhance learning processes and outcomes.
The Learnomics Framework utilises
multimodal data, including eye-tracking, EEG,
and emotional feedback, to provide a nuanced
understanding of learner needs and
preferences. These insights enable the
development of intelligent educational systems
that adapt to individual learners, ensuring that
technology enhances both accessibility and
scalability in education.

Applications and Implications

The practical applications of the HLP and the
Learnomics Framework are vast, with
significant  implications for  personalised
education and special education.

Personalised Education

Personalised education stands at the forefront
of these applications. The integration of
adaptive learning systems powered by Al has
transformed how education is delivered. These
systems monitor learners’ progress in real
time, dynamically adjusting content, pace, and
difficulty to suit individual needs (Aleven et al.,

2022). Personalised curriculum design is
another significant outcome, as
comprehensive  learner  profiles enable

educators to tailor materials and teaching
methods to align with each student’s strengths,
weaknesses, and interests. Real-time
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feedback mechanisms provide immediate
insights to both learners and educators,
allowing for rapid adjustments to instructional

strategies and fostering a responsive,
growth-oriented learning environment
(Holstein et al.,, 2023). The creation of

individual learning pathways further enhances
personalised education by allowing students to
navigate unique educational journeys,
optimising outcomes based on their specific
challenges and aspirations (Koedinger et al.,
2023).

Special Education

In  special education, the Learnomics
Framework has transformative potential. Early
detection systems, informed by multimodal
analytics, identify potential learning difficulties
through behavioural, cognitive, and biological
markers. These systems enable timely
interventions that can prevent academic
challenges from escalating (Mitchell &
McShane, 2022). Personalised support
strategies are developed based on detailed
learner profiles, ensuring that interventions
address individual needs effectively. Assistive
technologies, ranging from speech recognition
tools to augmented reality applications,
enhance accessibility and engagement for
learners with diverse abilities. Furthermore,
dynamic progress monitoring tools allow
educators to assess the effectiveness of
interventions in real-time, ensuring they
remain responsive and adaptive to each
learner’s progress (Rose et al., 2023).

Challenges and Future Directions

The implementation of the HLP and the
Learnomics Framework is not without
challenges.  Ethical considerations are
paramount, as the collection and use of
sensitive learner data raise concerns about
privacy and security. Safeguarding this data is
essential, particularly in a landscape where
multimodal data streams include biometric and
behavioural information (Prinsloo & Slade,
2023). Additionally, ensuring fairness in
Al-driven educational systems is critical to
avoiding algorithmic bias that could perpetuate
inequities.  Continuous  monitoring  and
refinement of these systems are necessary to
guarantee equitable outcomes across diverse
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demographic groups (Holstein & Doroudi,
2022). Equitable access to advanced
educational technologies is another pressing
ethical concern, as the benefits of the HLP and
Learnomics Framework must reach all
learners, regardless of socioeconomic status.

Technical challenges also pose significant
barriers. The integration of diverse multimodal
data streams is complex, requiring
sophisticated algorithms and robust
infrastructure to process and analyse these
inputs (Wilkinson et al., 2023). Scalability is
another critical issue, as the deployment of
HLP systems must account for the variability in
resources and infrastructure across different

educational contexts. The development of
interoperability standards is essential to
ensure that tools and platforms can

seamlessly function across systems, enabling
widespread adoption (Warschauer & Tate,
2022).

Looking ahead, emerging technologies offer
exciting opportunities to address these
challenges and advance the goals of the HLP
and the Learnomics Framework.
Brain-computer interfaces, for example,
provide new insights into the neural
mechanisms underlying learning, paving the
way for innovative approaches to personalised
education (Ramadan & Vasilakos, 2023).
Advanced multimodal learning analytics
continue to enhance our understanding of
learning by integrating behavioural, cognitive,
and biological data into cohesive models
(Ochoa & Worsley, 2023). By refining ethical
frameworks and addressing technical barriers,
the HLP and Learnomics Framework can
achieve their vision of creating an education

system that is adaptive, inclusive, and
transformative.
Conclusion
Learnomics, embodied in the Human

Learnome Project, represents a transformative
advancement in our understanding of human
learning, offering unprecedented opportunities
to enhance educational practices through
data-driven  insights. By systematically
mapping the complex interactions between
cognitive, emotional, behavioral, and
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environmental factors that influence learning,
this framework provides a foundation for more
effective and equitable educational
approaches (Gasevic et al., 2022). The
integration of advanced technologies, robust
ethical frameworks, and interdisciplinary
research demonstrates the technical feasibility
of implementing this comprehensive approach
at scale, with machine learning algorithms and
multimodal analytics enabling the processing
and interpretation of complex learning data in
ways previously impossible (Koedinger et al.,
2023).

While significant challenges remain in terms of
ethical considerations, technical
implementation, and scalability, the potential
benefits of this comprehensive framework
justify continued investment and development.

Particularly  crucial are the concerns
surrounding data privacy, ethical
implementation, and equitable access

(Prinsloo & Slade, 2023), which must be
addressed through careful protocol
development and stakeholder engagement.
The framework’s ability to integrate diverse
data sources and theoretical perspectives
positions it as a crucial tool for addressing the
educational challenges of the 21st century.

As we move forward, the field of Learnomics
promises to revolutionize our approach to
education, making it more responsive to
individual needs while maintaining high
standards of ethical practice and scientific
rigor. The future of education, shaped by these
insights, will be more personalized, adaptive,
and effective than ever before. The success of
this ambitious endeavor will depend on
sustained collaboration across disciplines,
careful attention to ethical considerations, and
ongoing technological innovation in service of
educational advancement (Knight et al., 2023).
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Abstract

This study evaluates the impact of BrainCore
Infinity® diagnostics on teacher engagement
and classroom dynamics. A total of 100
primary and secondary educators in Singapore
were divided into an experimental group
implementing the BrainCore tools and a
control group using traditional methods. Over
a 12-week period, findings revealed that the
diagnostic suite significantly improved teacher
engagement levels, classroom participation
rates, and professional satisfaction compared
to conventional approaches. These results
demonstrate the transformative potential of
integrating advanced diagnostic systems into
educational practices to support educators,
foster inclusive learning environments, and
ultimately enhance student outcomes.

Introduction

Background

Teacher engagement is widely recognized as
a cornerstone of effective education, directly
influencing classroom dynamics, instructional
quality, and student achievement (Klassen &
Chiu, 2010; Frenzel, Goetz, Ludtke, Pekrun, &
Sutton, 2009). Highly engaged teachers tend
to create supportive learning environments,
use innovative teaching strategies, and form
meaningful connections with
students—practices linked to improved
academic and socio-emotional outcomes
(Klusmann, Kunter, Trautwein, & Baumert,
2008). However, sustaining high levels of
engagement can be challenging amid the
complex demands of modern classrooms,
where educators must address the diverse
needs of learners with varying abilities,
backgrounds, and motivational profiles
(Klusmann et al., 2008).

18

Traditional classroom management tools and
professional development programs often fail
to capture this nuanced interplay between
teacher practices and student needs, offering
surface-level solutions that do not address
underlying cognitive or motivational barriers
(Wu & Chang, 2018). In contrast,
comprehensive  diagnostic systems like
BrainCore Infinity® promise deeper insight into
learner profiles, enabling teachers to tailor
instruction effectively (Nguyen, Williams, &
Chen, 2019). By illuminating each student’s
cognitive, academic, and motivational
dimensions, these tools encourage educators
to design truly personalized and engaging
classroom experiences.

Purpose

This study investigates whether integrating
BrainCore Infinity® diagnostics into teaching
practices can enhance teacher engagement
and improve classroom dynamics. Specifically,
we examine the influence of BrainCore tools
on teacher  self-efficacy, instructional
innovation, student  participation, and
professional satisfaction. By comparing these
outcomes to those of a control group, we aim
to provide empirical evidence for the value of
diagnostic-driven strategies in transforming
classroom experiences for both teachers and
learners.

Research Questions
1. How do BrainCore Infinity®
diagnostics affect teacher engagement
levels compared to traditional
classroom management approaches?

2. What measurable differences in
student participation and classroom
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dynamics are observed when teachers

implement BrainCore-guided
strategies versus conventional
methods?

3. To what extent does integrating the
BrainCore tools influence educators’
sense of professional satisfaction and
efficacy in meeting student needs?

Methodology

Participants

A total of 100 teachers from 10 public schools
in Singapore participated in this 12-week
study. The sample included both primary
(grades K-5) and secondary (grades 6-12)
educators, with a mean of 10.5 years of
teaching experience (SD = 4.7). Seventy-five
percent of participants were female, and the
cohort reflected Singapore’s multiethnic
composition (60% Chinese, 20% Malay, 15%
Indian, 5% Other). All teachers held valid
certifications from the Singapore Ministry of
Education.

Study Design
Participants were randomly assigned to one of
two groups:

e Group 1 (n = 50): Experimental group
using BrainCore Infinity® diagnostics.
Teachers were trained to administer
the BrainPrint® cognitive assessments
and the Motivation Level Assessment
Scale (MLAS®) to identify student
profiles and personalize instruction.

e Group 2 (n = 50). Control group
continuing with typical classroom
management and teaching methods.

Randomization was stratified by school and
grade level to ensure comparable distributions.
Both groups taught their regularly assigned
classes throughout the study.

Procedure
Baseline: In Week 1, all teachers completed
measures of their professional engagement,
self-efficacy, and perceptions of classroom
dynamics.
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Training: The experimental group took partin a
two-day BrainCore workshop led by certified
facilitators, learning how to interpret the
diagnostic data and apply insights to
differentiate instruction.

Implementation: Over the next 10 weeks,
Group 1 teachers integrated BrainCore
assessments and tools into daily practice,
forming flexible learning groups and providing
targeted interventions. Weekly check-ins with
the facilitators allowed them to refine these
strategies. The control group, meanwhile,
used standard district resources and had
monthly check-ins.

Post-Assessment: At Week 12, both groups
repeated the baseline measures and
completed a professional satisfaction survey
relevant to their experience. Trained, blind
observers also visited classrooms to assess
student participation and engagement.

Data Collection
e Teacher engagement was measured
using the Utrecht Work Engagement

Scale for Teachers (UWES-T;
Schaufeli & Bakker, 2003; adapted for
teaching).

e Teacher self-efficacy was assessed
via the Teacher Sense of Efficacy
Scale (TSES; Tschannen-Moran &
Hoy, 2001).

e (Classroom dynamics were evaluated
with  the Classroom Assessment
Scoring System (CLASS; Pianta, La
Paro, & Hamre, 2008), focusing on
positive climate, teacher sensitivity,
and instructional dialogue.

e Student participation was
operationalized as the percentage of
students actively contributing during
observed lessons.

e Professional satisfaction was gauged
using a custom survey (5-point Likert
scales and open-ended prompts)
about teachers’ perceived impact and
usability of either BrainCore or
conventional resources.
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Analysis

We used independent samples t-tests to
compare pre—post change scores between the
two groups for each outcome variable.
Cohen’s d effect sizes were calculated to
gauge the magnitude of differences. To
account for teacher clustering within schools,
hierarchical linear modeling (HLM) was
conducted where relevant. Qualitative survey
responses were thematically coded by multiple
researchers to identify patterns regarding
system usability and instructional impact.

Results

Teacher Engagement

Results indicated that the experimental group
significantly outperformed the control group in
increasing overall teacher engagement. As
shown in Figure 1, the BrainCore teachers’
UWES-T composite scores rose by an
average of 75%, moving from “moderate” to
“high” engagement levels, whereas control
teachers showed a 30% improvement (t(98) =
6.87, p <.001, d = 1.38).
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compared to a 25% gain in the control group
(t(98) = 5.94, p <.001,d = 1.19).

Classroom Dynamics

Observational data from the CLASS
instrument revealed meaningful
enhancements in classroom climate and

instructional quality for the experimental group.
Table 1 shows that positive climate, teacher
sensitivity, and regard for student perspectives
each scored significantly higher among
BrainCore-implementing teachers compared to
controls ((98) = 7.31, p <.001, d = 1.47).

Moreover, student participation rates
increased by 65% on average under
BrainCore-guided strategies, versus 35% in
the control group (t(98) = 5.29, p < .001, d =
1.06). Gains were particularly pronounced in
classrooms that had low baseline participation.

Professional Satisfaction

The professional satisfaction survey yielded
stark differences (see Table 1). About 85% of
BrainCore teachers strongly agreed that the

Teacher Engagement Gains

@ Experimental @ Control
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Figure 1. Teacher engagement gains
Teachers using BrainCore also reported diagnostics  provided valuable insights,

greater gains in self-efficacy on the TSES. The
experimental group averaged a 70% increase
across efficacy domains, including instructional
strategies and classroom management,
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whereas 55% of control teachers felt similarly
about their conventional resources. Qualitative
remarks underscored how teachers
appreciated the ability to identify precise
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Outcome

Experimental

Control Effect Size (Cohen’s d)

CLASS Positive Climate (Mean Score) 58

42 1.47

Student Participation (Avg. % Inc.) 65%

35% 1.06

Professional Satisfaction (% Agree) 85%

55% -

Table 1. Key outcomes summary

learner needs. Control group teachers often
described wanting “more robust data” to guide
interventions.

Discussion

Interpretation of Results

As llustrated in Figure 1 (Teacher
Engagement  Gains), educators  using

BrainCore Infinity® experienced a substantially
higher boost in overall engagement compared
to their control counterparts. These results
align with prior research linking
diagnostic-driven practice to higher teacher
motivation  (Klusmann et al, 2008).
Meanwhile, Table 1 (Key Outcomes Summary)
highlights the positive climate observed under
BrainCore conditions—reinforcing that when
teachers feel more efficacious, their
classrooms tend to be more supportive and
participatory.

Key Insights

By enabling teachers to identify and address
individual learning profiles, BrainCore Infinity®
fosters a sense of efficacy that translates into
more engaging lessons, stronger classroom
relationships, and heightened  student
involvement. These findings underscore how
in-depth diagnostic tools can help educators
move away from one-size-fits-all approaches

and toward instructional strategies that
resonate with varied learner needs.
Implications

For policymakers and school leaders in

Singapore and beyond, this study suggests
that investing in diagnostic-based training can
yield significant returns in teacher engagement
and, consequently, in student engagement and
classroom climate. Rather than burdening
teachers with additional tasks, BrainCore
Infinity® was viewed as an empowering
resource that integrated smoothly into daily
instruction, according to both quantitative
results and qualitative feedback.
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Limitations and Future Directions

While the sample included a diverse group of
teachers in Singapore, replication in other
cultural settings would clarify the broader
applicability of these findings. Future work
should also investigate whether elevated
engagement and improved classroom
dynamics persist beyond a 12-week period,
and whether corresponding gains in student
achievement or retention can be documented.
Additionally, detailed longitudinal studies might
assess how teacher engagement evolves over
multiple semesters when diagnostic insights
become an established part of instructional
practice.

Conclusion

This study demonstrates that BrainCore
Infinity® diagnostics can significantly enhance
teacher engagement, classroom participation,
and overall professional satisfaction among
Singaporean educators. By offering teachers
nuanced data on learners’ cognitive and
motivational profiles, the system empowers
them to design more inclusive and dynamic
classrooms. Ultimately, these improvements
not only benefit teachers by revitalizing their
sense of efficacy but also foster a richer
educational environment in which students
thrive.
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Abstract

This study investigates the effects of
BrainCore Infinity®—a holistic diagnostic suite
encompassing cognitive, academic, and
motivational assessments—on middle school
students’ learning outcomes. A total of 250
students from Grades 6-8 were randomly
assigned to either an experimental group,
which received targeted support based on
BrainCore Infinity® diagnostics, or a control
group using conventional assessments. Over
12 weeks, the experimental group engaged in
personalised interventions designed to
address specific cognitive and motivational
needs. Findings revealed that students in the
BrainCore Infinity® group  significantly
outperformed controls in learning speed,
comprehension, and academic achievement.
Notably, processing time per item decreased

by 35%, while reading comprehension
improved by 40% — both exceeding
improvements in the control  group.

Additionally, students guided by BrainCore
Infinity® displayed higher intrinsic motivation
and classroom engagement, suggesting that
multi-dimensional  diagnostics not  only
enhance academic skills but also foster
positive attitudes toward learning. These
results underscore the potential of integrating
cognitive, academic, and motivational data to
optimise teaching strategies.
Recommendations include expanded trials
across varied demographic settings and longer
follow-up periods to determine the long-term
efficacy of  data-driven, personalised
instruction.
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Introduction

Background

Traditional educational assessments —
including standardised tests and universal
screenings — have been widely critiqued for
their inability to capture the nuance of
individual learners’ needs (Shepard, 2000).
One-size-fits-all approaches often fail to
provide deeper insights into students’ cognitive
profiles, thus limiting schools’ capacity to
deliver targeted interventions (Heitink, Van der
Kleij, Veldkamp, Schildkamp, & Kippers,
2016). In contrast, comprehensive diagnostic
frameworks aim to fill these gaps by offering
multidimensional  evaluations, identifying
specific areas for support, and guiding the
design of personalised intervention plans
(Kingston & Nash, 2011).

Although a variety of personalised learning
technologies exist, many still rely on partial or
single-domain assessments. BrainCore
Infinity®, by contrast, attempts to bring
together cognitive, academic, and motivational
assessments into one integrated platform.
Preliminary pilot data (internal documentation,
2023) suggest that students who receive
individualised strategies aligned with these
diagnostics may demonstrate faster cognitive
growth and improved engagement, yet
rigorous comparative studies remain limited.

Purpose

This study aimed to compare the effectiveness
of the full BrainCore Infinity® diagnostic suite
to traditional educational assessment practices
in facilitating improvements in academic
outcomes, cognitive development, and student
engagement. By examining a range of metrics,
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our research seeks to provide empirical
evidence for the value of comprehensive,
multidimensional diagnostics over standard
assessments.

Research Questions
1. How does the BrainCore Infinity®
suite compare to traditional
assessments in identifying individual
learning needs and guiding targeted

interventions?

2. What differences in academic
performance, cognitive growth,
motivation, and engagement are
observed between students assessed
with BrainCore Infinity® and those
assessed via traditional methods?

Methodology

Participants

A total of 250 students from Grades 6—8 were
recruited from three middle schools in an
urban district. All students were enrolled in a
general education programme. Participants
were 55% female, with a mean age of 12.6
years (SD = 1.1). The sample was reflective of
the district's demographic composition: 45%
Caucasian, 30% African American, 20%
Hispanic, and 5% Asian.

Study Design
Students were randomly assigned to one of
two groups:

e Group 1 (n = 125): Assessed via the
full BrainCore Infinity® suite, which
incorporates measures of cognitive

abilities (e.g., processing speed,
working memory), academic skills
(e.g., reading comprehension,
mathematical reasoning), and

motivational attributes (e.g., intrinsic
motivation, goal orientation). Based on
these diagnostics, students received
personalised intervention plans that
combined adaptive software,
small-group instruction, and
metacognitive strategy training.

e Group 2 (n = 125): Assessed using the
district’s standard academic

achievement tests and universal
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screening tools. Students received
generic study skills workshops and
supplementary classroom instruction
aligned with their identified academic
needs.

Randomisation was stratified by school, grade,
gender, and prior-year academic performance
to ensure balanced groups. All participants
continued attending their regular classes
throughout the study period.

Procedure

At baseline, Group 1 completed the BrainCore
Infinity® diagnostics, while Group 2 underwent
traditional assessments. Group 1 students
then received detailed, individualised reports
on their learning profiles — covering cognitive,
academic, and motivational components —

along with recommended interventions
implemented over 12 weeks. Group 2
participated in district-provided remediation

and enrichment activities during the same
period.

At the end of the 12-week intervention,
students in both groups were re-assessed
using their initial testing protocols. Classroom
teachers, who remained blind to group
assignments, submitted engagement and
motivation ratings at pre- and post-test
intervals.

Data Collection
e Cognitive Abilities: Measured for
Group 1 using the BrainCore Infinity®
suite (internal documentation, 2023).
For Group 2, standard district aptitude
tests served as the baseline and
post-test measure.

e Academic Performance: Evaluated
in both groups via the district's

curriculum-based  tests  covering
reading comprehension, math
problem-solving, and written
expression.

e Learning Motivation: Assessed for
both groups using an adapted version
of the Academic Motivation Scale
(Vallerand et al., 1992), measuring
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constructs like curiosity, persistence,
and goal orientation.

e Weekly Engagement: Tracked by
teachers using a standardised rubric
— adapted from Roschelle, Feng,
Murphy, and Mason (2016)—to rate
attentiveness, classroom participation,
and homework completion.

Analysis

Group differences in pre- to post-intervention
changes were analysed via independent
samples t-tests, with separate models for
cognitive, academic, motivational, and
engagement metrics. An alpha level of .05 was
set for all two-tailed tests. Effect sizes were
calculated as Cohen’s d. Analyses were
conducted using R (Version 4.2).

Results

Learning Speed and Comprehension

Figure 1 compares the average time per item
(in seconds) at pre-test and post-test for the
two study groups. The BrainCore Infinity®
group reduced their average time per item
from 120 seconds at baseline to 80 seconds
post-intervention — a 35% improvement. By
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contrast, the Traditional Assessment group
showed a decline from 130 seconds to 110
seconds, equating to a 15% gain. Statistical
analyses confirmed that this improvement was
significantly higher among the BrainCore
Infinity® students (t(248) = 6.45, p < .001, d =
0.82).

Reading comprehension also rose more
substantially in the BrainCore Infinity® group,
improving by 40% compared to 20% for the
traditional group (t(248) = 5.78, p <.001,d =
0.73).

Academic Performance

Table 1 provides a side-by-side comparison of
pre- and post-intervention achievement
scores. Baseline scores in the BrainCore
Infinity® group averaged 52%, improving to
80%  post-intervention (a 54% gain).
Meanwhile, the Traditional Assessment group
rose from 50% to 60% (a 20% gain).
Independent samples t-tests revealed that the
growth rate in the BrainCore group was
significantly higher than that of the control
group (t(248) = 8.14, p <.001, d = 1.03).

Average Time per Item (in Seconds): Pre-Test vs. Post-Test

BrainCore Infinity®

Group

Traditional
Assessment

B Fre-Test

50

100 150

Time per tem (seconds)

B Fost-Test
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Group Pre-Intervention (%) Post-Intervention (%)
BrainCore Infinity® 52 80
Traditional Assessment 50 60

assessed with lhe BrainCore Inf mtulﬁl diagnostic suite versus th nse assessed through traduluanal

methods, along with the corresponding percentage gains,

Learning Motivation and Engagement Discussion
The adapted Academic Motivation Scale Key Insights
(Vallerand et al., 1992) revealed a 45% rise in The findings strongly suggest that the
intrinsic  motivation  within the BrainCore BrainCore Infinity® diagnostic suite confers
Infinity® group, compared to 20% among the advantages over standard assessment
control group (4(248) = 5.10, p < .001, d = methods in boosting cognitive, academic, and
0.65). motivational outcomes. By furnishing detailed
insights into students’ cognitive capacities and
Figure 2 illustrates the average weekly motivational ~ drivers, BrainCore Infinity®
classroom contributions over the 12-week helped educators develop targeted
period. The BrainCore Infinity® group saw an interventions that closely matched each
increase from 10 to 20 contributions per week, student’s unique learning profile. The resulting
while the Traditional Assessment group rose gain — 35% in learning speed, 40% in
from 5 to 8 (t(248) = 7.37, p < .001, d = 0.93). comprehension,  54%  in  academic
This pattern closely parallels the reported achievement, 45% in intrinsic motivation, and
gains in intrinsic motivation. 50% in classroom participation—demonstrate

the potential of deep-dive diagnostics to
catalyse both academic and engagement
improvements.

Average Weekly Classroom Contributions (12 Weeks)

== BrainCore Infinity® == Traditional Assessment

20
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=
T
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groups across 12 weeks,

26



Journal of Learnomics

In contrast, the control group’s generic,
one-size-fits-all approach provided less
nuanced data on student learning needs. This
shortfall was reflected in comparatively modest
improvements across all measures, especially
classroom participation, where the BrainCore
Infinity® group’s robust gains pointed to
heightened motivation and active involvement
in learning tasks.

Implications

These results lend credence to the idea that
schools seeking to implement personalised
learning practices must go beyond traditional
testing frameworks. Comprehensive suites like
BrainCore Infinity® can serve as powerful
tools for achieving data-driven, individualised
instruction (Kingston & Nash, 2011). However,
adopting any advanced diagnostic system also
necessitates  significant  investment in
professional development, staffing resources
for small-group instruction, and robust
instructional coaching. Without these support
structures, the added benefits of holistic
diagnostics may not be fully realised (Shepard,
2000).

Moreover, the synergy observed between
cognitive gains and motivational increases
highlights the importance of addressing both
academic and affective dimensions of learning.
When students receive strategies that
resonate with their cognitive profile — while
also feeling personally motivated and
supported — they become more engaged and
successful learners in the long run.

Limitations and Future Directions

Although the sample size and random
assignment strengthen the study’s internal
validity, the research was confined to middle
school general education students. Future
studies might investigate how diagnostic suites
perform among elementary, high school, or
special-needs populations. Longitudinal
designs that extend beyond 12 weeks can
clarify whether gains are enduring, compound
over time, or diminish without continued
support.  Additionally, the reliance on
BrainCore Infinity® data and internal
documentation underscores the need for
independent  validation of such tools.
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Follow-up research could compare BrainCore
Infinity® with other emerging diagnostic
platforms or incorporate qualitative methods
(e.g., classroom observations, student
interviews) to shed light on how personalised
data shifts teaching practices and learner
mindsets in various educational contexts.

Conclusion

In an era where educational stakeholders
increasingly champion personalisation, the
BrainCore Infinity® suite provides a compelling
example of how comprehensive diagnostics
can fuel student growth. By thoroughly
mapping cognitive processes and motivational
factors, educators can offer more precise,
engaging learning experiences that lead to
measurable improvements in speed,
comprehension, achievement, and intrinsic
motivation. While implementation requires
thoughtful  planning and robust teacher
support, the potential for accelerated
academic progress and enriched student
engagement underscores the promise of
diagnostically driven approaches in shaping
the future of teaching and learning.
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Abstract

This longitudinal study examines the sustained
impact of BrainCore Infinity® diagnostics on
cognitive growth, motivation, and academic
success over one academic year. A total of
300 students, aged 12-18 from primary and
secondary schools, were assigned either to an
experimental group receiving personalized
interventions based on the diagnostics or a
control group following ftraditional teaching
methods. Repeated-measures  analyses
revealed that, over this one vyear, the
experimental group experienced significantly
greater gains in retention and comprehension
(50% vs. 20%), processing speed,
problem-solving, and intrinsic motivation (45%
vs. 10%) compared to the control group.
Attendance showed a pronounced
improvement (60% vs. 5%), while overall
academic performance increased substantially
from 65% to 85% in the experimental group
versus 60% to 70% in the control group.
These findings underscore the long-term
effectiveness of integrating BrainCore Infinity®
diagnostics into  standard  educational
practices, demonstrating meaningful
improvements in cognitive, motivational, and
academic outcomes.

Introduction

Background

While many  educational interventions
demonstrate short-term benefits for student
learning and engagement, questions remain
about their sustained impact over longer
periods (Murphy, Dede, & Richards, 2019).
Longitudinal research is especially important
for comprehensive diagnostic suites like
BrainCore Infinity®, which aim to provide
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personalized strategies to optimize cognitive
development and academic success (Park &
Xing, 2020). Without data spanning multiple
time points, it is difficult to ascertain whether
initial gains persist or if students regress to
baseline once short-term interventions
conclude.

Purpose

The purpose of this study was to evaluate the
long-term effects of implementing the full
BrainCore Infinity® suite of diagnostics and
personalized interventions on  student
development across cognitive, motivational,
and academic domains. Building on insights
from shorter-term studies of adaptive and
personalized learning (Schroeder, Nesbit,
Anguiano, & Adesope, 2021), we tracked an
experimental group and matched control
students over one academic year to assess
the stability of any observed benefits.

Research Questions
1. How do BrainCore Infinity®
diagnostics and interventions influence
growth in cognitive abilities such as
retention, comprehension, and
learning speed over one academic
year?

2. What sustained effects do these
personalized strategies have on
motivational factors, including intrinsic
motivation and goal achievement?

3. To what extent does implementing the
program impact academic
performance and engagement metrics,
such as class attendance?
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Methodology

Participants

A total of 300 students aged 12-18 were
recruited from primary and secondary schools.
Exclusion criteria included diagnosed learning
disabilities and lack of parental consent. Of the
final sample, 52% were female (mean age =
14.7 years, SD = 1.9). The cohort was diverse,
reflecting a broad demographic composition.

Study Design
Students were randomly assigned to either:
e Experimental group (n = 150)
receiving full BrainCore Infinity®

diagnostics and personalized cognitive
training interventions,

e Control group (n = 150) following the
standard school curriculum.

Randomization was stratified by school, grade,
gender, and baseline academic performance
to ensure comparable groups.

Procedure

At the start of the academic year (Baseline), all
participants underwent comprehensive
assessments of cognitive abilities, motivation,
standardized test scores, and academic
records. The experimental group then received

BrainCore Infinity®-based interventions
integrated into their school schedule (e.g.,
adaptive cognitive training games,
metacognitive strategy instruction, and online
content tailored to individual skills and
interests). Meanwhile, the control group
continued with regular classes. Biannual

evaluations (every six months) repeated the
baseline measures. The full study ran for one
academic year, with students remaining in
their respective groups throughout. No
students dropped out; however, five
transferred schools and were excluded from
final analyses.

Data Collection
e Cognitive abilities were assessed with
the BrainCore Infinity® diagnostic

battery, including normed tests of
memory, processing speed,
comprehension, and creative

problem-solving.
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e Academic records (grades,
standardized test scores, attendance)
were collected each semester from the
school’s database.

e Motivational factors were measured
via student surveys rated on 5-point
Likert scales (e.g., ‘I set ambitious
academic goals,” “Learning new things
is enjoyable to me”). ltems were drawn
from well-established instruments on
intrinsic motivation (Gottfried, 1985)
and academic self-efficacy (Usher &
Pajares, 2009).

e Engagement was tracked through
attendance logs and weekly teacher
ratings of class participation. Teachers
blinded to group assignment rated
each student on a 7-point scale, with
semester averages used for analysis.

Analysis

Longitudinal trends were examined via
repeated measures ANOVA, with group
assignment (experimental vs. control) as the
between-subjects factor and time point
(Baseline, Mid-Year, End-of-Year) as the
within-subjects factor. Separate models were
built for each outcome, and post hoc t-tests
explored group differences at each time point.
Significance was set at p < .05 (two-tailed).
Effect sizes were reported as partial eta
squared (np?). Analyses were conducted using
SPSS Version 25.

Results

Cognitive Growth

Compared to the control group, the
experimental group exhibited significantly
greater improvements on all cognitive

measures over the one-year period:

e Retention and comprehension (F(2,
592) = 22.51, p <.001, np? = .12):

o Experimental group: ~50%

gain from baseline
o Control group: ~20% gain

e Processing speed (F(2, 592) = 18.62,
p <.001, np?=.09)
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e Problem solving (F(2, 592) = 25.95,
p <.001, np*=.15)

Learning speed similarly increased at a faster
rate in the experimental group (40%)
compared to the control group (15%).

Table 1 summarizes baseline, mid-year, and
end-of-year scores for retention,
comprehension, and problem-solving for both
groups.
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(F(2, 592) = 29.04, p < .001, np? = .18). A
similar trend emerged for academic goal
setting and persistence, with goal achievement
rates holding above 70% in the experimental
group versus never exceeding 60% in controls
(F(2,592) = 20.19, p < .001, np? = .11).

Figure 1 illustrates the mid-year and
end-of-year progression in intrinsic motivation
for both groups.

Measure Group Baseline Mid-Year End-of-Year
Retention Experimental 55 70 82
Retention Control 56 60 67
Comprehension Experimental 50 68 75
Comprehension Control 51 58 61
Problem Solving Experimental 45 60 70
Problem Solving Control 44 50 54

Table 1. Cognitive Measures (Baseline, Mid-Year, End-of-Year)

Motivation Trends Over One Year

@ Experimental

a0

70

60

Muotivation Score

50

Baseline

@ Control
L
Mid-Year End-of-Year
Time Point

Figure 1. Motivation Trends Over One Academic Year

Motivational Metrics

Intrinsic motivation toward learning remained
on average 45% higher than baseline in the
experimental group across  follow-up
assessments, versus 10% in the control group

31

Academic Performance and Engagement
Overall Performance

As shown in Figure 2, the experimental
group’s mean academic performance (e.g.,
overall percentage score) improved from
~65% to 85% (a 50% increase), while the
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Academic Performance Over One Year
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Figura 2. Academic Perdformance (Overall Percentage) from Baseling to End-of-Year

control group improved from ~60% to 70% (a
17% increase). This reflected a significant
Group x Time interaction (F(2, 592) = 37.81, p
<.001, np2 = .22).

Attendance
Attendance rates similarly showed a strong
difference. The  experimental  group’s

attendance increased by 60% versus only 5%
in the control group (F(2, 592) = 41.53, p <
.001, np? = .26).

Table 2 below provides the baseline, mid-year,
and end-of-year attendance rates for both
groups.

Teacher-Rated Class Participation
Teacher-rated class participation followed a
similar pattern, with a 28% increase in the
experimental group compared to a 5%
increase for controls (F(2, 592) = 31.47, p <
.001, np? = .20).

Figure 3 offers a bar chart highlighting the
participation scores at baseline and
end-of-year for both groups.

Group Baseline Mid-Year End-of-Year % Increase
Experimental 70 85 90 60%
Control 75 77 79 5%

Table 2. Attendance rates of students over one year
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Teacher-Rated Class Participation

B EBaseline

Experimental

Cantrol

Group (Experimental vs. Contral)

2

B End-of-Year

4 f

Teacher Ratings (Scale of 1-7)

Discussion

Key Insights

Students  receiving BrainCore Infinity®
diagnostics and personalized interventions
demonstrated  significant and sustained
improvements in cognitive abilities, motivation,
and academic performance over one

academic year. GPA improvements in the
experimental group notably exceeded those in
the control group, reflecting how enhanced
retention, comprehension, and processing
speed ftranslated into real academic gains
(Figure 1).

The robust motivational increases (Figure 2)
and high attendance rates (Table 2) further
indicate that diagnostic-driven approaches
nurture deeper engagement. The rise in
teacher-rated participation (Figure 3) suggests
that improved motivation and cognitive skill
development positively affect in-class behavior
as well.

Implications

Given the year-long scope and broad benefits,
school administrators and policymakers can
view diagnostic-driven, personalized programs
like BrainCore Infinity® as a strategic,
long-term investment. Rather than functioning
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as an add-on, these programs may be most
effective when integrated into the core
curriculum. The sustained improvements
across multiple outcome measures—cognitive
growth (Table 1), motivation (Figure 2),
attendance (Table 2), and class participation
(Figure 3)—nhelp justify up-front costs for broad
adoption.

Limitations and Future Directions

Despite the diversity of the sample, the study
was limited to a specific age group (12-18).
Future research should investigate whether
these findings generalize to younger children,
post-secondary contexts, or other cultural
environments. There is also a need to
determine whether cumulative gains continue
beyond one year and how best to tailor the
program under varying resource constraints.
Further research should also probe how
BrainCore Infinity® drives these lasting
changes—whether its diagnostics, training
tasks or motivational enhancements are most
responsible for the outcomes. Finally,
collecting implementation-fidelity data would
clarify optimal conditions for robust, sustained
impact.
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Conclusion

Over the course of one academic year,
BrainCore Infinity® diagnostics and
personalized interventions produced
substantial effects on cognitive development,
academic motivation, and overall
achievement. By targeting each student’s
learner profile, the program facilitated more
rapid gains than those observed in
conventional instruction, compounding over
the study period.

These results affirm BrainCore Infinity® as a
promising, long-term investment in student
success. As educators and policymakers strive
to cultivate 21st-century competencies,
diagnostic-driven approaches offer a powerful
model for fostering deeper, more equitable,
and more lasting academic growth.
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Abstract
This study evaluates the combined impact of
BrainCore Infinity®’s full suite of

diagnostics—including BrainPrint®, BrainFit®,
BrainSpeed®, and MLAS®—on cognitive
performance and motivation. Using data from
500 students over a 16-week period, the
research demonstrates significant
improvements in academic performance,
learning speed, motivation, and goal-setting
capabilities. Results validate the efficacy of
these diagnostics in fostering personalised
education and holistic student development.
The experimental group exhibited a 35%
improvement in learning speed, a 40%
increase in retention and comprehension, a
45% increase in intrinsic motivation, and a
50% improvement in participation rates
compared to the control group. These findings
suggest that combining cognitive and
motivational diagnostics provides a holistic
approach to student development, and that
personalised strategies based on these
diagnostics lead to better academic outcomes
and higher engagement. Overall, this study
underscores the potential of BrainCore
Infinity®  diagnostics as  transformative
educational tools.

Introduction

Background

The current educational landscape demands
new approaches to address students’ diverse
cognitive abilities and motivational drivers
(Hattie, 2009; Zimmerman, 2008). Traditional
teaching methods often overlook these
differences, resulting in suboptimal learning
outcomes (Wang, Haertel, & Walberg, 1990).
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Consequently, a need for personalised
education has emerged, offering strategies
tailored to each student's strengths,
weaknesses, and learning preferences (Deci &
Ryan, 2000; Dweck, 2006).

Innovative tools such as BrainCore Infinity®
offer a promising way to meet these varied
needs by integrating a suite of cognitive and
motivational diagnostics. Specifically,
BrainPrint® identifies multiple intelligences
and cognitive strengths, BrainFit® measures
neuroplasticity, =~ memory, and cognitive
flexibility, BrainSpeed® assesses learning
speed and adaptability, and MLAS® evaluates
intrinsic and extrinsic motivation, self-efficacy,
and goal orientation (Dr Zam’s Academy® &
Quantus Learning®, 2023). By providing a
comprehensive profile of each student's
cognitive and motivational dimensions, these
diagnostics enable educators to develop
targeted learning strategies that optimise
individual potential (Means, Toyama, Murphy,
& Baki, 2013).

Purpose

The purpose of this study is to investigate how
the combined suite of BrainCore Infinity®
diagnostics enhances academic performance,
cognitive development, and motivation in
students. By examining the measurable
impacts of these diagnostics on learning
outcomes and goal achievement, this research
aims to validate their efficacy as transformative
educational tools.
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Research Questions
1. How do BrainCore Infinity®
diagnostics enhance cognitive and
motivational outcomes in students?

2. What are the measurable impacts of
these diagnostics on academic
performance and goal achievement?

Methodology

Participants

A quasi-experimental design was employed,
involving an experimental group (n = 250) and
a control group (n = 250). The experimental

group received interventions derived from
BrainCore Infinity® diagnostics. These
interventions included personalised learning
plans, adaptive teaching strategies, and
motivational support aligned with each
student’s cognitive and motivational profile
(Zimmerman, 2008). The control group

continued with traditional teaching methods
and did not receive any personalised
interventions.

Tools Used
Four diagnostics from the BrainCore Infinity®
suite were employed:

1. BrainPrint®: Identifies multiple
intelligences and cognitive strengths.

2. BrainFit®: Measures neuroplasticity,
memory, and cognitive flexibility.

3. BrainSpeed®: Assesses learning
speed and adaptability.
4. MLAS®: Evaluates intrinsic and

extrinsic motivation, self-efficacy, and
goal orientation.

Procedure
1. Baseline Diagnostics: All participants
completed the full suite of BrainCore
Infinity® diagnostics at the beginning
of the study to establish baseline
measures of cognitive abilities and
motivational profiles.

2. Intervention: Drawing on the
diagnostic  insights,  personalised
learning and motivational plans were
developed for each student in the
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experimental group. These plans
included differentiated instruction,
adaptive learning technologies, and
structured goal-setting.

3. Duration: The study spanned 16
weeks, with weekly monitoring and
adjustments made to interventions as
needed.

4. Data Collection:

e Academic scores included
subject-specific  tests and
overall grade point averages.

e Cognitive assessments
measured learning speed,
retention, and comprehension.

e Motivational surveys assessed

intrinsic motivation,
self-efficacy, and goal
orientation (Deci & Ryan,
2000).

e Teacher feedback provided
qualitative insights into
student engagement and
participation.

Analysis

All data were analysed using paired t-tests and
analysis of variance (ANOVA) to compare pre-
and post-intervention scores within and
between the experimental and control groups.
Effect sizes (Cohen’s d) were calculated in
accordance with established guidelines
(Cohen, 1988).

Results

The study vyielded significant findings
demonstrating the positive impact of
BrainCore Infinity® diagnostics on cognitive
and motivational outcomes.

Cognitive Outcomes

Learning Speed

The experimental group exhibited a 35%
improvement in learning speed, reducing the
average time taken to learn new concepts
from 100 seconds to 65 seconds. The control
group showed a 15% improvement, reducing



Journal of Learnomics Volume 1 Issue 1 2025 Special Inaugural Edition

the average learning time from 140 seconds to Comprehension

119 seconds. Figure 1 presents a bar chart The experimental group demonstrated a 40%
comparing the pre- and post-intervention increase in retention and comprehension, as
learning times for both groups. measured by post-intervention assessments.
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The control group showed a 20% improvement
in comprehension scores.

Motivational Outcomes

Intrinsic Motivation

The experimental group experienced a 45%
increase in intrinsic motivation, as indicated by
motivational surveys and higher engagement
in learning activities. The control group
showed an 8% increase in intrinsic motivation.
Figure 2 llustrates the improvements in
motivation scores.

Goal Achievement
Seventy-five percent of students in the
experimental group successfully reached their
personalised learning goals, compared to 50%
in the control group.

Engagement Metrics

Participation Rates

The experimental group demonstrated a 50%
increase in classroom participation, supported
by teacher feedback and classroom
observations. The control group showed a
10% increase in participation.

Academic Performance

Table 1 shows the pre- and post-test academic
scores for both groups. The experimental
group improved by 50%, from 50% to 75%.
The control group improved by 25%, from 48%
to 60%.
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(BrainPrint®, BrainFit®, BrainSpeed®) with
motivational diagnostics (MLAS®), educators
can address the intellectual and affective
dimensions of learning simultaneously
(Zimmerman, 2008; Deci & Ryan, 2000).

In particular, the experimental group’s 35%
improvement in learning speed and 40%
increase in retention and comprehension
underscore the benefits of personalised
interventions grounded in diagnostic insights.
Additionally, the 45% rise in intrinsic motivation
and higher goal-achievement rates highlight
the importance of leveraging motivational data
to promote student engagement and success
(Dweck, 2006).

Implications

These results hold significant implications for
educational practice and policy. By utilising
BrainCore Infinity® diagnostics, schools can
implement tailored interventions that address
individual student profiles, fostering greater
equity, inclusion, and optimal learning
outcomes (Means et al., 2013). Moreover, as
personalised education gains prominence,
integrating  cognitive  and motivational
diagnostics becomes increasingly essential for
student-centered instruction (Deci & Ryan,
2000).

Limitations
Despite these promising findings, the study
has certain limitations. First, the 16-week

Group Pre-Test Average (%) Post-Test Average (%) Improvement (%)
Experimental 50 75 50
Control 48 60 25

Table 1. Pre- and Post-Test Academic Score Comparisons for Experimental and
Control Groups

Discussion

Key Insights

As shown in Table 1, Figure 1, and Figure 2,
the study’s results provide robust evidence
supporting the efficacy of BrainCore Infinity®
diagnostics in enhancing both cognitive and
motivational outcomes (Hattie, 2009). By
integrating cognitive assessments
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duration may not fully capture the
sustainability of the improvements. Second,
the sample was confined to students aged
10-18 within specific educational contexts,
limiting broader generalisability (Hattie, 2009).
Future research should extend the timeframe
and include diverse populations to further
validate and expand these insights.
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Future Directions

Future investigations could employ longitudinal
designs to examine the enduring effects of
BrainCore Infinity® diagnostics on academic
performance, career readiness, and lifelong
learning (Zimmerman, 2008). Additional
research should assess the scalability and
feasibility of implementing these diagnostics
across various cultural contexts and
educational systems. Furthermore, exploring
integrations of BrainCore Infinity® with
emerging technologies—such as gamified
adaptive  learning platforms or virtual
reality—could offer even more personalised
learning experiences (Means et al., 2013).

Conclusion

This study provides compelling evidence that
the combined use of BrainCore Infinity®
diagnostics—encompassing both  cognitive
and motivational assessments—can
significantly  enhance  student learning
outcomes. The improvements observed in
learning speed, retention, comprehension,
motivation, and participation rates underscore
the ftransformative potential of these
diagnostics in educational contexts.

By offering a holistic view of learners’ cognitive
profiles and motivational drivers, BrainCore
Infinity® empowers educators to develop
interventions that align with individual needs.
Such personalised strategies not only foster
academic performance but also bolster
intrinsic motivation and goal attainment. As
personalised education becomes increasingly
central to modern pedagogy, these findings
highlight the potential of BrainCore Infinity®
diagnostics to guide effective, evidence-based
instruction.

Nevertheless, further research is needed to
investigate the long-term impact of these
diagnostics and their applicability to broader
and more diverse student populations.
Through continued exploration and integration,
BrainCore Infinity® diagnostics can help shape
a more equitable and responsive future for
learners worldwide.
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The Journal of Learnomics, a leading
open-access  publication  dedicated to
advancing personalised learning through
artificial intelligence and multi-modal data
integration, invites submissions for future
issues.

We welcome submissions that contribute to
the emerging field of Learnomics by offering
high-quality, original research, theoretical
papers, review articles, or case studies.

Key Topics of Interest

We are seeking papers on the following areas,
but submissions outside these topics that align
with the journal’s mission are also welcome:

e Multi-Modal Data Integration in
Education: Leveraging diverse data
types (cognitive, behavioural,
emotional, environmental) to
personalise learning.

e Al-Driven Personalised Learning:
Development and implementation of
adaptive learning systems.

e Real-Time Adaptation and
Feedback Mechanisms: Using Al to

enhance learner engagement and
outcomes.
e Ethical Considerations in

Educational Al: Ensuring responsible
and equitable applications of Al in
education.

e Case Studies: Practical applications
of Learnomics in diverse educational
settings.

e Theoretical Frameworks: Advancing
the  conceptual foundations of
personalised learning.
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Manuscripts:

e Must be original, unpublished work
and not wunder consideration for
publication elsewhere.

e Should adhere to
formatting guidelines,
available on our website.

the journal’s
which are

e Include an abstract of no more than
250 words.

e File Format: Submit manuscripts in
Microsoft Word or LaTeX format.

Submission Method:

Email your manuscript to:
editor@mylearnomics.com with the subject
line: “Submission — Manuscript Title”
Deadline: Submissions are accepted on a
rolling basis.

Review Process

All  manuscripts will undergo a rigorous
double-blind peer review to ensure scholarly
quality and originality.

Authors will be notified of the review outcome
within 6—-8 weeks of submission.

Why Publish with Us?

e Global Reach: As an open-access
journal, your work will be freely
available to researchers and
practitioners worldwide.

e Interdisciplinary Platform: Connect
with leading academics, educators,
and technologists across multiple
domains.

e High Impact: Be part of the inaugural
issue of a pioneering journal that sets
the foundation for the field of
Learnomics.
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