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Abstract

Theory of mind refers to the attribution of mental states that
humans ascribe to other humans or objects (such as computer-
based systems). Recently, the attribution of mental states has
been investigated toward Artificial Intelligence (AI) as a basic
manner to capture people’s engagement toward it, and peo-
ple’s perception about AI social skills and AI capabilities. In
line with this idea, mental state attribution can be used as an
indirect measure of students’ understanding of AI function-
ing, and in particular of the kind of interactions students may
have with AI systems. Too often is the case of people using
generative AI systems in ways that exceed their actual ways
of functioning. In our study, children of age in the range 9-
12 were involved in one-shot unplugged activities concerning
data and models. The unplugged activities were not aimed at
teaching the theory of Machine Learning, but rather they were
designed so as to provide awareness on some basic mech-
anisms and help developing a correct use of tools that are
becoming more and more present in everyday life. This pa-
per introduces the activities and reports the results that were
achieved.

1 Introduction
In recent years, Artificial Intelligence (AI) and Machine
Learning (ML) have become ubiquitous in everyday life.
The adoption and the exposure is so wide and fast evolv-
ing that it is difficult to predict the level of understanding
that people have of AI systems, as well as the awareness
about the mechanisms, opportunities, and threats of ML, es-
pecially among children (UNICEF 2019). It is, thus, useful
to develop popular-scientific activities, that allow people to
acquire a correct perception of how ML tools work with-
out explaining ML theory, which many persons, because of
age or of background, would not have the means to under-
stand. The reason is that these same persons are exposed to
generative AI and other systems and, unless endowed of the
right conceptual tools, they would be exposed to risks (e.g.,
thinking the system is an infallible oracle, using the system
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as a psychologist or as an advisor, developing feelings for
the system). For a wide diffusion, the activities should be
simple, fast, easily deployable in various contexts (e.g., ex-
hibitions, public engagement events, schools, fairs), and the
focus should be on evaluating the (change of) perception
people have towards ML systems rather than on the com-
petence to use ML tools, which is not a target.

In this work, we describe a set of unplugged activities,
that we developed in order to provide awareness on some
basic mechanisms of ML (related to classification tasks),
and help developing a correct use of tools that are becom-
ing more and more present in everyday life. We also report
results on their evaluation, that was carried out by verify-
ing the mental states that children, of age in the range 9-12,
ascribe to ML systems before and after the activities. This
evaluation builds upon the literature concerning the theory
of mind, that we briefly introduce hereafter, and in partic-
ular on works like (Frischknecht 2021), which explain that
anthropomorphizing and ascribing agency to non-human en-
tities is a common strategy that humans use to make sense
of the environment, and like (Shank and DeSanti 2018) that
observes an increase of mental states attribution when peo-
ple have more information of how the used algorithm works,
interpreting it as a perception of the system of being capable
of planning and having intentions.

The term theory of mind refers to the ability of a person to
infer other persons’ mental states and emotions (Brüne and
Brüne-Cohrs 2006). The attribution of mental states that one
makes toward another person is at the basis of the interaction
the person establishes, or is willing to establish. Therefore,
it can be used to predict one’s behaviors and social interac-
tion attitudes. Similar interest to human-human mental state
attribution has been directed toward human-computer men-
tal state attribution, to predict and explain the interactions
people establish with computer-based systems, and to po-
tentially understand the level of confidence, trust, and such
like people place in them (e.g., (McEneaney 2009)).

More recently, scholars started investigating people’s
mental state attribution to AI systems, as a basic manner
to capture people perception of AI social skills, AI capa-
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bilities, and people’s engagement in using these technolo-
gies (Frischknecht 2021). Their findings are in line with
other studies in the literature (Shank and DeSanti 2018;
Thellman, de Graaf, and Ziemke 2022; de Graaf and Malle
2019; Epley, Waytz, and Cacioppo 2007; Levin et al. 2013;
Marchesi et al. 2019; Thellman 2021), showing that the at-
tribution of more mental states to an artificial device (e.g., a
robot) correlates to a deeper understanding of how it func-
tions, which, in turns, allows people to predict and explain
the behavior of the device. Frischknecht (2021) investigates
the relation between autonomy and mental states attribution:
the more autonomous a system is, the more agency (i.e., the
capability to act, make decisions, and achieve goals) is as-
cribed to it by people. This is well-known also in AI, and in
particular in the Multiagent Systems literature (Wooldridge
and Jennings 1995, Section 2.1).

In our work we measure children’s mental state attribution
to an AI-based software before and after an educational in-
tervention. The measurement exploits the AMS scale (Manzi
et al. 2020). The educational intervention, of the duration of
about one hour, consists of a set of activities, and targets
kids of age 9-12. The activities do not require the use of a
computer or other electronic device (they are unplugged),
and they are structured as small tasks that children are asked
to solve and whose solutions provide the starting points for
explanations and discussions. A detailed description of the
intervention is included in this paper. The expectation is that
after having more information on how ML functions, chil-
dren ascribe more agency to the AI and less of experience
(i.e., capabilities to feel). This result would be along the
line of (Shank and DeSanti 2018; Thellman, de Graaf, and
Ziemke 2022) which, however, did not involve an educa-
tional intervention.

In the rest of the paper, we first present the design of the
experiment and the involved participants. Then, we describe
the activities we administered in roughly one hour of inter-
vention. Finally, we comment the collected results and relate
the work with the literature.

2 Method
For our study, we measured mental states attribution by way
of a subset of the standard AMS scale (Manzi et al. 2020) in
a pre- and post-test approach so to assess the effects of our
intervention. In this section, we describe in detail our proce-
dure, the involved participants, and the educational material
we designed.

Procedure and Measures
The team of researchers, composed of computer scientists
and psychologists, instructed a moderator to lead the educa-
tional intervention that develops as follows. As a first step,
children are shown a video, extracted from the AI for Ocean
activity (code.org - AI for oceans), offered by the code.org
platform (code.org). The video shows an AI-empowered
robot that successfully cleans the ocean of garbage (see sup-
plementary material). The AI is able to distinguish without
making any mistake between various types of fish, which
are left swimming, and garbage items, which are, instead,

thrown away. After the video, the moderator proposes the
children to teach a new robot to do the same.

As a second step, children are asked to fill a scale, consist-
ing of a subset of questions from the AMS scale (Manzi et al.
2020). We opted for this questionnaire since it is well known
in the literature (Thellman, de Graaf, and Ziemke 2022) and
children fill it quickly, which avoids them getting bored and
thus distracted. At the top of the sheet of the AMS question-
naire, we reported the picture of the robot children have just
seen in the video. The form contains 26 questions. For ex-
ample, one question is “Do you think that the AI can under-
stand?”. For each question, the children can choose among
the possible answers “a lot” (2 points), “a little” (1 point) or
“not at all” (0 points). The total score is the sum of all re-
sponses (ranging from zero to 52). The lower the result, the
fewer mental states are attributed to the AI system.

The moderator, then, introduces the unplugged activities
by explaining to the children that, before teaching the ocean
robot, the children themselves need to be instructed on how
a robot learns. The moderator presents one task at a time,
giving children enough time to solve it in autonomy. Then,
the moderator collects some answers from the children, and
comments on them, explaining why they were correct or not.
This interaction gives us the possibility to explain the con-
cepts, but also to grasp what are the aspects that children
have more difficulties to understand, and also whether the
tasks we are proposing them are well formulated and not too
easy or too difficult for children to solve.

Once all tasks are completed, the moderator asks children
to fill the AMS questionnaire again. Since the AMS was also
administered at the very beginning, we are able to capture
whether our intervention changes the children’s perspectives
on ML and AI.

The last step consists in asking the children to cooper-
ate for training the robot they have seen at work in the ini-
tial video. The AI for Ocean exercise from code.org is then
performed collectively, allowing children to practice what
they have learned. Children discuss possible justifications
for those cases in which the robot classifies wrongly fishes
or garbage, based on the examples the AI was trained on
(e.g., a fish was misclassified because of its color, similar to
many garbage items saw in the training phase, or a piece of
garbage is recognized as a fish because of its shape similar
to many fishes). Children also decide when to stop showing
the robot examples of fish and of garbage.

Participants
We experimented our set-up at two public events: a book
fair, and a scientific fair for schools, both held in Italy. The
intervention took about one hour. The groups of children (all
volunteers) were heterogeneous in gender, provenance, and
age, ranging from 9 to 12. The heterogeneity of the groups
makes the analysis independent from children background
and contexts.

Overall, we collected more than 120 AMS forms, but only
104 were completely filled both at the pre- and at the post-
test. So, only these 104 forms were used in the analysis. In
fact, due to the extra-curricular nature of the events, children
were free to fill their questionnaires just partially.
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Before administering the activities to children, these were
approved by our University ethical committee. Moreover,
children could at any time reject the consent to process the
results of their questionnaires.

Material
When designing the educational intervention, we had to face
some challenges. We wanted the intervention to be of short
duration, not to tire children too much and thus loose their
attention. At the same time, however, we wanted to cover
a number of basic concepts that are recurrent in ML prob-
lems, so that the tasks can be sufficiently general. To keep
children engaged, we opted for an approach that required
children to be active. Therefore, first we propose children a
task to solve and then we provide explanations starting from
children answers. Given the format that we chose, i.e., ask-
ing children to solve tasks before giving explanations, we
also had to carefully select the proper abstraction level so
that children can perform the tasks even without any previ-
ous knowledge about ML without getting frustrated.

Concerning the topics addressed in the unplugged tasks,
we focused on classification, which is one of the major
ML areas, and shares issues concerning the construction of
datasets also with other ML areas, like regression and un-
supervised learning, but is more intuitive to children, since
classification is an activity every person performs, usually
inadvertently, plenty of times every day.

To increase the level of engagement, we devised un-
plugged playful activities based on images, in most cases
made up with fictional characters. This allows us to simplify
the images so as to include only the elements that are needed
for the explanation that follows the task. Note that the use of
images is motivated by our goal of devising simple classifi-
cation tasks, where features are immediately recognized by
children, and have a finite, discrete set of possible values. It
is not our goal, here, to cope with image processing ML al-
gorithms (e.g. CNNs). Rather, we aim at a more abstract and
simpler language that children can naturally understand.

In the next section we describe the tasks in detail.

3 The Educational Intervention
Concerning classification, we focused on datasets and mod-
els, and cover issues that are typical of ML tasks. Specifi-
cally, we built upon the principle that ML can only happen
when a set of examples (the dataset) is available, but it is
necessary to avoid bias by selecting representative examples
of the domain under consideration. Moreover, the learning
activity generates a model that can be used to make predic-
tions, but models may also be imprecise and give unexpected
results (the accuracy problem). Finally, machine learning of-
ten relies on estimating the distance between two or more
examples; such a distance depends on the example features,
but not all the features may have the same importance (the
problem of dimensionality).

As said, the tasks are unplugged, so they do not require
any specific device. Moreover, they do not require any pre-
vious knowledge about ML and AI, not even about coding
or programming. The choice of not relying on software or

Figure 1: Excerpt of the fictional characters used in the clas-
sification tasks.

hardware tools is supported by the fact that, as noted in some
recent works (Baldoni et al. 2024a, 2022; Tedre et al. 2021),
the acquisition of competencies on how to use a tool does not
necessarily correspond to the acquisition of awareness and
understanding of how its underlying complex mechanisms
work. We opted to focus on the methodologies underlying
ML in an abstract, general way. Dealing with unplugged ac-
tivities also simplifies the way the intervention can be ad-
ministered and is less distracting for children.

Since the target of our study are children whose age
ranges from 9 to 12 years, we had to find a way to make these
concepts both accessible (in terms of abstraction level and
language) and engaging. As a consequence, we decided to
work with datasets of images only, and to abstract from any
mathematical aspect, with features and classes intuitively
captured by the representations in the pictures. For practical
reasons, the number of instances that we propose for each
learning task is very small. Our datasets are not meant to
be actually used for training, but are an exemplification of
possible scenarios.

The Activities
We have defined ten tasks that children are expected to
complete in one hour. The ten tasks are divided into four
categories, namely: i) Identifying Regularities, ii) Applying
Models, iii) Classification with Real Images, and iv) Dataset
Construction. We now introduce each category.

Identifying Regularities. This category contains three
tasks. Each task provides the children with images that are
explicitly labeled as instances of some classes, but no ex-
plicit model is given (only the instances of the class). The
first task focuses on one target class only: children are asked
to label four new instances as belonging or not belonging to
the class at issue. The second task involves two classes. This
time, children are asked to decide to which of the two classes
each of the four new items belongs. Also the third task con-
cerns two classes, but this time children are asked whether
each of the four new items belongs to one of the two target
classes or to none.

The images that we used for this task category depict
fictional characters inspired by (code.org - Computational
Thinking Lesson) and (code.org - AI for oceans) (although
there they are used in a completely different way). Figure 1
shows an example of items provided for the second task,
where we use fictional fishes. Relying on fictional characters
allows us simplifying the representation, reducing the num-
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Figure 2: Example from the “Applying Models” set of tasks
tackling model accuracy.

ber of descriptive features. Fishes are characterized just by
their i) body shape, ii) body color, iii) eyes shape, and iv) tail
shape. To correctly solve the exercise, children must under-
stand that not all these features contribute to identifying the
class. In particular, only the combination of body color and
eyes shape is relevant to correctly classify the fish. This task
is, thus, related to the dimensionality problem, and forces
children to identify the relevant (combinations of) features
and to reason on them.

Applying Models. In this second group of tasks, the mod-
els identifying different classes are given explicitly. For in-
stance, Figure 2, taken from (Bebras), on the left-hand side
represents a model that has to be used by children to classify
smiles. It shows areas for the mouth and for the eyes. When
the model is overlaid with an instance of a face (as those rep-
resented in the same figure on the right-hand side), the face
is classified as smiling if the mouth falls completely within
the red area and the origin of the mouth touches the green
spots. Similarly, the eyes must fall within the red areas and
touch the green spots.

Children are then asked to classify a set of face instances
by applying the model. With this exercise, children face sit-
uations where the predictions made by the model can pro-
vide very unexpected answers, and disappoint expectations.
In fact, some face instances are clearly smiling for humans,
but are not classified as such by the model, and vice versa
(e.g., the right-hand side face in Figure 2 is not a smiling
face for the model). This task raises the problem of model
accuracy: in general, automatically built models will not be
perfect, and they might fail the classification of some items.

A second task provides the models for three families of
fictional characters, inspired by (code.org - Computational
Thinking Lesson) and reported in Figure 3. The challenge,
here, is to realize that all the features are weighted the same,
and thus a new individual belongs to the family with which
it has more features in common. This is unnatural because
of the human tendency to weight features differently. For in-
stance, human tend to weight the shape of the head as more
important than the shape of the ears, which leads children to
assign a new individual to the family with the same head
shape, if not observing carefully models and individuals.
This is another example of dimensionality problem.

Classification with Real Images. Similarly to the Identi-
fying Regularities category, children are given a set of ex-
ample images – of birds in this case. Then, they are asked to
determine whether, on the basis of such examples, a machine

Figure 3: Fictional characters models.

would be able to recognize birds never seen before.
The challenge of this group of tasks is to understand that

the answers should be given not by applying the human un-
derstanding of birds, but rather by applying a notion of sim-
ilarity, by comparing each image to be classified with those
in the dataset.

Of course, the fictional characters used in the Identifying
Regularities category made the task easier, since the features
to be considered were clearly identified. With real images,
instead, the identification of the relevant high-level features
and the similarity between two images is more challenging
and, indeed, it was left to the children. Note also that all
the images that we asked to classify contained birds (to the
human eye), but some of the pictures captured just details
(e.g., the eyes). So, the children must be capable of under-
stand that a machine can only synthesize very partial models
of birds, and in some cases these models may not be able to
recognize birds.

Dataset Construction. The last two tasks concern the
construction of a representative dataset. Also for these tasks,
we used real images. The aim is to convey the problem that
if the dataset from which a model is learned contains biases,
then the predictions made by the model may be wrong, or
not as expected.

For instance, we provide children with six images repre-
senting either a single dog, details of a dog (e.g., part of the
face or the tail), groups of dogs with humans, or a single
dog but in unusual positions (such as laying or jumping).
Children were asked to choose the three images that they
believed to be the best to help recognize dogs. The intuition
is that even if a dog is depicted in a not so common position
(laying or jumping), it is still a dog and should be included in
a dataset. On the contrary, if an image represents only a de-
tail (e.g., the tail), or the image is mixed, containing groups
of dogs, or dogs being caressed by people, a machine may
find it more difficult to come up with a good model.

4 Analysis and Discussion of the Results
As mentioned, we performed the AMS before and after edu-
cational intervention, collecting 120 forms, out of which 104
were completely filled both at the pre- and post-tests.

The AMS questions can be grouped into five cate-
gories (Manzi et al. 2020): Epistemic, Emotive, Intentions
and Desires, Perceptive. To explore whether our intervention
had an impact on attribution of mental states by category, we
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Figure 4: AMS mean values for the five categories at pre-test (T1) and post-test (T2)

performed a mixed repeated measure ANOVA 5x2 (5 cate-
gories × 2 administrations) on the AMS scale. It showed a
main effect of the category [F(4,103) = 200.66, p < .001,
η2p = .661] but no main effect of administration [F(1,103) =
0.43, p < .516, η2p = .004]. These results show that the scores
attributed by children to the categories were statistically dif-
ferent. In particular, all category scores significantly differ
from each other (p < .010 for all pair comparisons) except
for those given to Emotive and Imaginative categories which
did not differ (p = .752). Interestingly, the score attributed
to the Epistemic category were significantly higher than the
scores given for all the other categories [p < .001] (higher
scores corresponds to the attribution of more mental states).
There is also a tendency for the Imaginative category to de-
crease, though not in a statistically significant way. The re-
sults also show a significant effect of administration by cate-
gory interaction [F(4,103) = 3.98, p = .004, η2p = .037], indi-
cating that from pre-test to post-test assessment the attribu-
tion to specific categories significantly changed. To explore
this interaction a series of paired comparisons within each
category between pre-test and post-test were performed. The
results show that the Epistemic category scores were the
only scores that significantly increased from pre- to post-test
assessment [t (107) = 2.98, p = .004, Cohen’s d = 0.286]. For
the other category scores no statistically significant change
was found [Emotive: t (107) = -0.03, p = .738; Intentions
and Desires: t (107) = -1.17, p = .247; Imaginative: t(105) =
-1.080, p = .074; Perceptive: t (103) = -1.39, p = .169].

Figure 4 shows at a glance the variations of the mean
scores for the five AMS categories, at pre- and post-test.
The picture shows clearly that the Epistemic category mean
scores significantly increased in the post-test, whereas all the
other means scores decrease, though these latter results did
not reach statistical significance. Specifically, after our in-
tervention, children attribute to an AI system more capabil-
ities about learning, taking decisions, memorizing, and un-
derstanding (Manzi et al. 2020). We can thus observe that

children ascribe to a machine the ability to learn and accom-
plish a task. On the contrary, as the category mean scores
show, children attribute less Emotive and Imaginative traits,
such as being happy or sad, feeling cold, or being afraid.
Although only the increase on the Epistemic category is sta-
tistically significant, the overall trend of these results sug-
gests that children correctly perceive the boundaries of a
machine even though it exhibits an intelligent behavior. In
fact, in carrying out the activities, children are asked to put
in practice what they have learned; they have to “think like”
a machine. After our intervention, children attribute to the
machines more agency abilities. This may be justified by
the fact that they experienced how to train an AI system to
make a simple decision. This result goes in accordance with
the literature (Frischknecht 2021; Thellman, de Graaf, and
Ziemke 2022), where a better understanding of the function-
ing and a better prediction of a robot behaviors correlates
with more mental states attribution. On the other hand, all
the other category mean scores decrease. Although this de-
crease is not statistically significant, this sounds correct for
the Emotive, Intentions and Desires, Imaginative, and Per-
ceptive categories, which can be seen as the AMS experi-
ence capabilities (children do not humanize machines too
much). Indeed, it must be noted that none of these aspects
were stimulated in the intervention. For instance, the con-
ductor did not use physical robots (but just a sprite charac-
ter), and hence children were not exposed to the issue of how
robot perceive the world.

We also investigated any gender difference on the attri-
bution of mental states to the ocean sprite robot. Out of the
104 children participating in the trial, only 65 of them pro-
vided the gender information. Therefore, we could not per-
form an in depth analysis on the entire sample. The results
we present are thus to be interpreted as a preliminary study
to guide further investigations. We performed a mixed re-
peated measures ANOVA 5x2x2 (5 categories x gender x
2 administrations) on the AMS scale. The results show a
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main effect of category [F(4,63) = 93.17, p = .001, η2p =
.597], indicating a statistically significant difference among
all category scores (p < .05 for all pair comparisons) except
for Emotive and Imaginative categories which did not differ
one another [p = .848]. With this small number of partici-
pants, no administration by category interaction was found
[F(4,63) = 0.88, p = .479, η2p = .014]. Interestingly, a main
effect of gender [F(1,63) = 7.80, p= .007, η2p = .110] and a
significant gender by category interaction [F(3,63) = 2.77,
p = .028, η2p= .042] were found. These results show that
boys and girls attributed different scores to the various cat-
egories, independent of pre- to post-test assessment. In par-
ticular, boys attributed higher scores than girls to Epistemic
[t(63) = 3.17, p=.002, Cohen’s d= 0.775] and Perceptive
[t(63) = 4.24, p=.001, Cohen’s d= 1.121] categories. No
significant difference between boys and girls was found in
Emotive [t(63) = 0.22, p = .828], Intentions and Desires
[t(63) = 1.90, p = .062], and Imaginative [t(63) = 0.88,
p= .382] categories. We can consider that the intervention
that we performed did not have an effect in reducing the
gender differences, as no significant administration by gen-
der and by category interaction was found. We will investi-
gate in future works whether this difference correlates to the
results from the literature (see (Kuhn and Holling 2009)) re-
porting that boys show better attitudes in science, reasoning
and abstract knowledge (Kuhn and Holling 2009) and that
boys are in general more engaged in using AI tools (Denner
et al. 2005; Teague 2002).

Our analysis also considers qualitative dimensions, and
in particular the children’s feedback during the training of
the ocean sprite robot. During this last phase, the conductor
let children decide on whether to continue with the training
of the robot (by giving additional examples), or to stop the
training and start the testing phase (thus making it classify
new samples). In addition, the conductor asked children to
explain the robot mistakes (misclassifying fish and garbage).
Interestingly, it emerged that children were able to justify the
mistakes. For instance, a particular fish had similar color or
shape to many garbage samples seen in the learning phase,
and so was wrongly considered garbage itself. In providing
these justifications, children adequately used the same termi-
nology adopted in the educational intervention (for instance,
we used the term typical model to identify an image repre-
senting the model of a family of individuals. Children were
correctly using the term.). These answers suggest that chil-
dren had internalized the notions explained, such as those of
model and training set, and its connected problem of bias.
Of course, we take these reactions just as positive feedback
about the educational power of the activities, but cannot give
them statistical value.

5 Limitations
A first limitation that we acknowledge to this study is that it
has been performed in Italy only. As mentioned in the litera-
ture, the attribution of mental states to AI depends on several
factors, such as the context and the background of the par-
ticipants. Therefore, currently we are not able to say how
generalizable the results are to other countries.

Concerning context and background, we did not consid-
ered them as variables in this study and mitigated their ef-
fects by considering a high number of participants. However,
it would be interesting, in future works, to consider them ex-
plicitly and investigate their effects on agency and experi-
ence mental states attribution.

Due to time and children’s attention limits, we had to se-
lect a small number of topics to present in our activities. So
we focused on classification, use of models, and dataset con-
struction since these are foundational topics of ML. More
advanced topics, such as unsupervised learning, can be in-
troduced in the future.

Finally, we decided to adopt the AMS scale to assess the
effects of our activities for two main reasons. First, children
can fill it very easily without getting tired, and hence invali-
dating the test. Second, the AMS questionnaire is standard-
ized and validated in the literature. However, by using the
AMS, a direct comparison with other approaches may be-
come more difficult since it does not categorize items into
agency and experience, as other approaches in the literature.
In fact, the AMS provides a more fine-grained categorization
that we mapped as follows: the Emotive, Imaginative, Per-
ceptive sections of the AMS correspond to the experience
category; while the Epistemic section corresponds to agency.
The Intentions and Desire section of the AMS, instead, does
not fit well neither with agency nor with experience. Ques-
tions falling in this section, in fact, do not clearly refer to
acting and planning capabilities (agency), nor to perceiving
and feeling (experience).

6 Related Works
Over the last few years, research on how to introduce chil-
dren and young adults to AI, and ML, has drawn the interest
of many researches, resulting in so many proposals that it is
not possible to exhaustively cover all of them.

One line of research focuses on the integration of AI con-
cepts into K-12 curricula (e.g., (Zimmerman 2018)), ad-
dressing aspects such as which AI concept should be ad-
dressed and at which age. Among these, the AI4K12 Ini-
tiative (AI4K12.org), with its “five big ideas” of AI, pro-
poses a reference framework listing the AI concepts that ev-
ery K12 student should know (Touretzky et al. 2019; Touret-
zky, Gardner-McCune, and Seehorn 2023). The framework
points out learning objectives in relation to the children’s
age, and introduces general guidelines for AI teaching paths.
In (Sanusi et al. 2023), a systematic review of ML teaching
and ML learning in K-12 is presented. The work highlights
three key findings about effective ML teaching. These are:
i) creating more ML activities for kindergarten through mid-
dle school and education in an informal context; ii) incorpo-
rating ML ideas into subject domains other than computer
science to promote the integration of ML in schools (think-
ing strategies training can potentially be integrated in any
school subject); and iii) developing assessments for ML that
can be relevant across grade levels to compare students’ ML
understanding in different learning environments (achiev-
able by not requiring prior knowledge).

Other works focus on tools, such as (code.org - AI for
oceans; Google - Teachable Machines; ML for Kids), to
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demonstrate the functioning of ML algorithms by allowing
children to make their own experience in training a model. In
fact, such tools, by way of an appealing graphical interface,
help children to define a set of classes to create a training
set of labeled instances, and to test their set-up. However,
they hardly provide any insight into the processes that are
involved, and how the hidden mechanisms actually work.
As explained in (Gresse von Wangenheim et al. 2021), that
reviews 16 interactive ML tools for K-12, the validity of the
content of some of these tools is yet to be proved, but in our
view, the greatest general pitfall of this kind of approaches
is their lack of generalization and explanation (Tedre et al.
2021): showing that using a ML algorithm in a certain way
is effective on some domain does not explain why it is ef-
fective. Thus, children have no clues on how to approach a
different application domain, or a different ML algorithm:
will the same approach still be effective?

Other approaches propose unplugged AI or Machine
Learning activities. For instance, (Lindner, Seegerer, and
Romeike 2019) presents two activities on ML to make sec-
ondary schools student compare ML and traditional ap-
proaches to AI; (Lehner and Landman 2024) approach in-
cludes an unplugged activity on decision trees; (Ossovski
and Brinkmeier 2019) propose an activity on linear clas-
sification. All the above target secondary school students.
The idea of using unplugged activities for teaching Compu-
tational Thinking and AI is not new, and often unplugged
activities complement hands-on activities with educational
robots and tools (see e.g., (Bell, Rosamond, and Casey 2012;
Alamer et al. 2015; Fowler 2017; Lindner, Seegerer, and
Romeike 2019)). These works are closer to our approach,
since our tasks are conceived as unplugged activities. How-
ever, the activities that we propose can be used in two ways:
i) As an educational tool inserted in a proper narrative frame-
work, as discussed in this paper, where we have shown the
effectiveness of this approach by measuring mental states
attribution in children; ii) As a tool for evaluating children
performances in solving ML tasks. In this case, the activ-
ities can be used to assess the effectiveness of other tools
or educational paths by measuring children performances in
solving the tasks (not addressed in the paper).

As mentioned in the introduction, the idea of leveraging
mental state attribution to grasp people perception about a
system is not new. Thellman, de Graaf, and Ziemke (2022)
present a literature review on the attribution of mental states
to robots. Wischnewski (2025), instead, focused on non-
embodied autonomous systems. In this area, Shank and
DeSanti (2018) investigate the attribution of mental states
and the attribution of morality to AI systems by people.
Frischknecht (2021) investigate the correlation of mental
state attribution with the level of autonomy of a system.
None of these approaches, however, investigate how and
whether an educational intervention is able to modify the
mental states attribution in children.

7 Conclusion
We presented the results of a study where we investigate how
mental state attribution to an AI changes in children after the
administration of an educational intervention consisting of a

set of unplugged, machine learning tasks that are suitable
for children from 9 through 12 years old. The tasks concern
classification, including aspects such as dataset, models, and
biases in datasets. For measuring the attribution of mental
states by children, we leverage the AMS scale (Manzi et al.
2020), a well known questionnaire which is fast to be filled
by children and that can be replicated in our studies.

Results show that in just one-hour of activity, children
changed their mental state attribution, attributing less men-
tal states for the categories Emotive, Intentions and Desires,
Imaginative, and Perception, that is they better recognize
ML tools as machines, and avoid humanizing them. For the
AMS epistemic category, that includes capabilities such as
learn, think, remember, decide, and understand, instead, the
mental state attribution tend to increase. This can be inter-
preted as a better understanding of what AI can do and how it
works, in line with (Frischknecht 2021; Thellman, de Graaf,
and Ziemke 2022). Indeed, the proposed activities focus on
aspects such as how a machine can “learn” whether a new
instance is part of a class or “decide” the class of a new
instance. Thus, we associate an improved understanding of
ML functioning with an increase of epistemic mental states
attribution.

As a next step along this line of research, we want to
investigate whether different types of educational interven-
tion (e.g., by using educational robots, or by stimulating
basic children’s reasoning abilities) have an effect on chil-
dren mental state attribution (Baldoni et al. 2024b) and how
these compare with the intervention described in this paper.
Specifically, the literature shows that there is a tight connec-
tion between thinking strategies (such as slow vs fast think-
ing) and ML understanding. Therefore, we want to explore
whether by training children slow thinking, their mental
states attribution and their understanding of ML improves.
The advantage would be that, instead of teaching one spe-
cific concept one can train children to develop the right mind
attitude and intuition to interpret the functioning of AI-based
systems in general.

Additionally, we want to investigate the possible correla-
tion between the perception each child has of his/her capa-
bilities compared to their performance in solving ML tasks.
In particular, we want to use the educational activities as
a testing tool and see if there exists a relationship between
gender, self-confidence, performance in ML tasks, and men-
tal state attribution. Understanding these aspects could be
useful to delineate a learning path tailored to the needs of
each child (e.g., to be used as a complement to approaches
such as (Li et al. 2023)). The tasks could be used to under-
stand which abilities are weak, in order to reinforce them,
personalizing the training. We also plan to apply the pro-
posal to adults, instead of children. In fact, the digital di-
vide between those who master AI tools and those who do
not also affects adults, especially in their working life. Thus,
taking inspiration from the activities we have developed, we
intend to investigate the teaching of ML to adults.

The tasks and material we have produced will be avail-
able for anyone interested in replicating the activities. To this
aim, we are composing a teaching manual for instructors.
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