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Abstract

AI literacy is a fundamental competency for preventing social exclusion, yet its integration
into rural education is hindered by a double divide: the reliance of current tools on unavail-
able connectivity and their mismatch with the heterogeneous realities of rural classrooms,
including multigrade settings. This study evaluates a purpose-built offline mobile applica-
tion through participatory workshops with 96 rural teachers in Los Lagos, Chile, using the
System Usability Scale (SUS) and inductive thematic analysis. The application achieved
acceptable usability (SUS = 76.1, SD = 16.3), with teachers perceiving it as responsive to
classroom heterogeneity (92.0%, n = 81 of 88) and as promoting AI concept understanding
(95.6%, n = 65 of 68). Qualitative analysis revealed a substantial digital gap: teachers
identified hardware scarcity and deficiencies, unstable infrastructure, and the absence of
specialized training as primary barriers. These findings suggest that while the application
addresses immediate connectivity and pedagogical constraints, sustainable AI literacy in
rural schools requires a holistic strategy combining purpose-built tools with infrastructure
investment and teacher training.

Keywords: AI literacy; rural education; digital equity

1. Introduction
Artificial intelligence (AI) is rapidly reshaping modern society, making AI literacy an

increasingly essential competency for preventing social exclusion in the coming decades [1].
Yet if its integration fails to account for structural inequalities, it risks widening existing
divides rather than closing them. This risk is sharpest in rural contexts, where implemen-
tation faces a double divide: the reliance of current tools on unavailable connectivity and
their mismatch with the heterogeneous realities of rural classrooms [2,3].

This double divide poses a fundamental pedagogical challenge for AI literacy in
rural schools, given the heterogeneous nature of rural education [4]. This heterogene-
ity manifests through varying infrastructure, geographic isolation, and distinct cultural
contexts; complexities that are further intensified in multigrade rural schools, where a
single teacher simultaneously instructs students of various ages and grade levels within
an already saturated curriculum. Given these constraints, introducing AI as an isolated
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subject is highly impractical. The challenge, therefore, is not merely one of access, but of
designing a framework where AI literacy complements rather than competes with the rural
educator’s existing workload [5].

Current approaches to AI education often fail to address these specific rural con-
straints [6]. On one hand, platforms like Google Teachable Machine or cloud-based block
coding rely on internet connectivity and powerful hardware, rendering them inaccessible
in offline rural environments. On the other hand, existing tools tend to treat AI as an
isolated discipline (e.g., a dedicated “coding hour”), requiring specific preparation time
that rural teachers do not have [7,8]. Furthermore, these tools rarely provide the scaf-
folding to explain abstract concepts, such as algorithmic bias or pattern recognition in
biology, leaving teachers to manually bridge the gap between the technical tool and the
standard curriculum.

Consequently, a significant gap exists in both the literature and practice regarding
how to teach this subject, traditionally delivered through online systems, in rural settings
and within multigrade teaching. Although the need has been widely documented [9–11],
to the best of our knowledge, there is no evidence of an alternative approach that addresses
how to teach AI while integrating it within the diverse realities of rural settings, leaving
this as an open challenge for the field.

To address this gap, we developed an offline mobile application to teach AI literacy
as an alternative to current cloud or internet-required solutions in rural schools. The
application supports diverse rural settings through its alignment with curricular content
and integrated subjects, offering adapted activities that allow children of different ages
to work on the same subject with difficulty levels and goals tailored to their age, directly
contributing to the United Nations 2030 Agenda [1] for Sustainable Development’s goal of
ensuring inclusive and equitable quality education for all.

This article presents the design of this application and evaluates it through a pilot study
with rural teachers. We focus on teachers as primary evaluators to assess whether the appli-
cation meets the contextual and pedagogical requirements of heterogeneous rural schools,
and to identify the challenges and opportunities they foresee for integrating AI literacy into
their practice. The evaluation is structured around the following research questions:

RQ1. Does a purpose-built, offline mobile application respond to the contextual relevance
and pedagogical utility demands of rural teachers for integrating AI literacy?

RQ2. From their experience with the offline application, what challenges and opportunities
do rural teachers identify for integrating AI literacy into their educational practice?

The remainder of this paper is organized as follows. Section 2 presents the theoretical
framework. Section 3 details the materials and methods used. Section 4 reports the findings
from the pilot study. Section 5 discusses these findings, Section 6 addresses the study’s
limitations, and finally, Section 7 provides the conclusions.

2. Theoretical Framework
2.1. Rural Education: Context and Challenges

Rural education constitutes a distinctive schooling model worldwide. It is estimated
that nearly half of all primary education institutions globally are located in rural areas, a
figure that exceeds 60% in regions of Asia, Africa, and Latin America [1,5]. Unlike urban
settings, the defining characteristic of these schools lies in their social function; they do
not merely fulfill a pedagogical role but also serve as the central axis of the community’s
institutional and economic life [12,13].

Consequently, the work of teachers in these centers transcends traditional instruction
and becomes a multidimensional management of local well-being. The rural teacher is an

https://doi.org/10.3390/su18105105

https://doi.org/10.3390/su18105105


Sustainability 2026, 18, 5105 3 of 27

essential figure who provides support for basic needs ranging from water management
and road connectivity to the financing of school materials; in many cases, teachers reside
permanently near the school to ensure student attendance and to mitigate the difficulties of
daily commuting [5].

Teaching in rural contexts is shaped by multidimensional challenges arising from
complex socio-administrative conditions and the unique characteristics of the territory. In
this setting, geographic, cultural, and socioeconomic factors create a context of unique
demands that define the technical and human complexity of pedagogical practice in the
region [14]. Territorial dispersion creates a structural fracture in access to basic services and
technology, deepening inequality. Data from the UNESCO GEM 2023 Report [15] indicate
that only 40% of primary schools worldwide have internet connectivity and 25% still lack
basic electricity; a deficit concentrated almost exclusively in remote rural areas. These
statistics reflect a complex challenge where high maintenance costs of equipment transform
the promise of technology into a factor of exclusion. According to the same report, with
barely 7% of households owning a computer in low-income countries, rural schools, often
deprived of the infrastructure needed to operate technology kits or software, struggle to
compensate for domestic deficiencies, thereby perpetuating a cycle of digital poverty in the
face of growing urban sophistication.

At the administrative level, rural schools frequently operate under conditions of
insufficient state funding [16,17]. This financial precariousness, compounded by declining
enrollment in isolated regions due to population loss, places their institutional continuity
at risk. Nevertheless, this phenomenon extends beyond the purely administrative; it
ultimately represents the breakdown of the local social fabric [5].

Against this backdrop, the technical and administrative dimensions directly shape
pedagogical practice, as seen in the frequent use of the multigrade model. In such models,
the teacher must simultaneously address a profound diversity of ages, abilities, and inter-
ests, which constitutes a constant educational challenge. Accordingly, this heterogeneous
reality demands instructional approaches and tools specifically designed to operate within
the diversity of the territory, rather than presupposing the standardized conditions that
characterize urban settings [18].

2.2. AI Literacy in Rural Education

While AI represents a transformative opportunity to improve the accessibility and
quality of education, it also poses an imminent threat of exacerbating digital equity gaps
if not implemented appropriately [2,7]. Currently, its integration into education is hin-
dered by the disparity between rapid technological advancement and insufficient teacher
preparation [1], a situation compounded by unequal access to these tools [5]. This challenge
is particularly acute in rural areas, where the persistent gap in infrastructure and training
reinforces existing socioeconomic disparities [17,19].

Against this backdrop, rural schools face a dual challenge stemming from their het-
erogeneous nature. These institutions exhibit profound diversity in cultural, geographic,
socioeconomic, and administrative terms, ranging from relatively large centers to small
multigrade facilities [5]. Given this complexity, pedagogical innovation emerges as a fun-
damental driver for ensuring social justice in these regions [18]. However, this progress is
stalled by historical gaps in digital literacy [10,18], which generate insecurity and workload
pressure among teachers, relegating the use of technology to purely instrumental or basic
tasks [8,17].

AI literacy inherits these historical barriers while introducing new complexities [1,5].
It requires the development of competencies that encompass not only the understanding of
AI systems but also the evaluation of their ethical implications and their orientation toward
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the public good [20,21]. To address these requirements, recent efforts in teacher preparation
have been structured around frameworks based on the Technological Pedagogical Content
Knowledge (TPACK) model, integrating dimensions such as AI content knowledge, AI
technological knowledge, pedagogical innovation, and ethics [22,23]. Within this context, it
has been emphasized that training cannot be limited to the instrumental use of software; it
must ensure a deep understanding of algorithms and their practical applications to build
equitable and responsible learning environments [24].

At the global level, the UNESCO competency framework [1] offers a progressive
structure designed to safeguard human agency. These guidelines hold particular strategic
value in rural contexts, since they demand a comprehensive understanding of the AI
ecosystem that can be addressed through algorithmic thinking, educational robotics, and
“unplugged” methodologies; indispensable resources where connectivity is unstable.

Within the field of teacher training, recent research has prioritized diagnosing the
needs of rural teachers and assessing their AI literacy levels to better understand the chal-
lenges imposed by this environment [11,25]. Despite existing structural barriers, evidence
suggests that rural teachers perceive AI as a promising tool. For instance, in Chilean primary
schools, educators value AI as a means to personalize learning, optimize pedagogical man-
agement, and reduce administrative workloads, rather than viewing it as a threat to their
profession [5]. This positive disposition aligns with findings in rural settings in Catalonia,
where over half of the teaching staff report moderate to high self-perceived knowledge [26].
Nevertheless, there is a significant contrast between this declared enthusiasm and practical
application, indicating a potentially superficial adoption.

At the systemic level, technological and institutional factors restrict the use of AI
and complicate the standardized diagnosis of digital competencies in isolated areas [27].
Pedagogically, teachers express deep concerns regarding data privacy, algorithmic biases,
academic integrity, and the risk of diminishing students’ critical thinking [7,26]. Conse-
quently, technical skills often lack solid didactic backing, relegating AI use to simple text
generation and neglecting advanced functions such as simulations [26].

The literature is unequivocal: if basic technological infrastructure is not addressed, AI
will simply widen the inequality between urban and rural schools [2,11]. Genuine teacher
preparation does not arise from forced technical adoption, but from integration based on
understanding and respect for the local adaptation pace [10]. To close these gaps, it is
imperative to move beyond theory and design specific interventions grounded in rural
classroom didactics. This requires the creation of local infrastructures, the development
of “offline” or low-bandwidth technological resources, and the articulation of flexible
AI curricula that respond to the reality of small, isolated schools [5,28]. Only through
the design of interdisciplinary digital resources tailored to diverse rural settings and the
promotion of teacher collaboration networks can truly sustainable and equitable AI literacy
be consolidated [17,21].

2.3. Artificial Intelligence in Limited Resource Contexts

The recent advancements in AI are undeniable, particularly in Machine Learning (ML),
a subfield focused on systems that learn from data. Catalyzed by the utilization of Graphics
Processing Units (GPUs) for both training and inference, AI capabilities have expanded
exponentially; specifically, training refers to the initial process of teaching machines through
data-driven examples, whereas inference is the subsequent application of these previously
trained models to solve specific tasks. From the breakthrough performance on the ImageNet
dataset in 2012 [29], which demonstrated the power of deep learning, to the current era
of Large Language Models (LLMs) [4], this rapid progress highlights the transformative
potential of these technologies (e.g., [30,31]).
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However, these advancements rely heavily on massive datasets and costly hardware.
State-of-the-art models, particularly LLMs, require terabytes of training data and special-
ized data centers costing millions of dollars to build and maintain [32]. The prevailing
paradigm in AI development has thus focused on scaling up; consequently, leveraging more
data and larger architectures inherently demands prohibitive computational resources.

Consequently, cutting-edge AI solutions often remain inaccessible to the general
public on a local scale. Access typically depends on cloud-based internet services that
provide computational power via subscription models (e.g., [33,34]). Even establishing
local environments to train custom models requires substantial financial investment in
high-end GPUs. This burden places such tools out of reach for resource-constrained
users and communities, particularly in rural areas facing connectivity limitations and
prohibitive costs.

An alternative approach that mitigates the need for high computational power and
cloud dependency is edge computing. In this paradigm, computation is performed locally
on devices with limited hardware, independent of external services. Edge computing is
predominantly utilized for inference, employing strategies designed to balance performance
with hardware constraints to run optimized versions of state-of-the-art models. For instance,
knowledge distillation [35] trains a compact model to mimic a larger one, enabling complex
tasks on low-end devices. Similarly, model quantization reduces memory footprint and
accelerates inference by lowering the precision of the model’s weights (e.g., [36]). While
these techniques entail a performance trade-off and may not match the accuracy of the
original models, they are highly successful in specific tasks. This offline capability makes
edge computing highly suitable for rural AI literacy programs, as it fulfills the critical
requirement of rural educators to operate without reliable internet access [5].

Nevertheless, even within edge computing, the standard training processes required
for a comprehensive AI literacy curriculum remain too computationally demanding for
low-cost devices. Therefore, rather than relying exclusively on state-of-the-art deep learning
models, a balanced approach is necessary to enable students to train and test models locally.
Techniques such as one-shot [37] and few-shot [38] learning enable effective training with
very few examples, significantly reducing both the need for large datasets and the associated
computational demand. Furthermore, integrating classical machine learning algorithms,
including Support Vector Machines (SVM) [39] and Random Forests [40], offers a highly
affordable alternative to resource-intensive cloud services. These algorithms are efficient
on standard CPUs, do not necessitate GPU acceleration, and allow core AI concepts to be
taught effectively at a smaller scale. Ultimately, a hybrid approach combining classical
machine learning with optimized modern techniques is essential to provide a feasible,
sustainable, and accessible solution for AI literacy in rural education.

3. Materials and Methods
This study adopted a mixed-methods approach, i.e., a SUS scale usability assessment [41]

along with an inductive thematic analysis to examine the perceptions of rural teachers
regarding the proposed offline application. The following subsections describe the applica-
tion and its instructional design, the research context and participants, the instruments used
for data collection, and the analytic procedures applied to address each research question.

3.1. The Offline Application

To address the critical shortage of AI literacy tools specifically tailored for rural settings,
this study introduces a mobile application designed for autonomous local execution. By
implementing machine learning and search algorithms directly on the device, the system
provides a comprehensive pedagogical environment, including image classification, face
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recognition, and path planning, without requiring internet access. This architecture is
structured as a dual-layer framework: a curriculum of 24 activities organized into three
units across five Big Ideas in AI [42] and a locally executed processing engine for real-time
AI and algorithmic tasks.

This design prioritizes authentic experimentation over pre-programmed simulations.
By hosting the complete ML and problem-solving process locally, the application creates an
active-learning environment where students manage everything from data labeling and
feature extraction to training and inference. Students receive immediate, authentic results
based on their own parameters and training decisions, allowing them to witness the direct
consequences of their inputs. This experimental methodology transforms abstract AI and
algorithmic concepts into situated learning experiences adapted to the unique reality of the
rural classroom.

3.1.1. AI and ML Engine

To ensure the application remains responsive in offline, resource-constrained environ-
ments, we developed a locally executed processing engine. This engine supports training
and inference for diverse AI tasks, including image and tabular classification, face recogni-
tion, and path planning. Rather than employing resource-intensive deep learning models
that require significant computational power, we prioritized a hybrid architecture that
enables “few-shot learning” [38]. This approach allows the system to achieve functional
accuracy with minimal training data (typically fewer than 15 samples), which ensures that
students engage in authentic experimentation and receive immediate results without the
disengagement caused by long processing delays.

The engine’s architecture is structured around four primary functional areas, beginning
with image training and classification. For visual tasks, the system utilizes a lightweight,
pre-trained convolutional neural network, ShuffleNet [43], as a feature extractor. During
the training phase, students capture or select a small set of images and assign them to
categories (e.g., “garbage” versus “not garbage”). The model then converts each image into
a numerical representation known as a feature vector, which is stored in a local database.
Since training consists only of computing and storing these vectors, the process completes
in negligible time. During inference, the engine calculates the Euclidean distance between
a new, unseen image’s vector and the stored vectors, assigning the same category as the
nearest match. This 1-Nearest Neighbor (1-NN) approach [44] provides a fast, transparent
method for students to observe how visual patterns are mathematically compared and
classified. Although it does not generalize well from very small training sets, this limitation
can be pedagogically beneficial: students directly observe how data quantity and quality
affect model behavior. However, capitalizing on this requires that teachers have a basic
understanding of the technique, so they can guide classroom discussion rather than leaving
unexpected outputs unexplained.

Building upon this visual recognition logic, the face detection and recognition module
introduces the concept of similarity thresholds. While it employs a specialized feature
extraction model optimized for faces [45], the classification process builds upon the distance-
based logic used for images. However, it does not simply assign the closest identity by
default. Instead, it requires the mathematical similarity to exceed a specific threshold (e.g.,
over 90% similarity) to confirm a match. If the closest match falls below this threshold,
the system flags the face as “unknown.” This distinction allows educators to introduce
concepts of biometric precision, algorithmic confidence, and security within a situated
learning experience.

For data-driven decision-making, the engine processes non-visual information through
tabular data classification using simple binary encoding (0 or 1). In this modality, students
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can train the system based on specific conditions (e.g., weather variables such as “is it
cloudy?” or “is it windy?”) to predict an outcome, such as whether to use an umbrella.
This approach is computationally efficient and helps students understand the founda-
tional logic of conditional reasoning. It demonstrates how simple data patterns drive
predictions, abstracting away the mathematical complexity involved in high-dimensional
image processing.

Finally, to illustrate that artificial intelligence extends beyond machine learning, the
engine implements the A* algorithm [46] for path planning. This search-based AI module
allows students to define a goal and set environmental constraints, such as road blockages
or varying terrain costs. The system then dynamically calculates the optimal route in real
time. By contrasting this with the data-driven modules, students learn that AI encompasses
both learning from datasets and algorithmic reasoning to solve complex logistical problems.

By hosting these diverse capabilities entirely on the device, the application trans-
forms abstract AI concepts into a tangible active-learning environment. This allows ru-
ral students to directly observe the relationship between their inputs and the system’s
computational outputs.

To evaluate the computational efficiency of the local machine learning engine, perfor-
mance benchmarks were conducted across three tablet categories representative of different
hardware capabilities: low-end (Samsung Galaxy Tab A9, MediaTek Helio G99, 4 GB
RAM), mid-range (Samsung Galaxy Tab S10 FE, Exynos 1580, 8 GB RAM), and high-end
(Samsung Galaxy Tab S9 Ultra, Snapdragon 8 Gen 2, 12 GB RAM). Each measurement was
averaged over 100 runs following 3 warm-up iterations, using an input image resolution of
640 × 480 pixels for visual tasks. Table 1 shows the results of our benchmark. The engine
maintains sub-second responsiveness across all core tasks, ensuring that the application
remains viable even on older or lower-specification devices.

Table 1. Performance benchmarks of the machine learning modules across tablet tiers. All metrics are
measured in milliseconds (ms).

Task/Modality Device Tier Feat. Extr. Matching

Image Classification Low-end 94.46 22.65
(ShuffleNet + 1-NN) Mid-range 51.38 12.83

High-end 46.38 11.33

Face Recognition Low-end 120.20 9.27
(Face Model + 1-NN) Mid-range 46.01 5.13

High-end 42.00 4.59

Tabular Classification Low-end N/A 0.36
(Binary Logic) Mid-range N/A 0.20

High-end N/A 0.17
Note: Feature extraction and matching times are reported per sample (mean runtime). Feature extraction is the
process of obtaining the feature vectors, and matching is the process of finding the closest sample (classification or
recognition). N/A indicates the step is not applicable. Path planning (A* search) is excluded as it relies on search
heuristics rather than data-driven classification.

For the A* path planning module, benchmarks on a 100 × 100 grid yielded execution
times of 45.91 ms on the low-end device, 25.02 ms on the mid-range device, and 19.79 ms
on the high-end device, all well under one second.

3.1.2. Instructional Design

The design is articulated around three strategic pillars that balance technological
innovation with the diversity of the rural classroom:
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• Progressive learning and circulation of knowledge: A didactic sequence based
on core ideas is utilized to allow the circulation of knowledge among students of
different levels [47,48]. This progression is structured through the UNESCO literacy
domains [6] and the Big Ideas in AI [42]. These frameworks act as a progressive
conceptual roadmap that enables students to gradually understand how machines
perceive, reason, and affect their environment, transforming technical abstractions
into situated learning.

• Preservation of disciplinary purpose: The linked curricular contents must not lose
the purpose they pursue within their own discipline, nor their specific ways of doing
or thinking when integrated with AI [49,50].

• Meaningful and relevant integration: Knowledge, skills, and attitudes are developed
in contexts that are meaningful to the rural student, establishing links with their local
territory as well as at a global level [17,18]. This cohesion prevents fragmentation and
presents digital literacy as a natural extension of the territory.

Based on these principles, 24 activities within the application were developed, or-
ganized into three units aligned with the core axes of AI literacy (see Table 2). Within
the progression structured by the UNESCO domains and Big Ideas described above, the
application filters the available activities by grade band (1st–2nd, 3rd–4th, and 5th–6th),
presenting each group with a distinct subset selected according to two criteria: cognitive
difficulty and alignment with grade-specific learning objectives from the national curricu-
lum. For example, only the 5th–6th grade band works with tabular data classification, as
it requires a higher level of abstract reasoning about conditional variables. This design is
intended to support a single teacher in orchestrating simultaneous, differentiated work
within the same classroom session (see Figure 1).

(a) Grade band selection (b) Activity selection

Figure 1. Application interface: (a) opening grade band selection screen, where the student picks
one of three bands (1st–2nd, 3rd–4th, or 5th–6th grade); (b) activity catalog for the selected band,
shown as a horizontally swipeable carousel of unit cards (the partially visible cards on the right are
additional units reached by swiping, as cued on screen). The interface is displayed in Spanish, the
language of instruction for the target population.

Each activity follows a structured, step-by-step sequence guided by an in-app avatar
that provides narrated instructions and contextualizes the task within a real-world scenario.
To illustrate, the “Blueberry Classification” activity (Social Impact unit, approximately
15–20 min) proceeds through four phases (Figure 2): (1) “Contextualization”, where the
avatar introduces the problem of automated harvest selection and a short video shows
a real agricultural use case; (2) “First training cycle”, where students label a small set of
images as “ripe” or “unripe,” train the on-device model, and observe its classification on
new test images; (3) “Critical reflection”, where a quiz prompts students to reason about
the consequences of a misclassification (e.g., harvesting unripe fruit); and (4) “Iterative

https://doi.org/10.3390/su18105105

https://doi.org/10.3390/su18105105


Sustainability 2026, 18, 5105 9 of 27

improvement”, where students expand the training set with additional images, retrain the
model, and compare its accuracy against the first cycle. This iterative train–test–reflect
structure is common across the activities and allows students to experience the full machine
learning workflow within a single session.

(a) Contextualization (b) First training cycle

(c) Critical reflection (d) Iterative improvement

Figure 2. Screenshots of the four phases of the Blueberry Classification activity: (a) Contextualization,
where the activity is introduced by the in-app avatar; (b) First training cycle, where the student
labels images into one of two categories (ripe/unripe) as they appear in sequence; (c) Critical
reflection, a three-option quiz prompting students to reason about a misclassification; and (d) Iterative
improvement, the same labeling task as (b) with additional images added to enlarge the training set.
The interface is displayed in Spanish, the language of instruction for the target population.

The three units operationalize the design pillars in a complementary manner. The
sequential progression from AI Fundamentals through Understanding AI to Ethics and
Social Impact embodies the first pillar, guiding students from sensory perception to model
training and ultimately to critical evaluation. The second pillar is reflected in the selection
of activities whose topics preserve disciplinary learning objectives: for example, leaf pattern
recognition reinforces natural sciences content, while traffic sign datasets connect to civic
education. The third pillar is realized through activities grounded in the students’ local
environment, such as classifying native flora and fauna or sorting blueberries, a crop central
to the regional economy.

Table 2. Units and activities per unit.

Unit Big Idea in AI and Activities

AI Fundamentals

- Perception Idea: Recognize differences and similarities between human senses and sensors in technological objects.
Activities: Getting to know the tablet’s sensors, Exploring sensor capabilities.

- Representation Idea: Identify patterns in labeled data and determine the features that predict the labels.
Activities: Leaf pattern recognition, Leaf clustering.
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Table 2. Cont.

Unit Big Idea in AI and Activities

Understanding AI

- Learning
Idea: Demonstrate how to train a computer to recognize something.
Activities: Training AI models, Detecting marine debris, Recycling classifier, Flora and fauna classifier,
Classifier with tabular data.

- Data Idea: Create a labeled dataset with explicit features to illustrate how computers can learn to classify.
Activities: Creating traffic sign datasets, Capture your own dataset.

Ethics and Social Impact

- Biases Idea: Evaluate the ways in which a decision affects people differently and examine training features.
Activities: Biases by label and data imbalance, Pretty or not pretty?, Scary animals?, Candy or medicine?

- Social Impact Idea: Identify devices that use AI and examine how they take on new roles.
Activities: Blueberry classification, Security with facial recognition, AI navigation systems.

- Critical Perspective Idea: Distinguish between real and AI-generated images and videos.
Activities: Fake image detection, Fake video detection.

3.2. Research Context

The study is situated in the region of Los Lagos, Chile, a region that concentrates
the second-largest number of rural schools in the country. This context is characterized
by a high prevalence of primary school education (75%) and most of them in multigrade
settings (63%), where a single teacher must work with up to six grade levels in the same
classroom [14]. In most of these schools, a single teacher assumes multiple roles, including
administrative, community, and pedagogical; a multifunctional workload that increases
with the geography and isolation of each school. Given the distances and connectivity
issues, some teachers sleep and live at their schools, assuming logistical tasks such as
collecting students from their homes and transporting them to school daily [5,51].

Participants were recruited through the Provincial Departments of Education of the
Los Lagos Region for a workshop on AI literacy. Upon arrival, written informed consent
was obtained from all volunteers in accordance with the Declaration of Helsinki. This study
received formal approval from the Ethics and Bioethics Committee of the Universidad Aus-
tral de Chile on 21 June 2024. To maintain confidentiality, the second author anonymized
all personal data, identifying each participant solely through a numerical code.

The workshop was conducted over two sessions with different groups of teachers dur-
ing August and September 2025 (see Figure 3). These sessions took place in the provinces of
Chiloé and Llanquihue, attracting participants from across these and neighboring provinces.
The first session included 40 participants, while the second involved 56, both following
a participatory assessment format for educational materials [52]. Each workshop lasted
four hours and was structured in three main blocks. The first block consisted of a talk intro-
ducing the basic principles of artificial intelligence, demystifying its working mechanisms,
and illustrating its everyday use. The second block focused on a practical experience using
a model lesson. In this phase, teachers assumed the role of students, working in teams
organized by three distinct educational levels. They interacted with the AI application
using one tablet for every four teachers, completing activities aligned with the national
curriculum. Importantly, during this practical phase, no specific support measures or tech-
nical assistance were provided to teachers. This was a deliberate methodological choice, as
the primary objective was to evaluate whether the application’s baseline design is inher-
ently intuitive and easy to use, without relying on external help. The third block involved
a collaborative pedagogical reflection on the potential and limitations of the proposed
application within a rural context.
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(a) (b)
Figure 3. Participants engaging with the offline AI literacy application during the workshop. (a) The
workshop teacher introducing the session and explaining the activities. (b) Teachers working in
teams, interacting with the AI.

3.3. Participants

The study used a non-probability convenience sample. An invitation to participate
voluntarily was sent to teachers from multiple rural schools in the Region of Los Lagos.
The final sample consisted of 96 rural teachers, with a detailed demographic breakdown
provided in Table 3. The teachers had diverse backgrounds, reflected in their wide age
range and varying years of experience in the classroom.

Table 3. Teacher demographics.

Characteristic Value

Sample size 96
Gender identity reported 91

Women 59.4%
Men 34.4%
Other 1.0%
Not reported 5.2%

Age range 25–67 years
Average age 49.8 years (SD = 9.7)
Average rural teaching experience 16.8 years (SD = 9.8)

Current teaching modality
Single grade 53.1%
Multigrade (2+ grades) 40.6%
Not in the classroom 1.0%
Not reported 5.2%

Technology access
Insufficient or poorly maintained 49%
Total lack of resources 25%

Digital competence (upper ranges) 75%
Technology use frequency

Daily 46.9%
Weekly 31.3%
Every month 6.3%
Rarely 12.5%
Not reported 3.1%

Formal AI training (last 2 years) 12.5%
AI tool use in practice 64.6%

The sociodemographic profile of the sample is summarized in Table 3. The current
teaching modalities reflect the diversity of the rural context: while 53.1% of the teachers
instruct a single grade at the time of the study, 40.6% work in multigrade scenarios with
two or more grades simultaneously. In the Los Lagos region, single-grade and multigrade
schools coexist within the same rural communities, and teachers frequently transition
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between both modalities across their careers [5,51]. The sample therefore captures the range
of rural teaching profiles that the application is designed to serve. Regarding technology
access, 49% of participants reported insufficient or poorly maintained resources and 25%
reported a total lack of them. Self-perceived digital competence, however, was high (75% in
the upper ranges), with frequent technology use (46.9% daily and 31.3% weekly). Regarding
AI, 86.5% of participants had not taken formal AI training in the last two years, yet 64.6%
reported using AI tools in their work, primarily generative ones.

The sample of 96 teachers is notable within the rural context, given the vast geographic
distances separating these schools and the logistical challenge of assembling this many
teachers. Its composition captures the variations in infrastructure and the gap between
training and teaching practice reported in similar studies [5].

3.4. Instruments

This section describes the unified instrument used to address both research questions
and characterize the sample, structured into five parts (see Table 4).

Table 4. Structure of the Research Instrument.

RQ Evaluated Component Instrument Part Objective

1

Sociodemographic
aspects

Part 1: Sociodemographic
Background

To contextualize the sample within the specificities of
the rural educational reality.

Technical gap
mitigation

Part 2: SUS Scale
(10 Likert items)

To validate if the offline nature and usability of the app
eliminate technical friction, allowing the teacher to
focus on pedagogy.

Contextual relevance
and appropriateness

Part 3: 4 Open-ended
questions

To specifically evaluate the fit for the rural classroom
(addressing heterogeneity and simultaneous levels
of complexity).

Pedagogical utility Part 4: 3 Open-ended
questions

To verify if the tool promotes active learning and aligns
with the national curriculum.

2 Challenges and
opportunities

Part 5: 2 Open-ended
questions

To explore the potential and challenges of the proposal
as a solution to the AI literacy gap in rural education.

The 10-item SUS [41] provides a quantitative assessment of the application’s overall
usability, validating whether its offline architecture eliminated technical friction and thus
ruled out usability as a confounding factor in teachers’ pedagogical perceptions. Subse-
quently, qualitative items adapted from Jiménez et al. [52] evaluate the application’s fit for
the rural context by probing its capacity to manage classroom heterogeneity (e.g., “Does
the application respond to the heterogeneity present in your classroom? Why?”) and
pedagogical utility by examining its efficacy in fostering student agency (e.g., “In what way
does the app promote active learning?”). Together, Parts 2–4 address RQ1. Finally, Part 5
addresses RQ2 through two open-ended questions that elicit teachers’ perceptions of the
challenges and opportunities of integrating AI literacy in rural settings (e.g., “What are the
main challenges that the use of this application poses for rural multigrade education?”).

3.5. Data Analysis

Data processing sequentially addressed the study objectives following a two-stage
logic. Initially, a descriptive statistical analysis characterized the participants using data
from Part 1. This step calculated frequencies, standard deviations, and percentages to
ground the findings in the rural context. With this baseline established, the analysis focused
on RQ1. It integrated data from Parts 2–4 to evaluate technical gap mitigation, contextual
relevance, and appropriateness.
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The quantitative component relied on SUS [41] scores from Part 2. We calculated
these scores following the standard protocol. This involved summing the contributions
of even and odd items and multiplying by 2.5. The calculation yielded a usability index
ranging from 0 to 100. Data treatment followed the guidelines of Lewis and Sauro [53],
questionnaires with more than three omissions underwent casewise deletion, while minor
omissions received neutral-value imputation. To complement this, a qualitative thematic
approach was used to examine the open-ended responses in Parts 3 and 4, based on the
framework by Braun and Clarke [54]. Both the quantitative processing and the qualita-
tive thematic analysis were conducted using Microsoft Excel, which facilitated the SUS
calculations and the systematic organization of the qualitative data.

The qualitative phase was conducted through an inductive thematic analysis to gener-
ate emerging categories. The process began with the open coding of each discrete response,
performed independently by two members of the research team to ensure analytical rigor.
Following the approach described by Guest et al. [55], the data were synthesized using
in vivo coding, maintaining a close adherence to the participants’ original language. To
ensure inter-coder consistency and the reliability of the findings, the researchers held iter-
ative meetings to compare results and refine a shared Excel-based codebook containing
operational definitions. This consensus-based approach served as the reliability strategy
for the qualitative analysis. For instance, when addressing classroom heterogeneity, a
teacher noted: “Yes, because it is based on a common core and gradually grows in difficulty”
(Participant No. 2); this was systematically coded as “positive valuation of progressive
learning” after team consensus.

Finally, axial coding identified similarities and divergences among the emerging codes.
This procedure grouped codes with conceptual affinities into higher-order categories. For
example, terms such as “technological equipment,” “technological infrastructure,” and
“sustainable technology” were consolidated. They formed the broader category “Technical
Needs.” This grouping facilitated a comprehensive interpretation of the challenges reported
by the teachers. To address RQ2, we applied the same inductive qualitative analysis
procedure (open coding, in vivo synthesis, and axial categorization) to the open-ended
responses collected in Part 5 of the instrument.

4. Results
This section presents the findings of the pilot study, organized according to the two

primary research questions guiding this investigation.

4.1. RQ1: Contextual Relevance and Pedagogical Utility of the Offline Application

To address the first research question (RQ1), the analysis is divided into two sequential
parts. First, we report the usability results of the offline application using the SUS. Then,
we present the qualitative findings regarding the application’s pedagogical relevance and
utility within the rural context.

4.2. Usability and Technical Feasibility

From the sample of 96 participants, the calculation of the SUS scale yielded an overall
average score of 76.1 (SD = 16.3, 95% CI [72.8, 79.4]).

When contrasting this result with reference ranges from the literature [41,53], the tool
falls within the “acceptability” zone, qualitatively classified as “good.” This score places
the application above the average SUS benchmark of 68 [53].

When analyzed by age group through a quartile-based stratification, the results re-
veal an apparent trend of decreasing SUS scores with age, with the oldest group falling
marginally below the average SUS benchmark value (see Figure 4).
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Figure 4. SUS scores stratified by age quartile (Q1: 25–42 years; Q2: 43–50 years; Q3: 51–58 years;
Q4: 59–67 years).

4.3. Contextual Relevance and Pedagogical Utility

In this section, we evaluate the responses of the teachers across two dimensions and
seven descriptors, categorizing the frequency of each response type. The consolidated
results are presented in Table 5. Percentages reported in the text are calculated over valid
respondents (total minus NR per item) and are accompanied by the corresponding valid n.

Table 5. Pedagogical assessment: frequency of responses by dimension and descriptor (N = 96).

Dimension Descriptor NR * No DK * Yes

Relevance Addresses classroom heterogeneity 8 6 1 81
Proposes challenges for student diversity 13 4 3 76
Supports teaching of AI literacy 13 2 2 79
Promotes the circulation of knowledge 19 3 1 73

Pedagogical Promotes understanding of AI concepts 28 3 0 65
Utility Encourages an active role in learning 22 2 1 71

Favors curricular alignment 24 3 2 67
* NR: No Response; DK: Don’t Know.

A detailed analysis of each descriptor reveals qualitative insights that can be grouped
into two core dimensions: contextual relevance and pedagogical utility.

Within the dimension of relevance, 92.0% of valid respondents (n = 81 of 88) confirmed
that the application addresses classroom heterogeneity. Teachers attributed this to the pro-
gressive difficulty structure built around a common thematic trunk, which allows students
to advance at their own pace across grade levels. Similarly, 91.6% (n = 76 of 83) considered
that the application proposes challenges pertinent to student diversity, noting cognitive and
curricular alignment as the primary reason. Regarding AI literacy support, 95.2% (n = 79 of
83) reported that the application supports the teaching of AI literacy, highlighting its accessible
offline experience and its capacity to prepare students for future technological challenges.
Finally, 94.8% (n = 73 of 77) confirmed that the application promotes the circulation of
knowledge, with teachers noting that the activities create structured spaces for teamwork and
multilevel exchange. A minority of respondents identified limitations, including the need for
adjustable text sizes and more cognitively demanding tasks for higher grades.

Within the dimension of pedagogical utility, 95.6% of valid respondents (n = 65
of 68) agreed that the application promotes understanding of AI concepts. Teach-
ers cited the intuitive interface, clear step-by-step instructions, and the “learning by
doing” approach as the primary facilitators of conceptual understanding. An ac-
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tive role in learning was confirmed by 95.9% of valid respondents (n = 71 of 74),
who believed that students would engage in experimentation and reflection, particularly
during the AI training phase, fostering autonomy and motivation. Finally, 93.1% (n = 67 of
72) reported that the application favors curricular alignment. The majority identified it as a
legitimate learning activity integrating both 21st-century skills and specific learning objec-
tives (LOs), while a smaller group indicated only partial alignment, suggesting expansion
to additional subjects and transversal learning objectives (TLOs).

A detailed qualitative analysis addressing RQ1 is provided in Appendix A.

4.4. RQ2: Challenges and Opportunities for Integrating AI Literacy in Rural Multigrade Education

The challenges identified by teachers are summarized in Table 6. Technical needs
dominated, accounting for 68.0% of valid coded responses (n = 70 of 103). Within this
dimension, hardware scarcity was the most frequently cited challenge (52.4%, n = 54
of 103), with teachers reporting limited access to computers and tablets, often in poor
condition or insufficient for the number of students. Connectivity and infrastructure gaps
were the second-most-cited technical concern (14.6%, n = 15 of 103), with internet access
described as null, irregular, or unstable, particularly in insular contexts. Participation needs
accounted for 20.4% of valid coded responses (n = 21 of 103). Teacher training was the
dominant concern within this dimension (19.4%, n = 20 of 103), with teachers identifying
the need for technological appropriation across three dimensions: knowledge of AI systems,
pedagogical intentionality in multigrade planning, and ethical responsibility. Pedagogical
needs were less frequent (11.7%, n = 12 of 103), with situated AI literacy and curricular
integration each receiving equal attention (5.8%, n = 6 of 103). Of the 96 participants, 14.6%
(n = 14) did not respond to this section.

Table 6. Frequency of needs and challenges identified by teachers.

Dimension Descriptor Qualitative Summary n *

Technical
Needs

Technological
equipment

Scarcity and deficiencies of resources (computers/tablets); insufficient or
poor condition of devices. 54

Technological
infrastructure

Lack of physical spaces (labs) and connectivity issues (unstable/null
internet), especially in island contexts. 15

Sustainable
technology

Concerns regarding pollution and the need for ecological care regarding
technology use. 1

Participation
Needs

Teacher training
and collaboration

Need for structured appropriation across knowledge, pedagogical, and
ethical dimensions. 20

Management
commitment

Requirement for active support and backing from sustaining
educational entities. 1

Pedagogical
Needs

Situated AI
literacy

Equitable access from an early age; ensuring technology acts as a
complement to the local territorial reality. 6

Curricular
integration

Challenges in translating the official curriculum into rural practice and
managing instructional time. 6

Unclassified No response Participants did not provide a specific answer to this section. 14

Total 117
* n: number of coded responses.

The opportunities identified by teachers are summarized in Table 7. Pedagogical needs
dominated, accounting for 78.3% of valid coded responses (n = 72 of 92). Teaching support
for classroom heterogeneity received the highest frequency within this dimension (31.5%,
n = 29 of 92), followed by digital divide reduction and preparation for future technological
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demands (22.8%, n = 21 of 92), and holistic student development fostering collaboration
and creativity (18.5%, n = 17 of 92). Student agency through interactive dynamics was less
frequently cited (5.4%, n = 5 of 92). Usability emerged as a distinct opportunity (20.7%,
n = 19 of 92), with teachers noting a contextually appropriate and motivating interface
design. Technical opportunity was nearly absent (1.1%, n = 1 of 92). Of the 96 participants,
20.8% (n = 20) did not respond to this section.

Table 7. Frequency of opportunities identified by teachers regarding AI integration.

Dimension Descriptor Qualitative Summary n *

Pedagogical
Needs

Teaching support
for heterogeneity

Facilitates rural pedagogical work through activities aligned with
Learning Objectives (LOs), allowing integrated planning and
addressing diverse learning paces.

29

Digital divide
reduction and
future prep.

Democratizes AI access and prepares students for future
technological challenges through ethical and practical literacy,
fostering global integration.

21

Holistic student
development

Promotes comprehensive development alongside technological
learning, fostering collaboration, creativity, and critical awareness of
real-world problems.

17

Active role and
student agency

Supports a paradigm shift where students control their learning
process through interactive content and innovative dynamics like
training the AI.

5

Technical
Needs

Opportunity to
acquire equipment

Highlights the application’s potential as a catalyst for securing
technological devices for every student. 1

Usability Contextualized and
accessible design

Values the user-friendly interface and ease of use, emphasizing a
playful and motivating design specifically adapted to the rural
context.

19

Unclassified No response Participants did not provide a specific answer to this section. 20

Total 112
* n: number of coded responses.

A detailed qualitative analysis addressing RQ2 is provided in Appendix B.

5. Discussion
5.1. RQ1: Contextual Relevance and Pedagogical Utility of the Offline Application

The SUS score of 76.1 (SD = 16.3), classified as “good” and above the average bench-
mark of 68 [53], confirms that the application provides a usable foundation that supports
assessment of its possible pedagogical impact. However, when analyzed by age group, SUS
scores showed an apparent trend of decline across increasing age quartiles, with the oldest
group (ages 59–67) scoring marginally below the average benchmark. While the qualitative
data did not specify the underlying factors for this variance, this pattern is consistent with
potential generational differences in technological familiarity, though further analysis is
required to confirm it. Given that rural teaching populations tend to be older than their
urban counterparts, further studies are required to better understand this disparity. Such
insights will inform whether future interventions should focus on tailoring the application’s
interface to the specific usability needs of older educators, or rather on providing them
with targeted pedagogical and technical support during implementation. Additionally,
in the qualitative analysis, teachers identified several areas for design refinement. They
noted that the interface could better utilize screen space, incorporate larger fonts, and
enhance overall accessibility; concerns primarily raised based on their expectations of
student needs. Teachers also suggested the need for more cognitively demanding activities
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for older students, perceiving that current difficulty levels might not sufficiently challenge
higher grades.

The offline architecture proved central to the application’s fit for the rural context. The
ability to operate without internet connectivity not only addresses the structural barriers
documented in the literature [3,5,51] but was also perceived by teachers as a resource that
could support managing multiple grades simultaneously, directly addressing the double
divide of insufficient infrastructure and absent pedagogical strategies that characterize
rural AI education [2]. This design decouples pedagogical activity from connectivity, a
precondition for any tool intended for contexts where internet access is absent, irregular, or
unstable [19].

Within the dimension of contextual relevance, the application’s ability to address
classroom heterogeneity through a common thematic trunk with differentiated difficulty
levels received consistent validation across all four relevance descriptors. Teachers believed
the capacity to foster teamwork and knowledge circulation among mixed-age groups to be
particularly significant in the multigrade context, responding directly to the core need in
rural education for tools designed around its particular realities [17,18].

Regarding pedagogical utility, the “learning by doing” methodology embedded in
the application makes abstract AI concepts tangible through direct experimentation. The
iterative train–test–reflect structure positions the tool as a scaffold for autonomous learning,
consistent with the active learning principles of the AI4K12 framework [42], and teachers
perceived it as having the potential to shift classroom dynamics toward higher student
engagement. Strong curricular alignment confirms that this approach integrates within
existing content rather than displacing it, addressing the persistent concern that AI literacy
competes with the standard curriculum [24,48]. This active learning approach builds on
paradigms present in tools such as Google Teachable Machine; however, the proposed
application advances beyond those platforms in two key respects: it operates without
internet connectivity, addressing the infrastructure conditions documented by [5,28], and it
integrates AI literacy within the existing curriculum rather than treating it as an isolated
subject, directly responding to the time and preparation constraints that rural teachers
face [7,8]. Teachers who indicated only partial integration identified the need to expand
the application’s scope to additional subjects and transversal learning objectives, reflecting
the broader demand in rural education for resources specifically designed to span multiple
curricular areas [17,18].

The evidence for RQ1 confirms that the application satisfies the contextual relevance
and pedagogical utility requirements of rural teachers, with usability, offline architec-
ture, and the train–test–reflect methodology as the primary contributors. These assess-
ments, however, reflect teacher-projected potential; the distinction between perceived
pedagogical fit and demonstrated learning outcomes remains to be addressed in future
student-facing evaluations.

5.2. RQ2: Challenges and Opportunities for Integrating AI Literacy

The results of this study suggest that AI literacy in rural settings reveals a critical
tension between material limitations and the horizon of pedagogical possibilities. This
section discusses how the technical proposal of an offline application addresses the double
divide identified in the literature that characterizes rural schools.

Unlike urban environments, where recent literature indicates that teacher concerns
have transitioned toward ethical dilemmas and methodological refinements [22,26], our
findings indicate that in rural contexts similar to those examined here, the discussion
remains anchored in the struggle for basic access. Teachers reported challenges predomi-
nantly marked by a technical dimension, characterized by hardware scarcity and structural
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deficiencies. This pattern is consistent with documented barriers in rural educational
systems globally [2,11], where technical precariousness acts as a primary exclusionary filter.
This finding provides evidence suggesting that the digital divide in these contexts must be
addressed, first and foremost, as a material inequity rather than a lack of teacher training.

Although previous studies have underscored that the offline nature of technological
tools is a key factor in reducing the digital divide [5,28], the findings of this research
suggest that the challenge transcends mere connectivity. While the autonomous nature
of the application, based on the edge computing paradigm and lightweight on-device
algorithms, is positively valued, its impact remains conditioned by an underlying material
precariousness that software alone cannot resolve. Thus, mitigating the divide should not
be conditioned solely on the availability of offline resources but should also consider the
development of multiplatform solutions that respond comprehensively to both hardware
scarcity and the complex didactic heterogeneity of rural schools [4].

These findings also speak to the broader question of hardware–software synergy in ru-
ral AI literacy. The offline architecture addresses connectivity barriers, yet its reach remains
conditioned by device availability. Evidence that purpose-built software is both usable and
pedagogically suited to the rural context may strengthen the case for hardware-oriented
interventions; government tablet programs and shared mobile device labs represent path-
ways through which offline solutions of this kind could reach schools that currently lack
sufficient devices. Software design and hardware policy are, in this regard, complementary
rather than independent responses to the double divide.

A particularly revealing finding is the dichotomy in teacher perception regarding
the challenges and opportunities of AI. While most participants place the main obstacles
within the technical dimension, they project the transformative potential of the application
almost exclusively on the pedagogical level. Teachers valued the tool as a strategic resource
to address classroom diversity, promoting student agency through curricular integration
that fosters holistic development. In this sense, the application’s capacity to offer pro-
gressive learning was one of the aspects most highlighted by educators; teachers believed
this functionality would allow students to acquire competencies adjusted sequentially to
individual rhythms, thus responding to one of the great challenges of rural didactics [4].
This assessment coincides with research in Latin America where it has been demonstrated
that technology, when used as a didactic support and not just as a technical end, acts as a
fundamental catalyst for student autonomy [18].

The results of this study provide evidence that reinforces the thesis that AI has the
potential to act as “dynamic scaffolding”, enabling levels of personalization that rural
teachers, due to administrative workload and the diversity of grades within a single
classroom, can hardly manage manually [5,8]. By prioritizing progressive learning and
the design of activities adapted to different difficulty levels within the same topic, the
proposed solution not only addresses “how to teach AI” but also constitutes a pedagogical
management resource that teachers perceive as potentially reducing pressure on multigrade
instruction [7]. This suggests that, in contexts sharing the structural characteristics of the
schools studied here, AI literacy is more likely to be sustainable when it is intrinsically
linked to the operational needs of the rural school.

6. Limitations
Several limitations should be considered when interpreting these results. The sample

consisted of teachers who voluntarily accepted the invitation to participate in the work-
shops, suggesting a pre-existing interest in technology and AI or, more broadly, a willing-
ness to adopt educational innovations and novel pedagogical strategies. This self-selection
introduces a potential bias, as the perceptions reported here may be more favorable than
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those of teachers who are reluctant or opposed to integrating technology in the classroom.
Participants in voluntary, technology-oriented workshops likely represent an early-adopter
segment of the rural teaching population; consequently, the perspectives of teachers most
marginalized by the digital divide remain unknown. Consequently, the findings may over-
estimate the receptivity of the broader rural teaching population toward the application
and AI literacy initiatives in general, reflecting the views of a technology-interested subset
rather than universal acceptance among rural educators.

A related constraint concerns the geographic scope of the sample. Although 96 teachers
is a notable number for the rural context and compares favorably with similar studies in
the literature, recruitment was concentrated in a single region of Chile (Los Lagos) to make
participation logistically feasible. While the sample captures a wide range of school types,
infrastructure conditions, and teaching situations, other geographic zones in Chile and
beyond may present realities not represented here. These findings should therefore not be
generalized beyond rural contexts sharing similar characteristics.

The applicability of an offline mobile application as a vehicle for AI literacy also
depends on the availability of tablet devices. In the Chilean context, government programs
have provided tablets to a portion of rural schools, making this type of intervention
feasible in those settings. However, this reality applies only to a fraction of rural schools in
Chile, and at a global scale, many rural settings lack even basic technological devices. This
contextual dependence reinforces one of the central conclusions of this article: that solutions
for AI literacy must be holistic, addressing as many contexts as possible to confront the
digital divide rather than relying on a single technological format.

The study focused exclusively on teacher perceptions and their projections regarding
how the application would function if used by students. This is the intended procedure
before deploying educational technology with children, as it allows the tool to be evaluated
and adapted based on professional judgment prior to classroom use. However, teacher
perceptions do not substitute for direct evidence of student learning, engagement, or
experience with the application, and agreement rates such as those reported for AI concept
promotion (95.6%) and classroom heterogeneity responsiveness (92.0%) should be read
as expressions of pedagogical judgment about potential impact rather than measured
outcomes. Establishing whether this potential materializes in student learning is the natural
next step for this line of research. Future work should evaluate the application with student
cohorts to determine whether the pedagogical potential identified by teachers translates
into measurable outcomes from the learners’ perspective. The workshop also used a ratio
of one tablet per group of four teachers, which may have limited the opportunity for some
participants to fully experience the application individually. This constraint was due to the
limited number of devices available and may have influenced the depth of interaction that
certain teachers had with the tool, potentially affecting their assessments.

Lastly, several open-ended items exhibited high non-response rates, most critically
29.2% for the descriptor “Promotes understanding of AI concepts” (Part 4) and 20.8% for
the opportunities question (Part 5), which reduce the interpretive confidence of findings
associated with those items. While the exact reasons for non-response cannot be deter-
mined, plausible explanations include that some teachers did not fully understand the
questions, chose not to respond, or disengaged because their schools lack the technological
prerequisites discussed in the application, making the questions feel less relevant to their
immediate reality.

7. Conclusions
This study evaluated a purpose-built offline mobile application designed to address

the double divide constraining AI literacy in rural education: the reliance of existing tools
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on unavailable connectivity and their mismatch with the heterogeneous realities of rural
classrooms. The evaluation was conducted through participatory workshops with 96 rural
teachers in Los Lagos, Chile.

The application achieved acceptable usability (SUS = 76.1, SD = 16.3), and teachers
reported that its offline architecture and progressive difficulty structure are suitable for
the rural context, describing it as responsive to classroom heterogeneity and promoting
understanding of AI concepts. These findings, drawn from a sample of rural teachers
with predominantly self-reported digital competence (75%), suggest that purpose-built
offline applications can overcome some of the connectivity and pedagogical barriers that
currently exclude rural schools from AI literacy initiatives. However, the evaluation also
revealed a substantial digital gap: teachers identified hardware scarcity, infrastructure
deficiencies, and the absence of specialized training as primary challenges. A tablet-based
application may serve a subset of rural schools, but sustainable AI literacy requires a holistic
strategy combining multiplatform alternatives that reach as many heterogeneous contexts
as possible, policies that incentivize the acquisition of technological devices, and sustained
investment from governments to reduce the digital divide.

Future work will evaluate the application directly with student cohorts to assess its
learning utility and determine whether the pedagogical potential identified by teachers
translates into measurable gains in children’s AI literacy.
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SVM Support Vector Machine
TPACK Technological Pedagogical Content Knowledge

Appendix A. Qualitative Analysis Details (RQ1)
This appendix provides the detailed sub-indices and categories resulting from the qual-

itative thematic analysis of the teachers’ responses regarding Research Question 1 (RQ1).

Table A1. Dimension: Relevance—Attention to Heterogeneity. Ways in which it responds to class-
room heterogeneity.

Category/Form of Response n

Learning in progression: The structuring of content through progressive difficulty is valued. Starting from
a common thematic axis or trunk, the tool addresses heterogeneity by allowing students to advance in the
development of their skills according to their level.

32

Contextual and pedagogical relevance: Responds to diversity by aligning directly with the sociocultural context,
interests, capacities, and motivations of the students. From a pedagogical approach, it considers activities to be
meaningful and coherent with the reality of the learners.

19

Usability: Emphasizes that the application is intuitive, friendly, and highly adaptable to real classroom conditions,
which facilitates its practical implementation and stimulates a dynamic, autonomous, and active role. 19

General Positive Assessment (Without Justification) 5

Accessibility challenges: Notes that it is largely fulfilled, but specific adaptations are required to guarantee access.
This includes adjustments for students with low vision and supports for those in higher grades who have not yet
consolidated reading (non-readers).

4

Cognitive demand challenges: States that it is necessary to increase the level of the challenge proposed to students,
especially in higher grades. 3

Curricular Integration: Highlights the tool’s capacity to articulate and connect diverse knowledge. From a
curricular perspective, it responds to classroom diversity by promoting transversality, integrating objectives and
learning from different areas of the national curriculum.

2

Equipment challenges: Notes that yes, but it is required to address the lack of resources for its implementation. 2

Mitigation of gender biases and promotion of equity: Identifies that the application actively contributes to equity
and inclusion within the classroom. It offers representations, dynamics, or content that help deconstruct and
reduce traditional gender stereotypes or biases, fostering equal participation in STEM areas.

1

Total Arguments 87

Table A2. Dimension: Relevance—Reasons why the challenges are pertinent to the diversity of
the students.

Category/Reason n

Cognitive and curricular alignment: Pertinent to their age, level, interests, and curriculum, promoting as-
sertive and clear ideas, with varied resources and in different formats. Follows a progression from lower to
higher complexity.

49

Promotion of active participation and collaborative work: Variety of activities promotes an active and participatory
role. Facilitates spaces where students can get involved, observe, dialogue, comment, and put their skills into
practice jointly.

9

General Positive Assessment: Without Justification 7
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Table A2. Cont.

Category/Reason n

Inclusion and challenges adaptable to diversity: Highlights the inclusive nature of the tool by not discriminating
between different learning paces. Values that it proposes challenges pertinent to classroom diversity, allowing
everyone to participate while offering, at the same time, challenges that stimulate more advanced students.

4

Pedagogical and didactic support: More playful and entertaining classes with pedagogical and didactic support. 3

Equipment challenges: Notes that yes, but emphasizes the need to ensure the availability of technological
equipment for the development of activities. 2

Design challenges: Notes that it requires the optimization of multimedia elements (audio and images). 1

Cognitive demand challenges: Notes that yes, but it requires the incorporation of challenges with a higher level
of difficulty. 1

Total Arguments 76

Table A3. Dimension: Pedagogical Utility—Support for teaching management. Reasons why it
supports teacher management for AI teaching.

Category/Reason n

Accessible and offline technological experience: Offers a friendly, motivating, practical, and interactive environ-
ment to understand technology, highlighting its operation without the need for connectivity, which benefits both
students and teachers.

33

Preparation for the challenges of the future: Provides opportunities for students to develop 21st-century skills
and acquire the necessary tools to face the challenges posed by Artificial Intelligence. 17

Facilitation of Multigrade Didactics: Favors the differentiation of learning, supports the selection of pertinent
content for each level, and facilitates simultaneous work with several grades. 16

Optimization of teaching time and effort: Highlights the direct support to the teacher by decreasing the time
dedicated to planning, creation of educational material, and control of digital content. 7

Curricular integration: Acts as a direct support to curricular work, promoting the integration of different subjects,
the development of values, and the acquisition of other learning. 7

General Positive Assessment (Without Justification) 3

Equipment challenges: Notes that yes, but the need to have necessary resources. 2

Teacher preparation challenges: Notes that yes, but the need for prior teacher training to ensure effective use of
the application. 2

Cognitive demand challenges: Notes that yes, but the need for more complex activities and a greater expansion
and planning proposal. 2

Total Arguments 89

Table A4. Dimension: Pedagogical Utility—Circulation of knowledge. Ways in which it promotes the
circulation of knowledge.

Category/Form of Response n

Teamwork and multilevel exchange: The designed activities foster teamwork and the active participation of
students of various levels. The circulation of knowledge occurs by providing structured spaces for discussion,
debate, and the crossing of ideas, maintaining challenges consistent with the competencies of each participant.

48

Guided discovery and reflection: Promotes the construction of knowledge through an interactive approach based
on discovery. Facilitates that students deepen and expand their original ideas, generating spaces for interaction
and active reflection, particularly during analysis and classification exercises.

15

General Positive Assessment: Without Justification 7
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Table A4. Cont.

Category/Form of Response n

Didactic flexibility and interactivity: The circulation of knowledge is facilitated by the eye-catching and interactive
design of the tool, which allows for dynamic learning by fluidly alternating between individual and group work
modalities, adapting to the needs of the moment.

5

Total Arguments 75

Table A5. Dimension: Pedagogical Utility—Understanding of the key concepts addressed. Reasons
why it promotes the understanding of key concepts.

Category/Reason n

Pedagogical and instructional design: The material is intuitive. It uses appropriate language and delivers clear
step-by-step information and instructions, maintaining a progression and difficulty adjusted to each learning
level, which favors the understanding of the concepts addressed.

25

General Positive Assessment: Without Justification 14

Understanding through practice: The understanding of concepts is facilitated because the approach allows
understanding how AI works in a practical way, through “learning by doing.” 12

Teacher preparation challenges: It is considered that yes, but needs for teacher training are identified to master
the tool and make good use of the resources. 5

Curricular relevance: The proposal considers elements specific to the context and the educational system, linking
directly with the curriculum, which favors the understanding of the addressed concepts. 4

Cognitive demand challenges: It is identified that the content addressed should be deeper and offer complemen-
tary material to enrich the experience. 3

Teaching flexibility: The material is positive because it gives the teacher the option and freedom to complement
the contents. 2

Total Arguments 65

Table A6. Dimension: Pedagogical Utility—Active role in learning. Reasons why it promotes an
active role in learning.

Category/Reason n

Active learning through experimentation and reflection: Students assume an active role by solving challenges
based on their previous knowledge and interests. The application promotes reflection and discussion, fostering
practical learning where students experiment and learn through trial and error when training the AI.

37

Autonomy, motivation, and student participation: The tool promotes autonomous learning and a change of
roles in the classroom, driving participation and student commitment. This is achieved because the application
environment is motivating, friendly, and very easy to use.

24

General Positive Assessment: Without Justification 4

Proper use of technology: The application fosters an active role by guiding students to learn to use technology in
a good way, promoting a positive approach to digital tools. 2

Integration and complement of learning: The application works as a complement to the student’s learning process,
facilitating its fluid integration with other educational dynamics. 2

Cognitive demand challenges: The need to incorporate complementary activities to complement the use of the
application is raised. 2

Design challenges: It is required to include a greater number of images or enable the option for users to upload
their own to make it more dynamic. 1

Accessibility Challenges: Incorporating more audio and less text. 1

Total Arguments 73
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Table A7. Dimension: Pedagogical Utility—Curricular integration. Reasons why it favors the
integration of learning and curricular alignment.

Category/Reason n

Comprehensive curricular alignment and skill development: The application effectively integrates the learning of
the national curriculum. It consolidates itself as a true learning activity by requiring students to constantly apply
both 21st-century skills and those that are the focus of various Learning Objectives. The contents and challenges
are coherently aligned with the current thematic axes and evaluation indicators.

51

Partial curricular integration and expansion challenges: Integrates it partially. To achieve full curricular integra-
tion, the application needs to expand into other subjects and Transversal Learning Objectives (TLOs). Furthermore,
it must improve the progression of difficulty and the amount of objectives per level, incorporating greater local
contextualization.

10

General Positive Assessment (Without Justification) 6

Total Arguments 67

Appendix B. Qualitative Analysis Details (RQ2)
This appendix provides the detailed qualitative data resulting from the thematic anal-

ysis of teachers’ responses regarding Research Question 2 (RQ2). The findings are divided
into Challenges and Opportunities, further categorized by their respective dimensions.

Appendix B.1. Challenges and Needs Identified by Teachers

Table A8. Dimension: Technical Needs (Challenges). Needs related to equipment, infrastructure,
and sustainability.

Dimension Descriptor Qualitative Summary n

Technical
Needs

Technological
equipment

Refers to the scarcity and deficiencies of technological resources available to teachers,
highlighting limited access to computers and tablets. Available devices are often in
poor condition or insufficient for the number of children, preventing individual work.

54

Technological
infrastructure

Points out the lack of base infrastructure and physical spaces (labs) as a main gap.
Critically highlights connectivity problems (null, irregular, or unstable internet),
especially in island contexts where bad weather hinders the signal.

15

Sustainable
technology

Captures the concern of a participant to help reduce pollution, reflecting a stance
of ecological care and protection toward this technology. 1

Table A9. Dimension: Participation Needs (Challenges). Needs related to training and
institutional support.

Dimension Descriptor Qualitative Summary n

Participation
Needs

Teacher training
and collaboration
for AI teaching

Highlights the need for training and collaborative work as fundamental.
The main challenge is achieving technological appropriation across three
dimensions: knowledge (understanding tools), pedagogical (intentional use
in multigrade planning), and ethical (responsible use and data privacy).

20

Management
commitment for
implementation

Highlights the need to have the active support and backing of the
sustaining educational entity. 1

https://doi.org/10.3390/su18105105

https://doi.org/10.3390/su18105105


Sustainability 2026, 18, 5105 25 of 27

Table A10. Dimension: Pedagogical Needs (Challenges). Needs related to literacy and curriculum.

Dimension Descriptor Qualitative Summary n

Pedagogical
Needs

Situated AI
literacy

Need to bring tools closer to everyone equitably from early ages. Emphasizes that
students should not lose contact with their environment, ensuring technology acts
as a complement to their territorial reality rather than replacing direct interaction.

6

Curricular
integration

Difficulty in bringing the official program down to the practical reality of the
rural classroom and time management. Expresses the need to unify teaching and
plan integratedly to facilitate daily pedagogical work in multigrade courses.

6

Table A11. Unclassified Challenges.

Dimension Qualitative Summary n

Unclassified Participants did not provide a specific answer or provided unclassifiable content. 14

Appendix B.2. Opportunities Identified by Teachers

Table A12. Dimension: Pedagogical Needs (Opportunities). Potential benefits for teaching
and learning.

Dimension Descriptor Qualitative Summary n

Pedagogical
Needs

Teaching support
for
heterogeneity

Values the tool as a direct facilitator of rural pedagogical work. The
provision of contextualized activities aligned with Learning Objectives (LO)
allows teachers to plan integratedly and effectively address the diversity of
rhythms in heterogeneous classrooms.

29

Digital divide
reduction and
future prep.

Benefits of democratizing access to AI in rural schools. Potential to provide
literacy in the ethical and practical use of these tools, preparing students for
tomorrow’s technological challenges and fostering global integration.

21

Holistic student
development

Potential to promote comprehensive development and learning of different
natures alongside technological skills. Fosters collaborative work, creativity,
research, and critical awareness of real-world problems.

17

Active role and
student agency

Highlights the paradigm shift where the student assumes control of their
process. Interactive content and innovative dynamics (e.g., student teaching
the AI) foster empowerment and active construction of learning.

5

Table A13. Dimension: Technical Needs and Usability (Opportunities).

Dimension Descriptor Qualitative Summary n

Usability
Contextualized and
accessible
design

Focuses on the user-friendly interface and ease of use. Highlights
the innovative, playful, and motivating design specifically adapted
to attract students within the reality of the rural context.

19

Technical
Needs

Opportunity to
acquire equipment

Highlights the application’s potential as a reason or catalyst to
secure technological devices for every child. 1

Table A14. Unclassified Opportunities.

Dimension Qualitative Summary n

Unclassified Participants did not provide a specific answer or provided unclassifiable content. 20
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