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ABSTRACT
Artificial Intelligence (AI) technologies 
are part of our daily lives, so educators 
will need to teach about and with 
them. We introduce three research 
themes that may be helpful with this. 

First, when teaching about AI and 
machine learning (ML), a simple learning 
framework has been suggested called 
SEAME. The framework comprises four 
levels: 'social and ethical', 'application', 
'model' and 'engine', the levels provide 
a simple way to verbalise the main aim 
of a learning event. 

Second, there is anthropomorphisation 
and the impact of making tight 
associations between human 
behaviour and AI tool functionality. 
Research is accumulating on the risks 
of anthropomorphisation, including 
students developing a naïve view 
of technologies, not holding AI tool 
developers accountable and forming 
relationships with AI tools that may 
have unintended influence.

Finally, data-driven systems – the 
basis for ML. These are founded on 
probability and prediction, rather than 
a guaranteed, explainable set of rules 
(algorithms). Students will need to 
understand both data-driven and rule-
based systems to navigate the complex 
new world of technologies.

1. INTRODUCTION
Teachers in England are required to 
meet the Teachers’ Standards set by the 
Department for Education, including to 
‘demonstrate a critical understanding 
of developments in the subject and 
curriculum areas’, ‘contribute to the 
design and provision of an engaging 
curriculum within the relevant 
subject area(s)’ and ‘demonstrate 
knowledge and understanding of how 
pupils learn and how this impacts 
on teaching’ (DfE, 2011). For an 
established subject, teachers can 
draw from previous teaching activities, 
assessment outcomes and research 
on how students learn about the 

subject to better understand what to 
teach and how. But how do teachers 
approach a new subject with concepts 
and teaching activities they have no 
experience of, and a different way of 
thinking that underpins the essence 
of the subject? How should we start 
to support teachers in meeting these 
standards concerning the subject of 
artificial intelligence (AI), including the 
technologies of generative AI (GenAI) 
and large language models (LLMs) and 
a data-driven way of thinking?

There is no doubt that AI technology 
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now infuses our lives (Maslej et al., 2023), 
and awareness of this has accelerated 
since ChatGPT entered the consumer 
market in November 2022. Teachers are 
likely to be urged to start using AI in their 
practice for three purposes: using AI tools 
for productivity, using AI tools to teach 
any subject and teaching about AI (Figure 
1). Anecdotally, we sense that currently, 
most of the focus in the education 
landscape is on getting teachers to use AI 
for productivity, such as creating lesson 
plans and teaching materials to ‘reduce’ 
workload (DfE, 2025; Miao and Cukurova, 
2024; Miao and Holmes, 2023). We also 
see that teachers are being encouraged 
to use AI-augmented learning systems 
with students in the classroom to deliver 
personalised learning (DfE, 2025). Far 
less attention has been paid to teaching 
students about AI technology (Miao and 
Shiohira, 2024).

Figure 1: Three ways that AI technology may 
manifest in education

Here, we focus on this more neglected 
aspect, and look at what and how we might 
teach about AI and some aspects of the 
related pedagogical content knowledge 
(PCK) (Magnusson et al., 1999; Shulman, 
1986) needed by teachers. Some AI 
concepts have already been taught in 
schools, but this has been at higher 
levels of computer science (Cambridge 
International, 2018), particularly focusing 
on the social and ethical dimensions, 
facilitated through research studies 
(Lindner et al., 2019) or through 
university outreach and non-formal 
learning experiences (Curzon and Waite, 
2018). However, as a school subject, we 
do not have the luxury of decades of 

experience, as with, for instance, maths 
or history. Nor can we draw from a body 
of common experiences of teachers 
having learned about AI in their own 
school careers. We can, however, learn 
from promising areas of related research 
that may contribute to teachers’ fledgling 
PCK in the topic, such as the curricula 
that might be taught, how students 
might understand the subject and what 
instructional approaches might be useful. 
We hope that this introduction to a small 
set of research themes correlated to PCK 
will provide a useful starting point for 
teachers to consider as they start to build 
their foundational understanding of this 
exciting but complex topic.

We introduce three underpinning 
research themes as our starting point: 
1) SEAME (a simple framework for helping 
us think about the body of knowledge 
for teaching about AI), 2) avoiding 
anthropomorphisation and 3) the key 
concept of data-driven problem-solving. 
These research themes have been used 
to inform computer science education 
research (Rizvi et al., 2023; Waite et al., 
2022; 2024; Whyte et al., 2024) and in 
education resource development, they 

have been included in the key design 

principles of the Experience AI lesson 

materials (Raspberry Pi Foundation, co-

developed with Google DeepMind, 2023). 

These resources are used to teach about 

AI and AI literacy to 11 to 14-year-olds and 

are used in England and internationally.

To situate the research themes, we use 

pedagogical content knowledge (PCK). 

PCK is a cornerstone of a teacher’s 

professional knowledge of any subject, 

suggesting that teachers use an 

overlapping combination of different 

types of knowledge to plan and deliver 

effective educational experiences for a 

particular subject area (Magnusson et 

al., 1999; Shulman, 1986). Magnusson 

et al. (1999), in science teaching, provide 

a popular view of PCK with a set of four 

elements (Figure 2), which we use as a 

framing theory.

Figure 2: A generic view of the elements of pedagogical content knowledge (PCK) (simplified from the 
scientific view of Magnusson et al., 1999)
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2. SEAME FRAMEWORK
Figure 3: The SEAME framework (Waite et al., 2023) and an example of its classroom resource use (Raspberry Pi Foundation, 
co-developed with Google DeepMind, 2023)

(b) Using SEAME to balance learning objectives in resources that teach about AI

Three research themes for teaching about AI in classrooms

(a) The SEAME framework

We introduce SEAME as a useful 
framework, mainly to support teachers’ 
PCK element of knowledge of curricula. 
SEAME can help teachers group related 
concepts using the levels, design 
balanced sets of activities and review 
and evaluate potential teaching materials 
to check the coverage of all levels of AI 
knowledge. Being able to review and 
evaluate teaching materials is likely an 
important first step for teachers as they 
embark on teaching about AI. There is a 
plethora of resources that teachers can 
find to teach about AI, often badged as 
'AI literacy'. Still, early indications are 
that this material is often aimed at any 
age group, lacks learning objectives and 
pays no attention to assessment and 
progression (Waite et al., 2023). To help 
teachers start to review these resources, 
a simple framework, SEAME, has been 
created. The framework was developed 
when professional development (PD) 
was designed to teach about AI in 2018. 
During PD design, it became evident 
that some activities were very technical, 
explaining how the AI technology worked, 
and at other times, activities were 
targeted more at the social implications of 
AI. Therefore, a mechanism was needed 
to distinguish between these different 
dimensions so that teachers could better 
understand the topic (Waite and Curzon, 
2018). The framework provides a way to 
group learning objectives, concepts and 

lesson activities and to see the pattern 
of these over time. The framework has 
been used in research to review teaching 
resources (Rizvi et al., 2023; Waite et al., 
2023) and categorise students’ emerging 
conceptions of AI (Whyte et al., 2024). 
Resource development teams have also 
used SEAME to help them review schemes 
of work and sets of learning objectives 
to balance the more human-centred 
learning objectives against the more 
technical aspects of AI systems (Figure 3b). 
Teachers may find the framework useful 
to help them narrow the complexity of 
the subject, as they can focus on one level 
at a time or track how a concept changes 
across the levels. However, more research 
is needed to discover the best way to use 
the framework.

The framework has four levels: ‘social 
and ethical’, ‘application’, ‘model’, and 
‘engine’ (Figure 3a). A social and ethical 
learning objective would be for students 
to ‘know about the idea of bias in AI 
systems and say how this impacts their 
lives’. An application-level objective would 
be to ‘identify everyday examples of AI 
technology’. For a model-level objective, 
students ‘can train a simple classification 
model’, and for an engine-level, students 
‘can explain in simple terms how a neural 
network works’. The SEAME levels do 
not dictate the learning order. Rather, 
the levels provide a common language 

for teachers, researchers and resource 
developers to categorise teaching and 
learning. Using SEAME, we can see that 
learning activities often span more than 
one level. It is also expected that learners 
will become more able to move between 
levels as they progress.

Some concepts, such as bias, are likely 
to be taught at all levels of the SEAME 
framework. For example, in facial 
recognition systems, there has been 
an issue with the output being less 
accurate in correctly identifying people 
with non-white skin types, a clear bias 
(Leslie, 2020). This issue is well-known 
and can be examined from a social and 
ethical standpoint, perhaps through class 
discussion. Students may have personal 
or family experiences with such facial 
recognition systems and may be able to 
consider the effect of this technology 
on different communities and society 
more widely. At the application level, 
students could research which systems 
use this technology, such as smartphone 
unlocking, being tagged on social media, 
automated passport checks and CCTV 
systems checking for individuals on 
watchlists for sporting and music events. 
By training a simple emotion detector, 
students could also explore the data 
aspects of how facial recognition works 
(at the model level). There is an increasing 
number of tools that can be used for 



3332

RESEARCH in TEACHER EDUCATION

Vol.15. No 1. May 2025 pp.00-00

such activities – for example, Machine 
Learning for Kids (Lane, 2017), Google’s 
Teachable Machine (Google, 2019) and 
GenAI Teachable Machine (Generation 
AI, 2024) (a version that automatically 
generates an app). At the engine level, 
older students could read about the 
complex technical details of facial 
recognition systems and, as a class, review 
explanations and produce simplified 
posters of the technology, linking back to 
social and ethical issues. The Alan Turing 
Institute’s ‘Understanding bias in facial 
recognition technologies: An explainer’ 
(Leslie, 2020) is a good starting point for 
such an activity.

3. AVOIDING 
ANTHROPOMORPHISATION
The second research theme, avoiding 
anthropomorphisation, will likely help 
teachers develop their PCK of teacher 
knowledge of instructional strategies 
and student understanding. Even at this 
early stage of teaching about AI, there is 
an indication that teachers recognise the 
potential impact of anthropomorphisation 
on their students. In a 2024 survey of 
1508 literacy teachers from UK primary 
and secondary schools, 83.5% reported 
that the human-like responses of GenAI 
may tempt more students to use it 
(Picton and Clark, 2024). This human-
like output from LLMs and GenAI tools is 
anthropomorphic. A dictionary definition 
of anthropomorphising is ‘to show or treat 
an animal, god or object as if it is human 
in appearance, character or behaviour’ 
(Cambridge University Press, 2025).

Anthropomorphisation is akin to using a 
metaphor, as some aspects of AI systems 
‘appear’ human-like. Metaphors can be 

used as an instructional approach. In 
science education, the effectiveness of 
metaphors for teaching fundamental ideas 
has been called into question without a 
clear conclusion; rather, there is evidence 
for and against (Tang and Hammer, 2024). 
Yet, at the start of learning about the topic 
of AI, where a student’s understanding 
of the domain is poor, filling in the gaps 
with the metaphor is likely (Tang and 
Hammer, 2024). The metaphor may, 
initially, help create a causal story to 
simplify the complex technology (Tang 
and Hammer, 2024). However, the 
long-term impact of perpetuating a 
metaphor may be undesirable, as there 
are risks that metaphors can lead to 
misconceptions through fragmented 
knowledge and assumptions (diSessa, 
2014; Tang and Hammer, 2024). Often, 
a metaphor will ‘run out of steam’ and 
students make incorrect assumptions. 
Therefore, in designing learning activities, 
teachers might consider how they use 
the AI anthropomorphic metaphor as an 
instructional approach but, perhaps, with 
particular care for some students.

One risk is that if students develop a 
mental model based on a metaphor, 
they may choose not to look beyond this 
initial view (Tang and Hammer, 2024) 
and ‘get stuck' with the metaphor. This 
may be more problematic for some 
students than others. There is increasing 
evidence that some groups of people are 
more inclined to be attracted to using 
AI tools due to their anthropomorphic 
nature than others (Alabed et al., 2022). 
These groups could be seen as some 
of our most vulnerable students, who, 
perhaps, most need to raise their critical 
understanding of AI tools. For example, 

the anthropomorphisation of chatbots is 
generally expected to encourage people 
to use such systems, with increased 
attraction being found in certain groups, 
such as those at risk of social exclusion, 
with a need to belong, with interest 
in innovation, and extraverts (Alabed 
et al., 2022). However, AI technology 
anthropomorphisation may lead to 
incorrect mental models of how AI works, 
as the technology is humanised, black-
boxed and oversimplified (Druga et al., 
2017; Tanaka et al., 2007; Tedre et al., 
2021; Turkle, 2005). For instance, young 
children have been found to view robots as 
peers rather than devices, overestimating 
technology capabilities or seeing them as 
less smart ‘people’ (Druga and Ko, 2021; 
Williams et al., 2019). A further impact 
of attributing human-like characteristics 
to AI products is that students have been 
found to delegate the responsibility of the 
output to the AI agent rather than to the 
human system owner or developer or the 
tool user (Salles et al., 2020). Perhaps, 
though, the most concerning aspect is 
that of relationship-forming. Using tools 
that appear to be human-like can result 
in relationship-forming, which can lead 
to serious risks of unintended influence 
or purposeful manipulation (Vollmer et 
al., 2018; Williams et al., 2022; 2018). A 
recent high-profile incident of a family 
claiming a young person was influenced 
to commit suicide by an AI chatbot with 
which the young person formed a close 
emotional relationship (Montgomery, 
2024) may be an indication of significant 
issues ahead.

How anthropomorphised AI agents 
are portrayed to the end user is also 
important. For example, AI agents have 
been predominantly ‘portrayed’ as 
female, baking in female objectification 
and exacerbating gender power 
imbalances (Borau, 2024). The list of 
reasons to avoid anthropomorphisation 
of AI systems, or at least to teach about 
this aspect of AI technology, grows daily as 
new data-driven products are introduced 
and more widely adopted by younger and 
more diverse sets of consumers.

Avoid Instead
Using phrases such as ‘AI learns’ or ‘AI/
ML does’

Use phrases such as ‘AI applications 
are designed to’ or ‘AI developers build 
applications that...’

Words that are used to describe the 
behaviour of people (‘seen’, ‘look’, 
‘recognise’, ‘create’, ‘make’)

Use system type words (‘detect’, ‘input’, 
‘pattern match’, ‘generate’, ‘produce’)

Figure 4: An example of guidance that can be used to support the design of AI literacy resources to avoid 
anthropomorphised language (as used in the Experience AI resources (Raspberry Pi Foundation,  

co-developed with Google DeepMind, 2023)
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4. DATA-DRIVEN RATHER THAN RULE-BASED PROBLEM SOLVING
Move 1: 
Place an X in a corner.

Move 2: 
IF the other player did not place an O in the opposite corner, 
THEN place an X in the opposite corner to move 1. 
ELSE place an X in a free corner.

Move 3:  
IF there are 2 Xs and a space in a line, 
THEN place an X in the free space on that line. 
ELSE IF there are 2 Os and a space in a line, 
THEN place an X in that space. 
ELSE place an X in a free corner.

Move 4: 
IF there are 2 Xs and a space in a line, 
THEN place an X in the free space on that line. 
ELSE IF there are 2 Os and a space in a line, 
THEN place an X in that space. 
ELSE place an X in a free corner. Rule based

Data driven

Figure 5: An example of how the concept of data-driven problem-solving can be 
explained to students (as used in the Experience AI resources  

(Raspberry Pi Foundation, co-developed with Google DeepMind, 2023))

The third research theme introduced here 
is so fundamental that it is likely that it 
will influence knowledge of curricula, of 
student understanding and of instructional 
strategies. The fundamental new concept 
is data-driven problem-solving versus 
rule-based problem-solving.

Rule-based problem solving is where a 
problem is broken down into steps. A set 
of steps to solve a problem is called an 
algorithm, and students can implement 
simple algorithms on a computer as a 
program. Children from the age of 5 in 
England have been required, since 2014, 
to ‘understand what algorithms are; how 
they are implemented as programs on 
digital devices; and that programs execute 
by following precise and unambiguous 
instructions’ (DfE, 2013). Learning 
activities to meet these standards include 
young children programming simple toys 
to navigate a route, such as drawing a 
shape1. Other activities include creating 
a set of instructions to do a task, such 
as making a jam sandwich, where the 
instructions are not implemented as 
a computer program; rather, they are 
followed by people, helping students 
to learn about the need for rule-based 
systems to be precise.

Data-driven systems do not work like rule-
based systems; uncertainty, probability, 

inherent bias and a lack of explainability 
are associated with data-driven systems, 
compared with certainty, following rules 
and the explainability of rule-based 
systems. 'Data-driven' can be used as an 
umbrella term to cover both generative 
AI and machine learning systems as it 
neatly describes systems trained on data 
(Tedre et al., 2021) and conveniently, has 
no anthropomorphic association. Data-
driven systems include those trained on 
vast amounts of data, such as ChatGPT, 
recommender systems for music and TV 
products and facial recognition systems.

Teaching students about this term, data-
driven, and using it in teaching and 
learning, could alleviate the negative 
issues associated with the human-like 
metaphor of the AI topic and reinforce 
the key underpinning difference between 
this type of problem solving (data-driven) 
and that of more traditional approaches 
(rule-based). Simply put, generative AI 
and machine learning systems are data-
driven technologies that process vast 
quantities of data to create a model that 
can then be used to output new content 
or predictions.

From a PCK view of students’ 
understanding, whether we should 
teach rule-based problem-solving first 
to students or data-driven first, or both 

at the same time, there is no research 
evidence yet to help practitioners decide. 
In England, as a rule-based approach is 
already being taught in schools through 
our introduction of algorithms in 
computing lessons from the age of 5, it is 
likely that for current K-12 students, data-
driven will be taught second. However, as 
research is done to investigate the order 
in which these fundamental concepts are 
taught, this 'rule-based first' assumption 
could change.

It is still too early to tell which 
instructional strategies may be useful 
for teaching a data-driven approach to 
problem-solving. Similar approaches 
may be used to teach other subjects, 
such as data handling in maths, which 
may be reusable, but research is needed. 
Even if students do not take computer 
science at a higher level, it is likely that 
when being taught basic AI literacy, they 
will need to appreciate the societal and 
personal risks and benefits of data-driven 
systems compared to rule-based systems. 
Therefore, we expect that students will 
need to be able to distinguish between 
the two approaches to problem-solving, 
consider which approach has been used 
to build any application they might be 
using and be able to form two distinct 
mental models about how systems work.

Three research themes for teaching about AI in classrooms

1. https://www.barefootcomputing.org/resources/bee-bots-1-2-3-programming
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In one set of resources teaching AI 
literacy, differences are taught about 
rule-based and data-driven problem-
solving by comparing a set of rules (an 
algorithm) for winning at noughts and 
crosses, which students could implement 
using a programming language such as 
Scratch or Python (Figure 5, left) to using 
vast quantities of data (Figure 5, right) to 
create data-driven models, such as neural 
networks, to play such a game.

We suggest that the concept of data-
driven problem-solving is essential to help 
teachers and students understand the 
fundamental differences between how 
probabilistic generative AI and machine 
learning systems work compared to the 
predictable, rule-based systems they have 
become accustomed to working with 
and using.

5. CONCLUSION
In summary, teachers must acquire new 
pedagogical content knowledge (PCK) to 
teach about AI in their classrooms. This 
knowledge is needed now, as related 
data-driven technology is becoming 
increasingly common in students’ lives. 
Such technology is being embedded in 
common tools such as word processors, 
image editors and search engines and 
specific products, such as recommender 
functionality in streaming applications. 
However, there is limited research, 
particularly in school contexts, about 
what PCK educators need to be able to 
teach about this technology.

We have presented three emerging 
research themes that will likely become 
important to educators developing their 
PCK for teaching and learning about AI. 

First, SEAME is a simple framework that 
helps to categorise AI learning activities. 
We suggest that SEAME will support 
teachers in evaluating and shaping 
learning progression, drawing attention 
to the balance of the ‘social and ethical’, 
‘application’, ‘model’ and ‘engine’-level 
learning for any group of students.

Second, we outlined anthro-
pomorphisation and the need to avoid 
this as we teach about AI technology. We 
suggest images of smiling AI robots should 
be replaced with technical diagrams, and 
phrases such as ‘the AI thinks’ should be 
replaced with terms such as ‘AI systems 
process’. Such changes, we suggest, will 
help stop students from getting ‘stuck’ 
with the metaphor, where they do not 
look to develop an accurate understanding 
of how the technology works. Growing 
evidence of unintended and purposeful 
manipulation of individuals through AI 
systems, particularly the more vulnerable 
of society, warns us that we must help 
our students understand this technology. 
AI systems are not human, they are not 
magic and there are risks and benefits to 
their use.

Finally, we introduced the fundamental 
concept of data-driven problem solving 
and how this differs from the current rule-
based approach used in schools to teach 
how computer systems work. Rule-based 
systems can be explained; the output is 
always the same for a set of inputs and 
there is certainty. Data-driven systems are 
derived from the probabilistic processing 
of vast amounts of training data (with 
inherent biases). Data-driven systems will, 
by design, produce differing outputs each 
time they are used for a set of inputs (and 
if the data used to train was biased, the 
output will be, too). Uncertainty has been 
introduced. When talking in class about 
AI technology, we recommend using the 
term 'data-driven', and drawing attention 
to the role of data in AI systems and the 
bias in data. Such language changes could 
help students see why a ‘human in the 
loop’ is essential to evaluate and check 
data-driven system output.

In introducing these three research 
themes, we have suggested how these 
themes may play out in terms of PCK. But 
whether this will be the case, only time will 
tell. Still, in the first instance, teachers can 
become aware of these themes and start 
considering how they might impact their 

practice in their classroom. Teachers can 
look for such themes in any professional 
development they are offered and in any 
resources they may encounter to teach 
about the subject. We hope that, with 
increased PCK, teachers will be in a better 
position to start to equip their pupils with 
the competencies they need to keep safe 
and to get the best out of this new data-
driven world. n
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