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Abstract 

Artificial intelligence and machine learning are becoming increasingly integral to modern life, 

yet these concepts remain predominantly absent from elementary education. This study presents a 

project-based learning activity in which talented students enrolled in the Centre for Talented Youth 

Kragujevac trained their image classification models using Google's Teachable Machine, a no-code 

web tool. During five sessions, students (aged 13-14) engaged in data collection, model training, 

testing, and reflection without writing a single line of code. The activity aimed to demystify 

artificial intelligence by making it hands-on, collaborative, and accessible. Students demonstrated 

strong engagement and produced models with accuracy ranging from 84% to 96% while reflecting 

critically on challenges such as dataset bias, overfitting, and the ethical use of artificial intelligence. 

The findings suggest that integrating creative, no-code platforms can foster foundational digital 

literacy, promote ethical awareness, and spark student interest in emerging technologies. 

Keywords: Project-Based Learning, No-Code Tools, Education, Elementary School, Teachable 

Machine, Image Classification.  
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1. Introduction 

Artificial Intelligence (AI) and Machine Learning (ML) technologies are rapidly transforming 

the ways people interact with the world, influencing sectors ranging from healthcare and agriculture 

to education and creative industries (Alowais & Alowais, 2023; Topol, 2019; Zawacki-Richter et 

al., 2019; Chen et al., 2020). As these technologies become increasingly embedded in everyday life, 

educational systems must equip students with critical thinking skills to understand and engage with 

them. Despite the growing relevance of AI, systematic instruction in these areas is still largely 

absent from elementary education. Barriers such as the perceived technical complexity of AI, 

insufficient teacher training, and the lack of age-appropriate tools have hindered its early integration 

into the classroom environment (Luckin et al., 2016; Ormrod, 2016). As a result, students often 

encounter AI at the university level for the first time, missing valuable opportunities to develop 

foundational digital literacy, conceptual understanding, and ethical reasoning at an earlier stage 

(Ormrod, 2016; Kurz et al., 2024). Recent research has highlighted the potential of no-code 

educational tools that allow young learners to explore AI through intuitive, hands-on experiences. 
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One of these tools is Google's Teachable Machine (TM), which has gained popularity due to its ease 

of use and accessibility. It enables users to train models for image, sound, and pose classification 

directly in a web navigator without requiring any programming experience or advanced technical 

knowledge (Google, n.d.). Studies have demonstrated that TM is not only technically effective, 

achieving over 90% accuracy in domains such as plant disease identification (Odabaş et al., 2024), 

herbal medicine classification (Malahina et al., 2024), and health diagnostics (Alowais & Alowais, 

2023), but also pedagogically valuable. In educational contexts, research demonstrates that TM 

promotes student engagement, fosters interdisciplinary learning, and supports the development of 

computational thinking skills (Kurz et al., 2024; Relmasira & Vartiainen, 2025). 

In recent years, several initiatives across Europe and globally have aimed to bring artificial 

intelligence into K-12 education using age-appropriate methods. For example, the European 

Commission has supported the development of the AI4K12 framework in collaboration with 

international partners to create guidelines and resources for teaching AI in schools (Touretzky et al., 

2019). Similarly, the "Elements of AI" course, developed in Finland by the University of Helsinki 

and Reaktor, has been widely adopted to increase AI literacy among both students and teachers 

(Vuorikari et al., 2016). In the UK, the Raspberry Pi Foundation and Google's "Machine Learning 

for Kids" project have made machine learning concepts accessible through block-based coding 

environments and classroom activities (Lane, 2021). These initiatives highlight the growing interest 

in demystifying AI at an early age and align with the present study's goal of using no-code tools 

like Teachable Machine to foster early understanding of AI concepts. 

In Serbia, the national Strategy for the Development of Artificial Intelligence 2020 – 2025 calls 

for the gradual introduction of AI-related content into the school system. As part of this effort, 

seventh-grade compulsory subjects "Engineering and Technology" and "Informatics and 

Computing" now include basic principles of intelligent algorithms and data processing; however, 

no standalone modules on these topics are offered in lower elementary grades (Government of the 

Republic of Serbia, 2020). Moreover, although two optional AI-fundamentals courses have been 

made available at the primary level and three electives at the secondary (grammar school) level, 

explicit instruction in these technologies remains peripheral to the core curriculum and is often 

delivered only through extracurricular or pilot initiatives (Badža, 2024). 

This paper presents an exploratory project involving gifted elementary school students who 

created image classification models using TM. Over five sessions, students engaged in the complete 

machine learning cycle: selecting a topic, collecting training data, building a model, testing its 

performance, and reflecting on results – all without writing code. Alongside the technical process, 

students discussed key concepts such as bias, generalization, and overfitting and explored the 

ethical implications of using facial images in AI systems. Moreover, the project invited comparisons 

between machine learning processes and classical theories of human learning, such as Thorndike's 

trial-and-error learning and Köhler's insight learning, offering a unique interdisciplinary framework 

for understanding how both humans and machines acquire knowledge (Slavin, 2018; Thorndike, 

1911; Köhler, 1925). The primary aim of this study was to demystify AI by making it tangible, 

reflective, and age-appropriate, thereby fostering technical awareness, ethical sensitivity, and 

cognitive curiosity. The findings suggest that even young students, with appropriate guided 

pedagogical strategies and tools, can meaningfully engage with artificial intelligence in educational 

and empowering ways. 

2. Psychological and Ethical reflections in AI-Based learning 

In addition to technical and pedagogical considerations, the integration of artificial intelligence 

into student learning environments raises ethical and psychological questions. Some projects 

involved the use of facial images to classify emotions or expressions. While this helped students 

understand how AI can interpret visual cues, it also prompted crucial discussions about data privacy, 

especially when collecting images of children. Questions such as Where do these images go?, Can 
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AI keep them forever?, or Is it safe to share my face with a machine?, became natural entry points 

to explore broader concerns related to data storage, biometric surveillance, and the long-term 

implications of training AI on personal data. These concerns align with ongoing global debates 

about the ethical use of facial recognition technology, particularly among vulnerable populations 

such as minors. Recent reviews underscore the complexity of these issues, highlighting the need for 

clear guidelines and teacher training when deploying AI in K-12 settings (Gouseti et al., 2024). On 

the psychological side, we can meaningfully compare AI's learning mechanisms with theories of 

human learning. For example, AI models improve performance through trial and error, gradually 

adjusting internal parameters to minimize error, a process that mirrors Thorndike's theory of 

learning by trial and error. In his work with animals, Thorndike demonstrated that repeated attempts, 

reinforced by success, led to more efficient behavior, a dynamic similar to how AI optimizes 

performance through repeated iterations and feedback loops (Thorndike, 1911). Alternatively, some 

aspects of machine learning align with insight learning, as described by Wolfgang Köhler, where 

problem-solving emerges from a sudden reorganization of information (Köhler, 1925). While AI 

typically does not reason in the human sense, more advanced models capable of pattern recognition 

and abstraction can mimic this form of sudden generalization after sufficient exposure to structured 

input data. These parallels offer a compelling framework for students to reflect on how AI works, 

how humans learn, and how both systems improve through structured experiences, feedback, and 

adaptation. Encouraging students to explore these similarities can deepen their metacognitive 

awareness and foster a richer understanding of learning as a concept that transcends both biology 

and technology. 

3. Material and Methods 

In this study, the participants were students (four students aged 13-14) enrolled in a Center for 

Talented Youth Kragujevac in Kragujevac, Serbia. Parental consent was obtained for all 

participants, and no identifiable personal data was collected or stored. These students are part of a 

specialized program designed for gifted youth with a demonstrated interest and aptitude in science, 

technology, engineering, and mathematics (STEM). The activity was conducted over five 

consecutive 90-minute sessions. Most of them had no prior experience with artificial intelligence 

or programming. The goal was to introduce them to core machine learning concepts through 

practical, hands-on experimentation using a no-code platform.  

The platform selected for the project was TM (Google, n.d.), a free, browser-based tool 

developed by Google. It enables users to train simple image, audio, or pose classification models 

using a graphical interface and real-time webcam input. Upon starting a new project, users can 

choose between different types of models, such as image, audio, or pose recognition. The platform 

offers two options for image-based classification: a standard image model optimized for general 

use (224×224px color images) and an embedded model suitable for microcontrollers using smaller 

grayscale images (96×96px). Users capture images directly via webcam or upload files, label them 

into categories, and initiate training with a single click (Fig. 1). The tool then provides real-time 

feedback on model performance and exports the trained model to various formats such as 

TensorFlow, TensorFlow Lite, or TF.js for integration into applications or microcontroller 

environments.  
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Fig. 1. TM starting interface. 

This study exclusively used the image-classification module. Table 1 summarizes details of each 

group's seven project topics (A-G), number of classes, and dataset size. 

 

Table 1. Overview of student projects: topics, number of classes, and dataset size 

Model Topic Number 

of Classes 

Images per 

Class 

A Facial expressions (happy/sad) 2 ~150 

B Recyclables (plastic/metal/paper) 3 ~150 

C Hand gestures (rock/paper/scissors) 3 ~70 

D Fruits (apple/banana/orange) 3 ~150 

E Rock types 

(igneous/sedimentary/metamorphic) 

3 
~100 

F Emotions (happy/sad/angry) 3 ~100 

G School objects (pen/eraser/ruler) 3 ~100 

The four participating students worked as a single collaborative group and explored a total of 

seven different project themes during the activity. Rather than each student selecting a single unique 

project, they worked individually or in pairs on multiple topics, depending on their interests and 

available time. Some projects were initiated by one student, while others were jointly developed 

and tested by the group. Examples of chosen topics included classifying emotions based on facial 

expressions, differentiating hand gestures used in sign language, identifying types of recyclable 

materials such as plastic, metal, and paper, and recognizing fruits or everyday classroom objects. 

Each group followed a structured workflow (Table 2). 
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Table 2. Project workflow phases in the machine learning activity. 

Phase Description of Activities 

1. Planning Phase 
Students defined their classification goal, brainstormed class labels (categories), 

and anticipated the types of data needed for effective model training. 

2. Data Collection 
Using TM's built-in webcam tool, students captured between 50 and 150 images 

per class, depending on the group and topic complexity. They varied the lighting, 

background, and angles to prevent overfitting. 

3. Model Training 
Students trained their models using default settings, observing accuracy and loss 

metrics. Most groups iterated the process to improve performance. 

4. Evaluation and Testing 
Students tested their models with new, unseen inputs (sometimes from peers) to 

assess generalization and robustness. 

5. Documentation and 

Reflection 

Each student maintained a learning journal documenting their process, model 

behavior, challenges (e.g., class imbalance), and improvement ideas. 

Throughout the activity, brief plenary discussions were held between sessions to introduce 

key AI concepts (e.g., training data, overfitting, bias, validation) and to allow peer sharing of 

results and ideas. Facilitators guided students with probing questions rather than direct solutions, 

encouraging critical thinking and iterative experimentation. 

 

 

Fig. 2. Example of a student project using TM to classify fruit ripeness into three categories: "Too early," "Ripe," and 

"Too late." 

One notable example involved a student group that trained a model to recognize fruit ripeness 

based on visual cues. They created three categories – Too early, Ripe, and Too late – and collected 

dozens of images for each class using a webcam and printed fruit images (Fig. 2). This project 

demonstrated the model's ability to differentiate subtle color and shape changes associated with 

ripening.   

Even though TM is designed as a beginner-friendly tool, it provides limited access to these 

training parameters, allowing for structured experimentation within a controlled classroom setting. 
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Table 3 illustrates a potential configuration of parameter values that could be used for such 

exploratory studies. 

Table 3. Testing parameters with epoch value, learning rate and batch size. 

Parameter Suggested values 

Epoch 10 50 100 250 750 1000 

Learning rate 0.00001 0.0001 0.001 0.01 0.1 1 

Batch size 16 32 64 128 256 512 

Incorporating controlled manipulation of these parameters into the learning process could enable 

students to go beyond basic model creation and begin to understand the underlying dynamics of 

training processes. 

4. Results  

Across the activity, the four students created a total of seven image classification models. While 

they collaborated as a group during discussions and feedback sessions, the hands-on work on each 

model was conducted either individually or in pairs, depending on student interest and project 

complexity. Some students initiated more than one model, and in some cases peers assisted with 

data collection and testing. Table 4 presents an overview of model performance based on self-

reported accuracy using TM's built-in validation tool. 

Table 4. Overview of model configuration and performance for each student project. 

Model Topic 
Number 

of classes 
Total images 

Accuracy 

(%) 

A Facial expressions 2 200–400 93% 

B Recyclables 3 200–400 87% 

C Hand gestures (RPS) 3 100–200 91% 

D Fruits 3 300–400 84% 

E Rock types 3 200–400 96% 

F Emotions (happy/sad/angry) 3 100–200 89% 

G School objects 3 100–200 85% 

Table 4 presents the technical setup and observed performance of each student project. All 

models were trained using TM's default parameters, which typically included 50 training epochs 

and a 16-batch size. No modifications to the learning rate or other hyperparameters were made, as 

the primary goal was to focus on the intuitive and hands-on nature of training AI models without 

coding. The projects covered a range of classification tasks, such as recognizing facial expressions, 

sorting recyclables, interpreting hand gestures, and identifying school-related objects or natural 

items like fruits and rocks. Each project involved between 200 and 400 images, split across 2 to 3 

classes depending on the chosen theme. Despite the simplicity of the models and limited training 

data, student projects achieved high reported accuracy, with most models scoring between 84% and 

96%.  

Several students recognized the impact of dataset size and balance on model accuracy. Many 

also experimented with re-training their models after adjusting conditions such as lighting or adding 

more samples to underrepresented classes.  
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a)  

b)   

Fig. 3. Example of a trained model used to classify banana ripeness 

(a) Dataset samples showing different ripeness stages of bananas. 

(b) Model output correctly classifying an overripe banana with 100% confidence. 

Fig. 3a and 3b present a practical example from one of the student projects focused on classifying 

banana ripeness into three stages: Too early, Ripe, and Too late. The dataset included over 150 image 

samples per class, collected via webcam. The model achieved high confidence in classification, as 

shown in the example where a banana at a late ripeness stage was correctly identified with 100% 

certainty. 
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a) b) 

Fig. 4. Training results for the banana ripeness classification model 

(a) Accuracy per epoch showing perfect classification achieved by epoch 16. 

(b) Loss per epoch indicating rapid convergence with minimal overfitting. 

Fig. 4a–b summarize the banana-ripeness model's behavior under TM's default settings: 

convergence on perfect accuracy and loss reduction within the first few epochs. 

5. Discussion 

While elementary school is rarely thought of as a setting for AI education, our project 

demonstrates that hands-on, no-code tools can bridge that gap. Students not only trained seven 

distinct classifiers with impressively high accuracy but also developed a nuanced understanding of 

why some models generalize better than others. First, generalization performance, how well the 

model performed on new, unseen data, varied depending on the nature of the visual content. Projects 

involving more stable, static images (e.g., rocks, school objects) tended to generalize better 

compared to models working with more dynamic or nuanced inputs like facial expressions, which 

were more sensitive to changes in lighting and subtle differences in the data. Students who used 

consistent lighting and clean backgrounds achieved enhanced accuracy. For example, Group E (rock 

types) gathered data outdoors under natural lighting with static object positions, which helped 

ensure reliable model performance. On the contrary, students using variable camera angles or facial 

data (Groups A, F) encountered minor misclassifications due to differences in expressions, lighting, 

and occlusion. Student learning journals confirmed these findings:  

• "Initially, our model misclassified smiles and neutral faces, but after incorporating a greater 

variety of training images, its performance improved significantly."  

• "It was surprising that changing the lighting affected accuracy so much—it made me realize 

how sensitive AI can be." 

5.1 Convergence and overfitting 

Beyond generalization, we also examined the models' learning dynamics over training epochs. 

In Figure 4a, training and test accuracy reach 100% by epoch 16 and remain stable during the rest 

of the training process. This process indicates that the model learned to perfectly distinguish 

between the three classes (Too early, Ripe, Too late) based on the input data. Figure 4b shows a 

corresponding sharp drop in training and test loss, approaching near-zero values very early in the 

training process. The close alignment between the training and test curves in both graphs suggests 

that the model achieved excellent performance with no signs of overfitting. Although students were 

not directly involved in tuning training parameters or analysing performance metrics in depth, these 

visualizations introduced key machine learning concepts such as convergence, overfitting, and 

generalization in an age-appropriate and intuitive manner. 
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5.2 Pedagogical implications 

The immediate visual feedback on accuracy and loss empowered students to connect abstract 

machine-learning concepts with tangible outcomes. By offloading coding syntax to the platform, 

learners could focus on experimental design, hypothesis testing, and iterative refinement, key 

elements of computational thinking. Small-group collaboration fostered peer learning and social 

constructivism: students compared strategies for data collection, debated trade-offs between dataset 

diversity and noise, and negotiated when to stop training. These interactions not only deepened 

technical fluency but also promoted metacognitive skills as students articulated their reasoning and 

evaluated model behavior. 

5.3 Ethical and theoretical reflections 

Integrating facial-image projects naturally prompted discussions about data privacy, consent, and 

the permanence of digital records, issues aligned with global frameworks such as AI4K12. Situating 

these debates alongside classical learning theories created a rich interdisciplinary context: 

trial-and-error optimization in models mirrored Thorndike's puzzle-box experiments, while rapid 

convergence evoked Köhler's insight learning by illustrating how structured feedback can trigger 

conceptual leaps. Encouraging students to draw these parallels fostered a holistic understanding of 

learning as both a human and algorithmic process, strengthening their ethical awareness and critical 

stance toward emerging technologies. Together, these findings suggest that no-code AI experiences 

can do more than teach technical skills; they can cultivate collaborative inquiry, ethical sensitivity, 

and a theory-informed appreciation of learning mechanisms. 

5.4 Limitations of the study 

While the results of this study are encouraging, there are several limitations to consider. Firstly, 

the sample size was small, consisting only of four students enrolled in a regional center for gifted 

education. Consequently, the findings may not be relevant to broader student populations with 

diverse academic backgrounds and abilities. Secondly, the study relied exclusively on the TM 

platform, which, although user-friendly, offers limited control over model architecture, 

hyperparameters, and performance metrics beyond fundamental accuracy. More advanced insights, 

such as confusion matrices or loss curves, were unavailable through the interface. Additionally, the 

models were tested using small, self-collected datasets, which may have introduced bias or 

overfitting despite the students' efforts to vary lighting and background conditions. Finally, the short 

duration of the project limited the depth of exploration, and long-term retention or understanding 

of AI concepts was not formally assessed. 

6. Conclusion and future work 

This study demonstrates that elementary level students, even without prior coding experience, 

can effectively engage with core machine learning concepts through hands on platforms that require 

no code. Over five sessions, participants designed and trained seven different image classification 

models, covering tasks such as facial expressions, recyclable materials and fruit ripeness, with 

reported accuracies between 84 % and 96 %. Beyond achieving strong performance metrics, 

students developed critical awareness of issues such as dataset bias, overfitting and ethical 

considerations around personal data use. By removing technical barriers and emphasizing 

collaborative experimentation, the activity fostered foundational digital literacies including iterative 

problem solving, reflective analysis and informed dialogue. Students questioned how model inputs, 

training conditions and real world contexts influence outcomes and thereby laid the groundwork for 

responsible use of artificial intelligence. Future work should broaden participation to include more 

diverse learner populations and implement formal assessments to quantify gains in both conceptual 

understanding and ethical reasoning. Comparing different hands on environments, such as 

Scratch + Machine Learning for Kids, MIT App Inventor with AI extensions, and beginner‑friendly 
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Python notebooks, could provide differentiated learning pathways tailored to student interests and 

experience levels. Incorporating richer analytics, including confusion matrices, parameter 

sensitivity studies and structured ethical case critiques, would deepen technical insight while 

maintaining accessibility. Longitudinal studies are also needed to evaluate how early AI exposure 

shapes students' sustained interest in STEM fields, their digital competence and their development 

as informed digital citizens. Embedding accessible, project based AI experiences at the elementary 

level can equip the next generation with both the skills and the critical mindset needed to navigate 

and contribute to an increasingly intelligent world. 
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