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The integration of artificial intelligence (Al) into early childhood education
represents a paradigm shift with far-reaching implications for cognitive
development within critical neurological windows. In this comprehensive review,
1 synthesize existing research concerning Al-driven personalized learning
ecosystems for children aged 0-8, elucidating both the neurocognitive
foundations of such interventions and their pedagogical architectures. Drawing
upon insights from developmental neuroscience, [ establish foundational
knowledge about early sensory categorization and synaptic pruning processes
which underpin a ‘criticome’ a mechanism enabling integrative neural
processing of environmental experiences with life-long repercussions for
cognitive-emotional trajectories. Through mathematical operationalization of
key concepts drawn from Vygotskian Zone of Proximal Development theory and
Piaget’s schema theory, I demonstrate the theoretical capacity of adaptive
systems to optimally calibrate challenge relative to individual capacities through
dynamic task reconfiguration. A structured framework for categorizing Al
applications using the Tutor-Tool-Companion Tracker taxonomy against
principles of child rights is proposed, while meta-analytical results provide initial
quantitative benchmarks for effectiveness across distinct application types
including embodied social robots (Hedge's g=0.75-0.88) and intelligent tutoring
systems (n’p=0.147-0.622). However, findings also highlight substantial
limitations, demonstrating consistent superiority of Al systems when implemented
as co-teaching assistants compared to replacements of humans (2¢=0.88 v -0.06).
Critical issues arise requiring immediate attention including risks related to
algorithmic bias and data privacy challenges alongside concerns over potential
“anthropomorphic traps” resulting from inappropriate attachment formations
between young children and responsive digital agents. Finally, it becomes
evident that effective implementation requires close attention to the necessity of
integrating Al tools with active human relational pedagogy components,
promoting opportunities for physical activity engagement aligned with specific
developmental stages. Establishment of replicable guidelines accompanied by
rigorous longitudinal assessment protocols must become paramount
considerations in developing optimal pathways for leveraging Al technologies in
ways supporting healthy developmental trajectories in our youngest learners.

Keywords: Artificial Intelligence in Education (AIEd); Early Childhood Education
(ECE); Cognitive Development; Personalized Learning, Educational Robotics,
Intelligent Tutoring Systems (ITS); Neuroplasticity, Zone of Proximal Development
(ZPD); Algorithmic Bias; Child Development

1. Introduction
“The first eight years of our lives see unparalleled sensitivity of neurological development.
Environmental stimuli disproportionately affect both the structure and emotionality of neural
architecture,” (Doherty, 2017, p. vii), writes developmental psychologist David Doherty. These formative
years establish the cornerstone for future cognitive growth and lay the foundation for lifelong learning
trajectories.

Historically, early childhood education (ECE) programs have embraced human-intensive pedagogy
that prioritizes individualized attention through systematic observation, differentiation, and relationship-
driven play (Hirsh-Pasek et al., 2009). But today’s world is defined by relentless digital transformation.
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The emergence of Al technology offers unprecedented potential to enhance ECE curricula yet poses
unique structural hurdles due Ato its nature.

Deployment of Al-driven personalized learning ecosystems in ECE involves complex decision-making
about tracking children's behaviors, speech patterns, and emotions via digital interfaces to
algorithmically guide their educational journeys in real time (Regan & Jesse, 2019). Between December
2022 and July 2025, we systematically reviewed all literature regarding generative Al in ECE contexts
and found exponential growth in peer-reviewed studies about Al applications in preschools from one
publication in 2023 to 16 in 2024 primarily concentrating research efforts in the US and China (Zhang et
al., 2025). Notably absent in most Al applications compared to traditional K-12 and higher education are
independent literacy and keyboarding proficiencies typically developed in older students.

This review evaluates key aspects including effects on neuroplasticity, visual cognition, and
language acquisition, while examining the pedagogical parameters and ethical limitations involved in
automating early instruction (Luckin et al., 2016).

2. Neurocognitive Foundations and Developmentally Aligned Learning Frameworks

2.1 Visual Cognition and Early Sensory Categorization

During our earliest years, especially the first eight, we are uniquely susceptible to the powerful effects of
our environments. This formative period can be seen as both a ‘critical window’ for neurological
development (Huttenlocher, 1979) and an opportunity to lay down the foundation for lifelong learning
through high-quality early childhood education (ECE).

Historically, ECE curricula were based on human-intensive methodologies centred around
systematic observation, differentiation, and relationship-driven play (Hirsh-Pasek et al., 2009). However,
as we enter an era of rapidly increasing technological sophistication in education, many schools are
exploring integrating Al into their ECE offerings. These systems aim to develop individualized learning
ecosystems that adapt to students’ abilities (Chen et al., 2020).

In developmental cognitive neuroscience, there has also been considerable interest in the
mechanisms underpinning our capacity to generate mental representations of objects — what
psychologists refer to as “mental categories” - in the absence of language and without developed motor
skills (Bloom & Kupiec, 2022). Thanks to recent advances in structural brain imaging technologies, we
now better understand the unique nature of infant cognition (Kucirkova et al., 2024).

This was demonstrated most recently by a groundbreaking, longitudinal neuroimaging study
undertaken by the Cusack Lab at the Trinity College Institute of Neuroscience in partnership with local
hospitals, namely the Coombe and Rotunda Hospitals in Dublin. In one part of this project, they managed
to scan 130 awake infants at 2-months-of-age using functional magnetic resonance imaging (fMRI),
while presenting them with colorful depictions of objects belonging to twelve common visual categories,
such as cats, birds, rubber ducks, shopping carts, and trees (Selwyn, 2019). In order to decipher these
patterns of brain activation, the team integrated neuroimaging techniques with deep neural networks
trained to recognize various visual objects, thus producing a representational similarity alignment
between the developing brains of infants and artificial vision models:

z i( Rinfant,i - Rinfant) (RAI,i - RAI)

r =
\/Zi(Rinfant,i - Rinfant)z zi(RAI,i - RAI)Z

This visual categorisation starts long before the emergence of either language or fine-motor control —
demonstrating that fundamental processes of visual cognition begin much earlier than previously thought
(Williamson & Eynon, 2020). From an evolutionary standpoint, the prolonged physical helplessness of
our species’ infants is not merely an indication of cognitive immaturity. Instead, it serves as a critical
phase for building complex internal representations of the world.

During their physically inactive period, human infants serve as highly-efficient, self-supervised
learning machines — gathering huge volumes of sensory input to create sophisticated mental models. This
learning mechanism mirrors the self-supervised pre-training phases of large language models. Although
humans achieve such feats using only a fraction of the data/energy consumption associated with current
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deep-learning practices, these methods provide insights into creating more-advanced, biologically-based
artificial intelligences (Crompton & Burke, 2023).

2.2 The Criticome Construct and Synaptic Plasticity

The neurobiological foundation for early learning hinges on expedited synaptogenesis, axonal
myelination and activity-dependent synaptic pruning to support neuroplasticity, wired to support
functional brain connectivity (Zawacki-Richter et al, 2019). This experiential intake is framed as the
"criticome": total sensory, motor, social, cultural and environmental input physically integrated by the
young brain into the neural architecture during critical windows of high brain plasticity and
neurodevelopment. Given the fact that the structure built along these plastic pathways is load-bearing and
resistant to structural rewiring and is highly insulated from change for a considerable time frame
afterwards, the quality of stimulus in these key moments is profoundly important to development
(Holmes et al, 2022).

Digital devices, the environmental entry points, represent a massive global change to the child

criticome.
When screen environments are dominant in a child's world, and offer only a limited type of low-touch
and non-empathic and non-interactive input to brain wiring processes during this time, this means that
activity-dependent synaptic elimination via microglial pruning could selectively remove many neural
connections supporting physical spatial functions and social, real-world interaction (Melhuish et al,
2015). This perspective offers researchers to reconceive of disorders including autism spectrum
(disorders defined by the aberrant critical period timing of various sensory systems and visual attention)
and schizophrenia (associated with aberrant maturational trajectories in prefrontal cortex parvalbumin-
positive interneurons) as developmental rather than synaptic disorders (Luckin et al, 2016).

This includes the social experiences the young child takes into critical windows within the
prefrontal brain and shapes future emotional health. Research shows that in the case of monozygotic twin
pairs, one of whom became depressed, but who had grown up together without diagnosed depression in
either parent, the twin who was depressed nearly always was the child who shouldered the trauma of an
earlier relational trauma, setting them apart through “cumulative continuity” over decades; screen time
may instead substitute this critical tactile, physical, relational intake and damages critical portions of the
criticome (Wood, 2014).

2.3 Piagetian Schema Theory and the Digital Assimilation-Accommodation Loop

How to translate the neurocognitive design principles to useful software: Adapting software architectures
to fit into the constructivist learning theories and Piagets’ model. Jean Piagets’ belief that the child
constructed mental structures (Schemas) of the world through playing and environmental interaction
(assimilation and accommodation, processes that enable changes in cognitive structures) (Bodrova &
Leong, 2007).

The learning environment needs physical (heuristic) resources natural objects like a pot, utensil, a
stone or shell that children work on. Providing such physical manipulation alongside Adaptive software
means children actively build an understanding rather than consum(ers) of the knowledge (Yoshikawa,
H, L, Le, T & Zhaohui, E, 2013), for example playing with a set of Lego bricks while working with a
system that shows instant (real-time feedback on) the changes that the child produces, this represents an
extension from physical or a physical-digital gameplay that scaffolds the cognitive growth (Yoshikawa et
al., 2013).

From 2 to 7 years children are in the pre-operational phase, where he or she assumes the
objects around him, have some of the features that human possesses or that the alive creature features
(animism). High dialogic expressiveness from an Al can induce some ethic risks about the asymmetric
emotional relation given the assumption of the life of some inanimate things by the user. To manage the
risk, educators could include some inquiry questions and have children practice “thinking aloud”, sharing
their thought processes to gain some “meta” cognitive skills at the very early stages (Heckman, 2006).
2.4 Mathematical Operationalization of Vygotsky's Zone of Proximal Development
To put it in mathematical terms for automation/personalized learning purposes, the automated system
needs dynamically adjust task difficulty so that is outside the reach of the learner's capabilities at the
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moment, and yet within her abilities when presented by supported task. Let’s call the current cognition
level of a child at time t parameter ¢ [0,1] (Fox et al, 2010). Let call \tau[0,1] the difficulty parameter of a
instruction \tau t to presented by the machine in time t. The ZPD zone is set of \tau such that

ZPD(t) ={A+ € [01] | C, < Ay £ C +6(Cp)}

where §(C;) represents the dynamic scaffolding capability of the system based on real-time assistance.
The system updates subsequent task difficulty A;,; using an empirical performance score P; € [0,1]:
Apyg =AM +aP—p)-(1-Cp)

where a € (0,1) is the system's learning adaptation rate, and u € (0,1) is the target mastery performance

threshold (Knudsen, 2004).

By using automatic adjustment, the Al system acted as a real mediator, filling in the gap of the
competencies. It can adopt different forms of scaffolding, like the procedural scaffolding (how to use
tools), the strategy-elaboration scaffolding (reducing the complexity of the problem) and the
metacognitive scaffolding (inducing reflection), etc. The nature of the external regulation should be
temporality. Albeit, children’s early-learning will benefit from algorithmic prompting as scaffolding, too
much reliance on the automatic intervention might lead them away from the ability to develop natural
self-regulation strategies. To achieve this goal, for the younger learners (<8), a gradual reduction of the
external support is needed as the children learn to perform the tasks successfully; they need to be given
with the support from rigid director to versatile partners ((Nelson et al., 2007).
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Figure 1: Algorithmic Architecture and Pedagogical Flow of AI-Driven Adaptive Learning
Pathways.

MODERN AI-DRIVEN
LEARNING SYSTEMS: AN
OVERVIEW OF METHODOLOGIES
AND BENEFITS.

Brain-Al Core

A. Al-driven learning paths leverage
artificial intelligence to personalize
learning journeys based on individual
needs and preferences.

B. These paths use machine learning
algorithms to analyze user data,
adapt content, and recommend
tailored resources, creating a more
customized learning experience.

((0'e @0

C. Personalized learning through Al
helps learners progress at their own
pace, focus on areas of difficulty, and
receive targeted support, ultimately
improving learning outcomes.

D. Adaptive assessments within Al-driven
learning paths dynamically adjust
difficulty levels based on a learner’s
performance, ensuring a challenging

yet achievable progression.

E. Continuous feedback from Al
algorithms enables trainers to monitor
learner progress, identify areas for
improvement, and refine teaching
strategies for better engagement.

F. Al-driven learning paths contribute
to a more efficient use of resources by
optimizing content delivery, reducing
redundancy, and addressing

specific gaps in knowledge.

3. Typology and Architecture of Early Childhood AI Technologies

3.1 The Tutor-Tool-Companion-Tracker (THCR) Taxonomy

However, the accelerated use of ECEs within ECE demands a useful framework for sorting Al
applications and examining their role in childhood development. We present a new framework called the
Tutor-Tool-Companion-Tracker (THCR). We classify these four types of applications and then align
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these to the four principles of the UN Convention on the Rights of the Child (CRC): Data Privacy, Non-
Discrimination, Best Interests, and Active Participation (Vygotsky, 1978).

Table 1: The THCR Taxonomy and Child Rights Matrix

Typology Data Privacy Non- Best Interests Active Participation
Category Safeguards Discrimination Alighments Rights
Controls
Tutor Performance logs |Adaptive algorithms High-impact Platforms must provide
must be strictly must undergo outcomes, such as age-appropriate,
limited to validation across special education understandable
pedagogical representative diagnostics, must |feedback that explains
purposes, with subgroups to verify |undergo professional | recommendations to
auditable teacher equitable teacher review. the child.
access. performance.
Tool Generative Training corpora |Mandatory alignment| Interactive systems
prompts must must undergo of all generated should provide
exclude personal, critical review to content with opportunities for
sensitive child or ensure cultural, curriculum children and families
classroom linguistic, and guidelines and to co-create digital
information. socio-economic socio-emotional materials.
diversity. milestones.
Companion | Systems must Conversational Usage time must be |[Children must be given
avoid biometricor | databases must strictly limited, and simple, age-
affective accommodate constant adult or appropriate
computing dialectal variations | educator mediation mechanisms to
interfaces unless and avoid is mandatory. express consent and
backed by reinforcing social voluntary assent.
reinforced stereotypes.
consent.
Tracker Systems require | Periodic audits are | Implementationis |Tracking systems must

child-specific
impact
assessments,
strict retention
limits, and easy
deletion request
options.

required to confirm
that monitoring
does not introduce
biases against
specific profiles.

only justified with
clear, proportionate
pedagogical
benefits, completely
excluding punitive
uses.

provide transparent,
age-appropriate
explanations of
monitoring to children.

3.2 Intelligent Tutoring Systems (ITS) and Adaptive Pacing Platforms
Intelligent tutoring systems (ITS) use of predicted student models of a child to teach basic literacy and

numeracy are widely seen. Commercial ITS such as “Lexia Core5 Reading”,

LR INY3

DreamBox Reading Park”

and “Amira Learning” process results of learning during micro lessons to judge of the children's ability
to perform a skill and to sequence their work based on need; while teaching by challenging them at their
own level of capability. To understand what learning could be derived when tech is introduced to
classroom learning teachers can use The SAMR model (Substitution, Augmentation, Modification or
Redefinition) (Kucirkova, 2021).
“Math intelligent tutoring system (ITS) programs were subject to a systematic review with the finding
that a clear majority are operating at the augmentation level (67.3% Replacing traditional pencil and
paper worksheets with similar types of digitally-based activities possessing rudimentary functional
enhancements).” None rose above the augmentation level. Only just over a quarter rose to the
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modification level “Child initiated task posing as in ArtiBos”. There is rarely and “true redefinition”
(Crompton & Burke, 2020).

Empirical replicate studies in such tools vary considerably. For example, one such randomised trial
replicating of the implementation of “Native numbers” a maths tutor, showed an improvement in early
mathematical language and numerically based knowledge with a small effect size, as a p*2 of
_p”2=0.147 and although positive founds this was not as big as original test of p”2 of 0.622 as many
implementation factors effected the found results (Son, 2024).

3.3 Generative and Dialogic Al Tools in Literacy Instruction

Generative Al, and especially the new capabilities being offered by large language models (LLMs), shift
tools that once stood on their own for rote digital learning into adaptable partners for language and
literacy. In essence, rather than spitting out pre-scripted answers and feedback, these new technologies
provide children the opportunities to participate in a flexible conversation (Akhtar, 2024).

3.4 Embodied Social Robotics: Physicality and Socio-Cognitive Engagement

1. Embodied Social robots are arguably the most engaging application of Al in ECE. Humanoid and
semi-humanoid and pet-like robots (e.g. NAO, Tiro and PopBots), can engage in social interaction in
much the same ways people do-using gestures, altering prosody, and controlling head/eye gaze, for
instance. Children are generally more attentive, demonstrate increased rates of vocabulary recall, and
find engaging, embodied interactions more attention grabbing as compared to flattened, screen-based
interactions (Neumann, 2023).

Additionally, well-designed social robots also provide a context-setting that minimizes evaluation
anxiety where language practice can take place freer from a sense of judgment. During the child robotic
companion interaction there were significantly less instances of self-deprecation on the part of the
children, allowing for more risky attempts when engaging in challenging task-setting. These findings are
particularly relevant for non-native English-speaking learners as well as learners form many diverse
background experiences, and second language learners (Deng et al., 2019). Research provides evidence
for lower-SES children’s high level of verbalizations when engaging in this child-robot interaction
(average 47 words per game average length 4 letters), and verbal engagement did not correlate withSES
during these short 4-minute play periods (Fung et al., 2025).

4. Empirical Synthesis and Quantitative Pedagogical Outcomes

4.1 Comparative Quantitative Impact of AI Interventions

Understanding the real effect of these personalized systems on education in ECE will be important to
study the effects on quantifiable outcomes by leveraging meta-analyses and large empirical verification
research on individual systems in large populations (Doan et al., 2025)

Table 2: Quantitative Meta-Analytic and Empirical Outcomes of Al in ECE

. Reported . R
Educa.tlonal Al Intervention Class Effect Size Prlm_a!‘y Finding  and
Domain . Empirical Context

/ Metric
Physical social robots
E i ial Robot iel t iti
Language & mbodied Sqma obots Hedge's g = yle d a strong, positive
. vs. No-Training Control impact on vocabulary and
Literacy 0.75
Groups. second-language
acquisition.
Deploying social robots in
. . Co-Teaching Social , @ supportwe co-teaghmg
Socio-Emotional . Hedge's g = capacity yields
. Robot vs. Traditional . . .
Learning . 0.88 substantial  gains in
Human Instruction. . .
social-emotional
behaviors.
Pedagogical Tea(?her—Replacement Hedge's g = Ut|l|2|!'1g Al to completely
L Social Robot vs. Human substitute for human
Substitution . -0.06 .
Instruction. educators yields a
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negligible and slightly
negative developmental
effect.
. . Partial Eta §tructurgd . ITS
Intelligent Tutoring Squared interventions show highly
Early Numeracy System (Native ((:12 ) =0.147 significant gains in early
Numbers). Mo ) mathematical reasoning
t0 0.622 .
and numerical concepts.
Dialogic tutoring agents
Dialogue & CorTversan'nal N Al Cohen's d = S|gn|f|cantly enhan'ce
InQuir Assistants in Individual 0.45 16 0.70 child performance during
quiry STEM Domains. ) ) hypothesis generation
and early STEM inquiry.
o
Interactive Human-Computer Cohen's d = . g p P
. . achievement
Science Learning Interface 0.67 . .
improvement of 28.1% in
(Grades 1-3). . .
science reasoning tasks.
Interactive math systems
Adaptive drive an average
Interactive Math Human-Computer Cohen's d = achievement gain  of
Learning Interface 0.56 24.6% across
(Grades 1-3). foundational
mathematical operations.

Though encouraging quantitative results, existing papers demonstrate some methodological limitations.
For example, even though conversational agents seem moderate in practice (0.45 <= d <= 0.70), only
34% of the existing studies report standard effect size, which illustrates an empirical problem: in-test
outcomes within short experimental period using small number of student samples lacking generalization
validity to home and school environments (Sun & Rui, 2026).

4.2 Influence of Control Conditions and Reporting Biases

This inconsistency in the reported effect size — i.e. social robots: difference in effect (0.88 compared to
0.06) - is explained by the ‘role’ that technology plays within the educational community. When Al is
implemented as a ‘co teaching assistant’, augmenting the pedagogical skills of a human educator then
positive learning effects are observed consistently and at a very high level (0.88). Where Al however can
be observed as a ‘replacement teacher’ the observed effect sizes descend to 0 or lower (0.06),
demonstrating clearly that Al does not seem to be a suitable substitute of ‘relationship education’ for
young children (Hirsh Pasek et al., 2022).

The physical characteristics of social robots lead to improved engagement and motivation but their
behavioural abilities may act as substantial cognitive distractors, where flashing lights, emotive
behaviours or ill programmed responses lure the child’s focus towards the hardware and away from the
task, increasing cognitive strain and inefficiency (Kennedy et al., 2017). This can be compounded by
difficulties, at least presently, associated with understanding young children’s high-pitched voices,
diverse speech patterns and variety of dialect features by current speech recognition technology
(Tolksdorf et al., 2021).

4.3 Stage-Specific Matching of Al Tools

The interaction provided needs to accommodate a child’s level of development in an optimal way for
future cognitive growth. Developers, teachers, and designers’ needs to find digital tools that will suit a
children developmental stage so that they don’t find technology overwhelming, confusing, emotionally
ambiguous or have a “learning curse” or a “knowing illusion” (Druza et al., 2019).
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Table 3: Developmental Milestones and Age-A

propriate Al Interventions

categorization.

diagnostic models).

Developmental | Cognitive & Language Age-Appropriate Al Required Physical
Stage Milestones Intervention Activity Linkage
. . . High-contrast tactile
0 to 6 months Object tracking, visual | None (Infant-only fMRI toys, parent-child visual

engagement.

6 to 12 months

Object permanence,
dropping objects to
explore.

Peek-a-boo apps (low-
screen, parent-
mediated).

Tactile search games,
hiding physical objects.

Identifying named

Matching digital picture

12to0 24 . . Audio-visual repetition - .
pictures, following 1- . cards with real plastic
months . . apps, vocabulary drills. .
step directions. objects.
Sorting shapes and .BFended physical- Sorting plastl.c phyglcal
2to 3years digital play platforms blocks, manipulatives
colors, pretend play.
(e.g., Osmo). play.
Creative storytelling, Generative dialogic Role-playing with
3to5years color naming, outcome storytellers, physical costumes,
prediction. conversational bots. puppet theater.
. . Embodied social Collaborative block
Writing name, counting . - .
5to 6 years . robots, early coding building, peer-sharing
to 10, pattern matching. .
blocks. circle.
Reading to learn, Adaptive ITS, math- Group problem-solving,
6 to 8 years abstract mathematical science dialogic physical math

operations. agents. manipulatives.

5. Socio-Emotional Dynamics and Adult Mediation

5.1 Animism and the Anthropomorphic Trap in LLM-Driven Interactions

A key cognitive tendency of children during Piaget’s preoperational period (2-7 years) is animism — the
natural child-based developmental trend to believe inanimate objects have life, thought and feeling.
Conversational Al companions and social robots, because of their abilities to produce extremely lifelike
and sensitive conversation, may further exacerbate this tendency towards anthropomorphism. Because
children have difficulty differentiating between a simulated interaction and a real interpersonal
interaction, they often project biological and mental characteristics onto the Al, developing strong,
imaginary friendships with the technology (Nass & Brave, 2005).

These anthropomorphic friendships carry several social and emotional risks. Sustained interaction with
responsive digital companionship can promote an illusion of genuine relatedness in children, leading
them to be less likely to participate in real, peer-to-peersocial interactions (Zawacki Richter et al., 2019).
Additionally, in real social interactions, children are encouraged to handle conflict, read the subtle
nuances of their peers, develop empathy through compromise-and all else pales in comparison to simply
satisfying the child's desires. A reliance on these agreeable and highly predictable digital agents may
hinder a child's development of social competence in the real world (van den Berghe et al., 2019).

5.2 The Non-Replacement Principle and Co-Regulation Dynamics

Evidence continues to demonstrate that any perceived benefits of adaptive technologies in early
childhood settings occur as a consequence of active intervention by adults. Children's ability to bridge
screen interactions with physical contexts and tangible engagement with tools occurs via explicit adult
guidance (Belpaeme et al., 2018).

As previously indicated, mediation by humans converts screen viewing to co-regulated, dialogic
activities. Despite Al’s capacity for rapid output, it is unable to offer genuine empathy, collaborative
context understanding, and responsive support from parents and educators. As a result, Early Learning
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systems must become relational networks that configure Al as augmentative, not substitute, for
pedagogical relationships (Darling, 2021).

6. Ethical Imperatives, Governance, and Replicable Guidelines

6.1 Algorithmic Bias, Socio-Economic Stratification, and Data Privacy

Introduction of automated learning environments for young children raises serious issues of privacy,
Algorithmic Bias and the Rights of Children. An automated learning tracking infrastructure implies data
privacy, ongoing analysis, storage and usage of highly sensitive behavior, acoustic and emotional data in
log files. Children of up to 8 years old can neither provide sufficiently informed consent to engage with a
tool; to appraise the capabilities and Limitations of its services nor can they understand the long-term
impact of building digital identities (Belpaeme et al., 2018).

They are also extremely susceptible to profile building based on the data collected for the purposes of
commercialisation of their learning profiles. Beyond privacy issues machine learning algorithmically
encodes many historical and societal biases on human behaviour and socio economic or cultural
backgrounds, so that if these datasets focus on wealthy and majority cultural communities it may
generate a systematic misinterpretation of their language, learning habits and emotional expressions for
groups of low-income status or with minority languages or cultural background (Tolksdorf et al., 2021).

Figure 2: Multi-Stakeholder Socio-Technical Ecosystem and Governance Framework for Al-
Driven Early Childhood Education.
DoMAlN LEARNERS

B ‘«
Students
(Tertiary &
Higher Education) Parents and

- Educatlonal
Insmullons

Guardlans

Government

£
= Agencies

e I

Instructional =
DeS|gners ‘D

] Accrednanun
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Educational

Administrators
- R Al Developers
. and Engmeers

ROVAIN: TEcHNoLoGY PROVIOERS

Conclusion

Critically evaluating the use of Al-driven personalized learning ecosystems for early childhood education
yields a deeply challenging dichotomy between immense neurocognitive opportunities and potentially
devastating developmental risks. The neurobiological evidence clearly points to the early child's brain
being in an age-relevant sensitive period where interaction with any of the environments they encounter,
including digital stimuli, becomes embodied into their neural architecture via a so-called "criticome"-
biological reality that gives to any programmer, educator, or policy maker a profound ethical
responsibility not to derail development into later years. The empirical literature strongly suggests that Al
systems — especially robots with a human form and automated intelligent tutors -- can make valuable and
significant cognitive contributions when configured in a co-teaching mode alongside adult caregivers
within the enriching contexts of shared experience and interaction. On the other hand, the literature is
equally clear that automated agents cannot be employed as substitutions for educators and their use in
such a manner results in poor or worse than no beneficial outcomes. The mathematical modeling of ZPD
calibration appears promising though the variability of its implementation and lack of long-term
scientific validation make conclusive claims impossible. Persistent issues surrounding privacy, security
of personal data, the risks of encoding racial bias into algorithms, and the anthropomorphic effects of
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young children forming relationships with interactive agent will and continue to arise - fueled

particularly by pressures to rush into deployment before protections or transparent guidelines are in

place. Future research should focus on long-term, longitudinal research that assesses the social, cognitive
and emotional impacts of long-term exposure. We must create device-independent "developmentally
appropriate use guidelines" including mandates that Al systems "
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  r =     ∑  i (   R  infant , i −     R ˉ  infant ) (   R  AI , i −     R ˉ  AI )     ∑  i (   R  infant , i −     R ˉ  infant  ) 2   ∑  i (   R  AI , i −     R ˉ  AI  ) 2


  Z P D ( t ) = {  Λ  t ∈ [ 0 , 1 ] ∣   C  t <  Λ  t ≤   C  t + 𝛿 (   C  t ) }


  𝛿 (   C  t )


   Λ  t + 1


    P  t ∈ [ 0 , 1 ]


   Λ  t + 1 =  Λ  t + 𝛼 (   P  t − 𝜇 ) ⋅ ( 1 −   C  t )


  𝛼 ∈ ( 0 , 1 )


  𝜇 ∈ ( 0 , 1 )

