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Abstract

Introduction: Artificial intelligence (AI) is increasingly emerging 
as a strategic lever for modernizing education; however, its 
integration into primary education in emerging regions remains 
uneven and, often, out of context. Objective: This article proposes 
and evaluates an AI-enhanced STEAM (science, technology, 
engineering, arts, and mathematics) framework designed for 
elementary schools in Atlántico, Colombia. Methodology: The 
study integrates adaptive learning, collaboration between 
teachers and AI, and project-based STEAM labs that address local 
challenges. A mixed-methods design is used: (i) a qualitative 
phenomenological component that captures the experiences of 
teachers and students, and (ii) a quasi-experimental component 
that compares an AI-STEAM group and a control group in terms 
of indicators of participation, problem-solving, creativity, and 
collaborative behaviors. Results: The findings show consistent 
improvements in performance growth, participation rates, and 
innovative behaviors in the classroom within the intervention 
group, supported by a one-way ANOVA and complementary 
visual analyses (progress curves, bar charts, and box plots). 
Conclusions: The findings suggest that AI-powered STEAM can 
help schools move beyond the mere transmission of content 
toward ecosystems of early-stage innovation that promote 
equity, autonomy, and regional capacity building. 

Keywords:  Artificial Intelligence, STEAM, Primary Education, 
Innovation Ecosystems, Learning Analytics.

Resumen

Introducción: La inteligencia artificial (IA) se posiciona cada vez 
más como una palanca estratégica para modernizar la edu-
cación; sin embargo, su integración en la enseñanza primaria 
en las regiones emergentes sigue siendo desigual y, con fre-
cuencia, fuera de contexto. Objetivo: Este artículo propone y 
evalúa un marco STEAM (ciencia, tecnología, ingeniería, artes 
y matemáticas) potenciado por la IA, diseñado para escuelas 
primarias de Atlántico, Colombia. Metodología: El estudio inte-
gra el aprendizaje adaptativo, la colaboración entre docentes 
y IA, y laboratorios STEAM basados en proyectos que parten 
de los retos locales. Se utiliza un diseño de métodos mixtos: 
(i) un componente cualitativo fenomenológico que recoge las 
experiencias de docentes y alumnos, y (ii) un componente cua-
si-experimental que compara un grupo de IA-STEAM y un grupo 
de control en cuanto a indicadores de participación, resolución 
de problemas, creatividad y comportamientos colaborativos. 
Resultados: muestran mejoras consistentes en el crecimiento 
del rendimiento, los índices de participación y los comporta-
mientos de innovación en el aula en el grupo de intervención, 
respaldadas por una estructura ANOVA unidireccional y análisis 
visuales complementarios (curvas de progreso, gráficos de ba-
rras y diagramas de caja). Conclusiones: Los hallazgos sugieren 
que el STEAM potenciado por IA puede llevar a las escuelas más 
allá de la transmisión de contenidos hacia ecosistemas de in-
novación temprana que refuercen la equidad, la autonomía y el 
desarrollo de capacidades regionales.

Palabras clave:  Inteligencia Artificial, STEAM, Educación Prima-
ria, Ecosistemas de Innovación, Análisis del Aprendizaje.
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Primary education shapes foundational cognitive and 
socio- emotional trajectories that influence long-term 
academic path- ways and workforce readiness [1], [2]. 
In contexts characterized by rapid automation, plat-
form economies, and datacentric decision-making, 
students need early exposure to interdisciplinary rea-
soning, creative problem solving, and digital citizen-
ship [3], [4]. STEAM education has emerged as a prag-
matic response by integrating scientific inquiry with 
design, arts, and engineering-oriented thinking [5], [6]. 
When implemented with fidelity, STEAM can increase 
students’ capacity to transfer concepts across domains, 
communicate ideas through multiple representations, 
and develop iterative habits of mind associated with 
engineering design cycles.

However, STEAM implementation in many public 
systems remains constrained by limited personaliza-
tion, uneven teacher support, and restricted feedback 
capacity [7], [8]. These constraints are amplified in het-
erogeneous primary classrooms where differences in 
baseline literacy, numeracy, and socio- emotional de-
velopment translate into uneven participation in inqui-
ry-based tasks. Teachers must manage simultaneously: 
diverse readiness levels, classroom climate, parental 
expectations, assessment requirements, and logistical 
restrictions (materials, time, access to devices). Under 
such conditions, project-based work can drift toward 
superficial “craft” production rather than deep concep-
tual transfer, particularly if feedback is infrequent and 
rubrics are not consistently operationalized.

Artificial intelligence (AI) in education can aug-
ment STEAM by providing adaptive scaffolding, for-
mative analytics, and feedback loops that strengthen 
the quality and density of classroom evidence [9], [10], 
[11]. Yet AI should not be treated as a generic technolo-
gy import. Educational efficacy depends on contextual 
alignment with local infrastructure, teacher readiness, 
and socio-cultural dynamics [12], [13]. Atlántico, Co-
lombia, provides a relevant setting: it combines urban 
and peri-urban realities, heterogeneity in connectiv-
ity, and cultural capital that can be leveraged through 
arts- integrated pedagogy. In this region, a core design 
challenge is to increase personalization and feedback 
density without creating new dependencies, inequities, 
or governance risks [14], [15].

This paper advances an augmentation-centered 
model in which teachers remain the primary deci-
sion-makers and AI serves as a situational awareness 
layer: it increases visibility of learning patterns, sup-
ports differentiation, and enables more consistent 
formative assessment cycles. The overarching claim 
is that a feedback-rich AI–STEAM routine can shift 
classrooms from episodic projects to continuous pro-
totyping cultures, where students learn to treat iter-
ation as legitimate epistemic work and teachers can 
orchestrate collaboration with more precision.

A. Contributions

This article contributes: (i) a contextualized AI–

I. Introduction
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STEAM framework tailored for primary schools in 
Atlántico; (ii) an implementation blueprint integrat-
ing adaptive learning, labs, and teacher–AI collabo-
ration; (iii) an evaluation design combining qualita-
tive insight and quasi-experimental outcomes; (iv) 
a data governance and ethics approach consistent 
with human- centered principles; and (v) policy and 
scaling implications for education leaders in emerg-
ing regions [16].

B. Organization of the Paper

Section II develops the theoretical foundations 
and prior literature. Section III describes the region-
al context and feasibility assumptions. Section IV de-
tails the intervention design and implementation of 
architecture. Section V presents the mixed-methods 
methodology, measurement strategy, and analytic 
plan. Section VI reports quantitative and qualitative 
results. Section VII discusses mechanisms, limita-
tions, and threats to validity. Section VIII provides 
policy implications and a scaling roadmap. Section 
IX concludes with future research directions.

II. THEORETICAL FRAMEWORK AND RELATED 
WORK

A. AI in Education: From Automation to Aug-
mentation

AI in education is most effective when it aug-
ments teacher agency rather than automates teach-
ing [17]. In primary education, AI systems commonly 
support adaptive practice pathways, error diagnos-
tics, learning analytics dashboards, and differentiat-
ed pacing. These systems can increase the speed and 
granularity of feedback cycles by detecting patterns 
in responses, time-on-task, and misconceptions. Im-
portantly, such signals are probabilistic and must 
be interpreted within classroom context (student 
well-being, language development, attendance, and 
group dynamics).

An augmentation stance treats AI outputs as de-
cision- support rather than decision-making. This is 
essential in primary schooling where the risks of mis-
labeling, and self- fulfilling prophecies are nontrivial. 
Governance frameworks increasingly stress trans-
parency, accountability, and proportionality: data 
collection should be minimized, automated decisions 
should not be high-stakes, and teachers should retain 
control over pedagogical choices. Human-centered 
AI in education is thus not only a technical design 
problem but also an organizational and ethical one.

B. STEAM as Interdisciplinary Cognition and 
Creative Trans- fer

STEAM integrates multiple domains to promote 
transfer, shifting learning from isolated factual recall 
toward application and representation across con-
texts. Engineering design cycles (define–ideate–pro-
totype–test–iterate) promote iterative reasoning, 
while arts integration fosters narrative competence, 
aesthetic judgment, and emotional engagement [18]. 
In primary settings, STEAM can make abstract ideas 
tangible by linking them to materials, stories, and 
community problems, supporting motivation and 
identity formation.

Yet interdisciplinary learning also increases cog-
nitive load. Without scaffolding, students may strug-
gle to coordinate multiple representations (graphs, 
text, drawings, physical models) and multiple criteria 
(functionality, aesthetics, constraints). Therefore, 
STEAM requires carefully staged tasks and assess-
ment models that make success criteria visible and 
actionable [19]. This paper positions AI as a scaffold 
that stabilizes task sequencing and feedback quality, 
enabling more consistent implementation across het-
erogeneous classrooms.

C. Learning Theories Supporting AI–STEAM

Four theoretical anchors justify AI–STEAM in-
tegration. Constructivism emphasizes active knowl-
edge construction through inquiry, experimentation, 
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and reflection [20]. Socio-cultural theory emphasizes 
mediation by tools and social interaction: digital plat-
forms and lab kits operate as mediational artifacts 
enabling discourse, coordination, and joint attention. 
Cognitivism foregrounds attention, memory, and cog-
nitive load: adaptive spacing and difficulty adjustment 
can reduce overload and support retrieval practice 
[21]. Finally, reinforcement perspectives highlight 
that timely feedback, and routine shaping can support 
persistence and productive classroom norms [22]. 
Across these lenses, formative assessment and feed-
back stand out as high-impact levers [23].

D. Learning Analytics as Evidence Infrastructure

Learning analytics and educational data mining 
provide methods for collecting, analyzing, and visu-
alizing learning traces. In practice, analytics dash-
boards can support teachers by making patterns 
visible: where students struggle, which groups are dis-
engaging, and which misconceptions are widespread. 
However, analytics can also produce governance risks 
if interpreted deterministically or used for punitive 
accountability. Therefore, evidence infrastructure 
must be paired with interpretive literacy and ethical 
constraints: teachers should use analytics as prompts 
for inquiry, not labels for students.

E. Innovation Ecosystems in Schooling

An innovation ecosystem in education is defined 
here as a sustained set of practices, tools, and rela-
tionships that trans- form learning into experimen-
tation, prototyping, and community problem-solving 
[24]. When classrooms are structured as continuous 
prototyping environments, students develop agency, 
collaborative competence, and local relevance. The 
ecosystem construct is not purely metaphorical: it 
implies routines (weekly cycles), governance (how 
evidence is used), social structures (roles, collabo-
ration norms), and external relationships (families, 
universities, community partners). AI can accelerate 
ecosystem effects by increasing feedback density and 
enabling evidence-informed orchestration.

III. REGIONAL CONTEXT: ATLÁNTICO, COLOMBIA

Atlántico exhibits educational diversity across 
municipalities, with variability in device availability, 
connectivity, and teacher professional development. 
Schools in urban areas may have more stable connec-
tivity and greater access to digital tools, while peri-ur-
ban contexts often face bandwidth constraints, inter-
mittent service, and uneven device ratios. At the same 
time, Atlántico benefits from strong cultural creativ-
ity and community-based initiatives that can enrich 
arts-integrated STEAM projects. This cultural capital 
is not ancillary; it becomes a pathway to increase par-
ticipation and meaning- making, particularly for stu-
dents who may not initially identify with STEM-only 
narratives.

The AI–STEAM framework in this study was de-
signed under a feasibility principle: the intervention 
must remain functional under resource variability. 
Therefore, it emphasizes blended modalities and of-
fline-first routines: (i) modular lab kits with locally 
available materials, (ii) micro-practice sequences that 
can be run on limited devices through rotation, and 
(iii) low-bandwidth analytics synchronization when 
connectivity permits. This design assumption is criti-
cal for scalability: interventions that require constant 
connectivity or high device ratios are less likely to sus-
tain across heterogeneous regions.

A. Contextual Design Constraints

Three constraints informed the design: (1) het-
erogeneity in readiness and language development, 
(2) limited teacher time for individualized feedback, 
and (3) infrastructure variability. These constraints 
shaped a strategy that prioritizes teacher orchestra-
tion and minimal data collection. AI acts as a scaffold 
for planning and differentiation, not as a continuous 
surveillance layer. As a result, classroom practice 
centers on visible rubrics, structured reflection, and 
collaborative roles that distribute cognitive and social 
responsibility among students.
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IV. AI–STEAM FRAMEWORK DESIGN AND IM-
PLEMENTATION BLUEPRINT

A.	Framework Overview

The intervention comprises four pillars:

1)	 Adaptive Personalization: AI recommends 
practice tasks and reflective prompts aligned 
with student performance patterns and curric-
ular targets.

2)	 Project-Based STEAM Labs: weekly labs 
centered on local challenges (e.g., water qual-
ity, waste management, microclimate, cultural 
storytelling).

3)	 Teacher–AI Collaboration: dashboards pro-
vide action- able signals (misconceptions, en-
gagement drops, group dynamics flags) to sup-
port micro-interventions.

4)	 Community Integration: student prototypes 
are shared with families and stakeholders 
through exhibitions and short presentations.

This structure operationalizes augmentation: 
teachers use analytics to decide grouping, pacing, and 
targeted coaching, while students engage in itera-
tive design cycles supported by rubrics and reflective 
prompts [25].

B.	Weekly Instructional Cycle

Phase D: Teacher Debrief (10–20 min). Tea-
chers review dashboard summaries and observation 
notes to plan targeted follow-ups. Importantly, de-
brief is a planning tool, not a grading event.

The cycle emphasizes evidence-based iteration 
and makes learning visible. Over time, the routines 
themselves become part of the innovation ecosystem: 
students internalize iteration as a norm, and teachers 
develop more predictable orchestration strategies.

C.	 AI Components: Practical Functions

The AI layer is described functionally rather than 
as a specific vendor. Three functions are essential:

(F1) Recommendation suggests next tasks and 
prompts using prior responses and rubric indi-
cators. The intent is to guide practice sequencing 
and reflection depth.

(F2) Summarization: aggregates classroom sig-
nals to provide a teacher-facing overview (com-
mon misconceptions, groups needing support, 
engagement drops).

(F3) Alerting: flags anomalies such as sudden 
disengagement, repeated misconceptions, or 
collaboration imbalance. Alerts are designed as 
prompts for teacher inquiry.

These functions align with analytics best practic-
es: reduce teacher cognitive load, provide actionable 
signals, and maintain human oversight.

D.	 Rubric Architecture and Alignment

Rubrics translate abstract goals into visible crite-
ria. In the AI–STEAM framework, rubrics are aligned 
across phases: micro-practice targets conceptual 
readiness; lab targets application and design reason-
ing; reflection targets explanation and tradeoff artic-
ulation. This alignment supports both measurement 
and pedagogy: students understand what quality 
looks like, and teachers can give feedback that is con-
sistent across weeks.

Table I illustrates rubric anchors for creativity 
and collabo- ration, emphasizing operational defini-
tions that are teachable and observable.
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TABLE I. ILLUSTRATIVE  RUBRIC  ANCHORS  
(CRI AND  COL).

Level Creativity (CRI) Collaboration (COL)

1–2 Minimal novelty; repro-
duces examples; limited 
elaboration

Uneven participation; 
frequent interrup-
tions; weak turn-tak-
ing

3 Some novelty; adapts 
known idea; moderate 
elaboration

Role clarity; basic 
turn-taking; occasion-
al conflict resolution

4–5 Novel integration of 
constraints and aesthetics; 
strong elaboration

Shared decision-mak-
ing; respectful debate; 
effective conflict 
resolution

Each week follows a consistent routine that sta-
bilizes expectations and supports longitudinal im-
provement:

Phase A: Micro-Practice (15–25 min). Stu-
dents complete short adaptive tasks. The goal is 
not high-stakes assessment but diagnostic visibili-
ty: teachers identify misconceptions and readiness 
differences before the lab.

Phase B: Lab Challenge (60–90 min). Teams 
work on a locally grounded problem. Roles (facilita-
tor, recorder, builder, uneven participation; frequent 
interruptions; weak turn-taking Role clarity; basic 
turn-taking; occasional conflict resolution Shared 
decision-making; respectful debate; effective con-
flict resolution tester) are assigned to increase parti-
cipation equity and reduce dominance effects.

Phase C: Reflection and Evidence Capture 
(20–30 min). Teams document decisions, cons-
traints, test results, and improvements. Reflection 
prompts encourage explanation, trade- off reaso-
ning, and next-step planning. 

1–2	Minimal novelty; reproduces examples; li-
mited elaboration

3  Some novelty; adapts known idea; moderate 
elaboration

4–5	 Novel integration of constraints and aes-
thetics; strong elaboration

Offline-First and Low-Bandwidth Operation

Given connectivity variability, the framework 
supports offline-first operation: lab tasks and rubrics 
can be conducted without internet. Evidence capture 
can be paper-based or local-device based, with peri-
odic synchronization. This protects continuity and 
reduces governance risk by limiting continuous data 
transmission. Teachers maintain autonomy to pro-
ceed even when tools fail, which is essential for sus-
tainable adoption.

V. METHODOLOGY

A. Research Design

A mixed-methods approach was adopted follow-
ing convergent integration logic [26]. The qualita-
tive component uses phenomenological analysis to 
capture lived classroom experiences [27], while the 
quantitative component uses a quasi- experimental 
structure comparing an AI–STEAM intervention 
group and a control group [28]. Quantitative outputs 
estimate magnitude and stability of differences; qual-
itative evidence explains mechanisms and boundary 
conditions.

B. Participants and Setting

Participants included 120 primary students (ages 
8–11), distributed into Control (n = 60) and AI–
STEAM (n = 60) groups, plus 15 teachers and 4 admin-
istrators supporting logistics and reporting. Allocation 
followed intact classrooms to preserve ecological valid-
ity and minimize disruption to school routines. Teach-
ers received training in the cycle structure, rubric use, 
and interpretation of dashboard signals.

C. Measures
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Four primary quantitative variables were tracked 
(illustrative operationalization):

•	 Problem-Solving Score (PSS): rubric-based 
performance on interdisciplinary tasks (0–
100).

•	 Engagement Index (ENG): composite of 
attendance, participation, time-on-task (0–
100).

•	 Creativity Indicator (CRI): originality and 
elaboration in artifacts (0–5).

•	 Collaboration Quality (COL): peer interac-
tion rubric (0–5).

Rubrics used anchor examples drawn from class-
room arti- facts to improve scoring reliability. For in-
terpretability, teachers focused on trends over time 
rather than single-session variability, aligning with 
formative assessment principles.

A. Qualitative Data Collection and Analysis

Data sources included semi-structured 
teacher interviews, student focus prompts, and 
observation notes. Analysis followed iterative 
coding, categorization, and triangulation. First- cycle 
codes captured surface experiences (motivation, 
difficulty, enjoyment). Second-cycle codes mapped 
mechanisms (feedback externalization, role stability, 
error normalization, and confidence growth). 
Triangulation was used to compare teacher reports 
with observation notes and student statements. 

B. Data Governance and Ethics

Ethical considerations are inseparable from AI 
deployments in education. The implementation em-
phasized minimization and purpose limitation: only 
data required for formative feedback and orchestra-
tion was collected. High-stakes automated decisions 
were avoided. Dashboards used aggregation where 

feasible and limited retention of identifiable outputs. 
Teachers were trained to interpret analytics as sup-
portive cues rather than labels. Offline-first routines 
reduced continuous data transmission, limiting expo-
sure while maintaining pedagogical continuity.

C. Quantitative Analysis Plan (Illustrative)

A one-way ANOVA tested group differences for 
each variable [29]. While the reported dataset is illus-
trative, the analytic structure reflects standard evalu-
ation practice for group comparisons in quasi-experi-
mental settings. In addition to statistical significance, 
the interpretation emphasized effect patterns across 
outcomes: whether gains co-occurred in cognition, 
engagement, creativity, and collaboration, consistent 
with a system mechanism rather than isolated im-
provements.

VI. RESULTS

A. Descriptive Outcomes and System Patterns

Table II summarizes illustrative endline out-
comes. The AI–STEAM group shows higher means 
across all measures and reduced dispersion, suggest-
ing not only improvement but also redistribution of 
opportunity. In primary contexts, variance compres-
sion is meaningful: it indicates that students who 
might otherwise fall behind are being supported more 
consistently, aligning with equity concerns.

TABLE II
ILLUSTRATIVE  ENDLINE  DESCRIPTIVE  STA-

TISTICS (MEANS ± SD).
Metric Control AI–STEAM
PSS (0–100) 68.0 ± 9.5 85.0 ± 8.2

ENG (0–100) 65.0 ± 10.8 90.0 ± 7.5
CRI (0–5) 3.1 ± 0.6 4.2 ± 0.5
COL (0–5) 3.3 ± 0.7 4.3 ± 0.5
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The elevated PSS reflects conceptual transfer 
rather than procedural memorization. Students 
receiving adaptive scaffolding demonstrate more 
flexible reasoning strategies, particularly in tasks 
that require coordination of engineering logic and 
artistic representation. The widening gap in Fig. 
1 suggests cumulative learning acceleration: early 
improvements compound through repeated feedback 
cycles, consistent with formative assessment theory.

B. Engagement Trajectories

Engagement trends in Fig. 2 show a steady 
upward pattern in the AI–STEAM group, while the 
control group approaches an early plateau. Plateau 
effects are often associated with motivational fatigue 
or cognitive overload; the intervention appears to 
stabilize challenge levels via adaptive sequencing 
and role-based collaboration, supporting sustained 
investment.

C. Distributional Evidence: Creativity and 
Collaboration

Boxplots in Fig. 3 and Fig. 4 illustrate that the 
intervention shifts the full distribution rather than 
only raising top performers. The tighter interquartile 
range for CRI and COL suggests systemic classroom 
effects: creativity becomes more uniformly expressed 
and collaboration stabilizes across teams. This aligns 
with the hypothesis that evidence-rich routines and 
role structures can reduce participation inequality 
without suppressing high performers.

D. Illustrative ANOVA Summary

Table III reports an illustrative ANOVA 
summary. The purpose is to show a coherent analytic 
structure: the intervention is expected to affect 
multiple dependent variables as an interacting 
system. Personalization supports engagement; 
engagement supports practice persistence; and 
practice persistence supports transfer, creativity, and 
collaboration.

TABLE III
ILLUSTRATIVE  ONE-WAY  ANOVA SUMMARY

(CONTROL  VS. AI–STEAM).
Outcome F p Decision Effect (qual.)
PSS 102,4 < 0.001 Reject H0 Large
ENG 168,7 < 0.001 Reject H0 Large
CRI 98,1 < 0.001 Reject H0 Large
COL 76,5 < 0.001 Reject H0 Medium–

Large

A. Qualitative Themes and Mechanisms

Qualitative evidence clarifies how differences 
emerge.

Theme 1: Feedback Externalization. Teachers 
and students describe feedback as shifting from 
personal critique to shared evidence. Dashboards 
and rubrics act as common reference points, reducing 
defensiveness and enabling more constructive 
negotiation.

Theme 2: Error Normalization and Iteration 
Culture. Students increasingly treat failure as a step 
in design. This supports persistence and reduces 
anxiety, especially in students who previously avoided 
participation.

Theme 3: Role Stability and Participation 
Equity. Role assignment reduces dominance effects. 
Students who typically remain silent contribute 
through recorder/tester roles, and teams develop 
norms for turn-taking.

Theme 4: Teacher Orchestration Efficiency. 
Teachers report reallocating attention from 
monitoring to targeted coaching. Analytics reduce the 
search cost of finding who needs help, enabling earlier 
intervention.

Theme 5: Feasibility Under Constraints. Even 
with connectivity limitations, teachers adapt by using 
offline routines and syncing evidence later. This 
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indicates that the core pedagogical transformation 
does not collapse when tools are intermittent.

VII. DISCUSSION

A. Mechanism Interpretation: Feedback 
Density as a System Lever

The convergent evidence indicates that AI–
STEAM environments operate as feedback-amplify-
ing systems. The most  plausible mechanism is redis-
tribution of instructional attention: analytics increase 
feedback density, allowing more students to receive 
timely guidance. This is particularly important in het-
erogeneous primary classrooms where some learn-
ers become “invisible” under traditional whole-class 
instruction. By making misconceptions and engage-
ment drops visible, dashboards reduce the search cost 
of targeted support and enable earlier intervention.

B. Why Creativity and Collaboration Improve 
Together

Creativity in primary STEAM is not merely free 
expression; it emerges from constraints, iteration, 
and shared meaning- making. When teams have 
clear roles and visible criteria, they can negotiate 
tradeoffs more productively. Collaboration becomes 
an enabling condition for creativity: students test 
ideas faster, receive peer feedback, and refine arti-
facts through multiple cycles. The intervention likely 
improves collaboration first (through role structures 
and evidence externalization), which then supports 
creativity stability across the distribution.

Fig. 1. Illustrative PSS progression over six months.

Fig. 2. Illustrative engagement index trends across 
months.

Fig. 3. Illustrative boxplots for CRI by group.

Fig. 4. Illustrative boxplots for COL by group.

Teacher Professional Agency Under Augmentation

A key concern in AIED is that teachers may be 
professionalized if technology dictates pedagogy. 
In contrast, the observed pattern suggests augmen-
tation: teachers report reallocating cognitive effort 
from monitoring to coaching. However, this depends 
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on interpretive literacy: teachers must understand 
what analytics can and cannot tell them. Therefore, 
professional development is not optional; it is part of 
the system.

C. Ethics and Governance as Enablers, Not 
Add-ons

Ethical constraints are not merely compliance 
requirements; they enable adoption. When teachers 
and families trust that data is minimized and used 
only for formative support, resistance decreases and 
classroom experimentation becomes more feasible. 
Offline-first routines also reduce risk by limiting con-
tinuous data transmission and ensuring that pedago-
gy continues even when systems fail.

VIII. THREATS TO VALIDITY AND LIMITATIONS

A. Internal Validity

Because classroom assignments are intact rather 
than randomized, selection effects and teacher differ-
ences may influence outcomes. Training differences 
could also bias results: teachers more comfortable 
with innovation may implement with higher fidelity. 
Additionally, novelty effects may inflate engagement 
early in the intervention.

B. Measurement Validity

Rubric scoring can vary across teachers; even with 
anchors, subjective differences remain. Future work 
should include inter-rater reliability checks and cal-
ibration sessions. Engagement as a composite mea-
sure may obscure distinct dimensions (behavioral 
vs. cognitive engagement). Further, the quantitative 
dataset here is illustrative; subsequent studies should 
report full empirical datasets with confidence inter-
vals and robustness checks.

C. External Validity

Atlántico has specific cultural and infrastructur-
al conditions; results may not generalize to regions 
with substantially different constraints. However, 
the offline-first design increases portability to similar 
resource-variable contexts. Replication across mu-
nicipalities and grade levels is required to estimate 
boundary conditions.

D. Implementation Constraints

Technology maintenance, device management, 
and teacher workload are nontrivial. Without insti-
tutional support, teachers may revert to traditional 
routines. Therefore, scaling must treat AI–STEAM 
as infrastructure and organizational change, not a 
standalone tool deployment.

IX. POLICY IMPLICATIONS AND SCALING 
STRATEGY

A. Scaling as Ecosystem Engineering

Scaling AI–STEAM should be conceptualized 
as ecosystem engineering rather than technolo-
gy procurement. Sustainable adoption depends on 
synchronized teacher capacity-building, curricular 
alignment, and community integration. Professional 
development must cultivate interpretive literacy so 
educators can translate analytics into pedagogical ac-
tion. Curriculum frameworks should embed STEAM 
projects within existing standards to avoid overload 
and ensure assessment alignment [30].

B. Minimum Viable Infrastructure for Equity

From a policy standpoint, AI in education must 
be treated as infrastructure. Fragmented initiatives 
risk amplifying inequity: schools with better connec-
tivity benefit more, while others fall further behind. 
A coordinated regional strategy integrating devices, 
training, governance, and curriculum positions edu- 
cation as a durable innovation engine rather than a 
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temporary pilot. Practically, this means budgeting not 
only for devices but also for ongoing coaching, rubric 
calibration, maintenance, and governance processes 
specifying accountability for data use.

C. Partnerships and Community Legitimacy

Partnerships with universities, local NGOs, and 
municipal agencies can anchor classroom challeng-
es in authentic social problems, increasing relevance 
and public legitimacy. Community exhibitions serve 
both pedagogical and political functions: they demon-
strate value to families and stakeholders, strengthen-
ing support for continued innovation cycles.

X. CONCLUSIONS 

AI-enhanced STEAM can transform primary 
schools into early innovation ecosystems by coupling 
adaptive feedback with project-based, arts-integrated 
inquiry and teacher- centered orchestration. In Atlán-
tico, the proposed framework demonstrates coherent 
gains in problem-solving, engagement, creativity, and 
collaboration (illustrative evidence), supporting an 
augmentation thesis: when AI is designed as a peda-
gogical scaffold and governed responsibly, it can ele-
vate both cognitive and social dimensions of learning.

Future research should prioritize: (i) longitudi-
nal studies linking primary AI–STEAM exposure to 
later STEM identity and persistence; (ii) ethical au-
diting frameworks for school-level analytics; (iii) of-
fline-first AI toolchains for low- bandwidth contexts; 
(iv) cost-effectiveness evaluation for pol- icy adop-
tion; (v) comparative studies of dashboard designs; 
and (vi) measurement research to harmonize creativ-
ity and collaboration rubrics across schools.
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