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Introduction

The research presented in this thesis aims to contribute to the scientific
understanding and analysis of the impact produced by neural language
models—one of the most disruptive technological innovations of recent cen-
turies, and one that is poised to increasingly shape human civilization.
Within the broader context of the effects of this new AI on human ac-
tivities, this research has chosen to focus primarily on education, though it
is not limited exclusively to this field. It has become evident to all that the
rapid spread of AI-based chatbots has triggered profound transformations
in the interaction between humans and machines. These sophisticated con-
versational systems demonstrate an increasing ability to understand human
language and provide immediate and personalized responses, increasingly
adapting to the needs of users. A pivotal turning point occurred in Novem-
ber 2022, when OpenAI released ChatGPT. From that moment on, the
legendary Turing Test (Turing, 1950)—in which a computer engages in a
friendly conversation with humans, once deemed unattainable—became a
daily reality for millions of people (Perconti & Plebe, 2025).

ChatGPT uses natural language processing to interact in a surprisingly
realistic manner. It not only responds to follow-up questions but also ad-
mits mistakes, challenges incorrect assumptions, and refuses inappropriate
requests, demonstrating a sophisticated understanding of conversation con-
text and nuances (OpenAI, 2023). This wide range of abilities allows it to
adapt to different tasks and generate original content like poetry or com-
pelling articles, opening the doors to various fields of application.

In the educational context, the adoption of ChatGPT has raised con-
cerns and questions regarding its responsible use and the impact on stu-
dents’ learning process. The immediate access to seemingly comprehensive
answers may lead users to believe that ChatGPT possesses all the necessary
information to successfully complete any task. It is crucial to clarify that
ChatGPT is not an infallible source of knowledge. Being not an encyclo-
pedia, it might provide incorrect information or seemingly correct answers



10 LIST OF TABLES

that are actually incorrect. The conversational and convincing nature of
ChatGPT can generate blind trust in its responses, reducing the motivation
to thoroughly scrutinize the output. Users may forego verifying or confirm-
ing information through multiple reliable sources. By relying solely on the
technological system and adopting a passive attitude, the ability to think
critically may be limited. Critical thinking allows for evaluating and ana-
lyzing the reliability of information before drawing conclusions or making
judgments. This type of thinking is transdisciplinary and is described as a
complex mental process that involves analyzing information, assessing the
reliability of sources, considering different ideas, and making inferences.

Adopting a critical approach in interacting with ChatGPT is essential,
but these concerns are not insurmountable, and the adoption of AI-based
chatbots in education can be managed responsibly. Moreover, the conver-
sational aspect of ChatGPT can be seen as an advantage in the educa-
tional field. Strengths include the ability to create more interactive and
engaging learning experiences, allowing students to ask questions and re-
ceive immediate answers. Unlike teachers, ChatGPT is always available
and can handle multiple requests simultaneously. The use of these systems
could have a positive impact on learning by personalizing it and contributing
to increased student engagement and motivation. Even concerning critical
thinking, ChatGPT could enable users to explore different perspectives and
study topics from various points of view. Clearly, it is important to imple-
ment functional approaches so that ChatGPT can support the evaluation of
users’ reasoning processes. In conclusion, the proliferation of ChatGPT is
bringing about significant transformations that also impact the educational
field. The initial skepticism due to the foreseeable risks should be seen as a
starting point to become aware of the limitations inherent in these systems
and harness their enormous potential.

In light of the scenario just described, it is clear that the objectives set
out by the present research are both urgent and pressing, especially in the
field of education and with respect to critical thinking. The first chapter
focuses on the technical description of neural language models, illustrating
their main underlying mechanisms, such as deep learning and natural lan-
guage processing. A historical overview of the evolution of chatbots will
also be provided, with particular attention to the transition from rule-based
systems to generative models. Finally, the chapter will examine the use
of chatbots in educational settings, highlighting emerging pedagogical ap-
proaches and key research directions in the field. The second chapter is
entirely dedicated to the concept of critical thinking. Following a review
of the most influential theoretical definitions in the literature, the main
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cognitive and metacognitive components that characterize this skill will be
identified. A standardized tool for measuring critical thinking will then be
introduced and described, with the aim of making it applicable both to the
assessment of human performance and to the evaluation of output produced
by language models. The third chapter presents an experimental study con-
ducted within the framework of machine psychology, an emerging field that
aims to investigate patterns of behavior and reasoning in intelligent systems.
The study focuses on the ability of neural language models to demonstrate
forms of critical thinking through specifically designed tasks, offering both
qualitative and quantitative assessments of their performance. The fourth
chapter addresses the interaction between students and chatbots, with a
particular focus on the potential of tools such as ChatGPT to foster the
development of critical thinking in human users. Empirical data collected
from real-world educational contexts will be presented and analyzed, with
the aim of understanding whether and how such interactions promote re-
flective, argumentative, and evaluative processes in students. Finally, the
fifth chapter broadens the perspective beyond the educational context by
exploring the phenomenon of emotional attachment to AI-based chatbots.
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Chapter 1

The Paradigm Shift:
Language Models
Transforming Education

This first chapter aims to provide a comprehensive introduction to the topic
of Neural Language Models in education. It begins with their definition,
recalls the AI research tradition within which they are historically situated,
includes a brief overview of their computational foundations, and finally lists
some of their earliest educational applications.

1.1 What Language Models are, and where they
come from

This section introduces the concept of Neural Language Models, providing
an overview of their origins, development, and key characteristics. A brief
terminological note is appropriate here. The term Neural Language Model
(NLM) is here preferred, as it explicitly highlights that these AI artifacts
belong to the broader family of Artificial Neural Networks. However, it
should be made clear from the outset that NLM is essentially synonymous
with the now popular term “Large Language Model” (LLM). From a strictly
philological standpoint, it is interesting to note that the term LLM was
actually introduced well before the invention of the Transformer architecture
(Vaswani et al., 2017), which, as will be discussed later, underpins modern
NLMs. LLM was originally coined by a Google team in reference to earlier,
non-neural n-gram language models (Brants et al., 2007). In the course
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of this thesis, unless otherwise specified, we will refer to NLMs simply as
“Language Models”, as is also done in the thesis title. There is no risk of
ambiguity, since Language Models earlier than the Transformer - and thus
now largely obsolete - are not considered here.

As clear from their name, Language Models are computational models
able to process natural language, and they belong to the sector of Artificial
Intelligence (AI) known as Deep Learning (DL). I will provide a short and
sketchy account of DL, restricted to the scope of this thesis, before doing
so I provide a few pointers to the existing literature on DL. It is difficult to
find a better introduction to the subject than that by the founders of DL
themselves (LeCun et al., 2015). Historical accounts of the development of
DL can be found in Schmidhuber (2015) and in (Goodfellow et al., 2016,
ch.1). A philosophical perspective on DL is provided by Buckner (2018,
2019), a cognitive science perspective can be found in (G. E. Hinton, 2015;
Perconti & Plebe, 2020), and accounts of DL in relation with AI in general
are in (Boden, 2016; Gerrish, 2018; Pavone & Plebe, 2021; Sejnowski, 2018).

1.1.1 Artificial Neural Networks

DL is a direct descendant of Artificial Neural Networks (ANN), an AI ap-
proach loosely inspired by brain neurons. The core idea in ANN and in DL
is in the label “learning”: these systems are designed to learn all what they
should do by experience, without any predefined knowledge. This paradigm
is grounded in the philosophical tradition of empiricism. For John Locke
(1690) and David Hume (1739) concepts are products of experience, and
reason is founded in perception. In the brain neural circuits learn by neural
plasticity, the gradual adaptation of several physiological components, like
synapses, in response to signal experience (Huttenlocher, 2002; Steeves &
Harris, 2013).

The ANN idea was around as early as in the ’50s (Minsky, 1954; Rosen-
blatt, 1958), but it found its way late in the ’80s (Rumelhart & McClelland,
1986b). Most ANN are organized as feedforward networks, with rows of sim-
ple neural elements called layers, and the signals flow from layers to layers
only, and not across neurons of the same layer. A sketch of feedforward net-
work is in Fig. 1.1. The connections between each layer and the next one
are often called “weights”, are the primary source of plasticity that allow
the network to learn. The success of the early ANNs was due to an efficient
mathematical technique to learn the weights, called backpropagation.

All weights between layers are gradually updated using known samples
of the function to learn. Being w⃗ the vector of all weights in a network, and
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input
layer

output

hidden
layer

layer

Figure 1.1: Sketch of an artificial neural feedforward network.i Neurons in the
input layer get a multidimensional input vector, and neurons in the output layer
provide the desired result of the network. The layer in between is called “hidden”
because the features represented by each neuron are not explicit, and this layer is
responsible for the powerful capabilities of ANNs.

L(x⃗, w⃗) a measure of the error of the network with weights w⃗ when applied
to the sample x⃗, the backpropagation updates the parameters iteratively,
according to the following formula:

w⃗t+1 = w⃗t − η∇wL (x⃗t, w⃗t) (1.1)

where t spans over all available samples x⃗t, and η is the learning rate.
Backpropagation was the key factor for a successful season for ANN,

however, it worked well only with networks with three layers, like the one
in Fig. 1.1. The shift from classical ANN to DL is exactly in overcoming
the three layers limitation, and “deep” simply means with many layers.
Geoffrey Hinton, who already contributed in inventing the backpropagation
(Rumelhart et al., 1986) was the first to train models with four and five
hidden layers, using a quite clever combination of training methods (G. E.
Hinton & Salakhutdinov, 2006). The three levels wall was broken, and the
new wave of research in ANN, renamed DL, boosted the resurgence of AI in
the last decade. A new variant of backpropagation is now well established,
under the name of stochastic gradient descent, is works as following:

w⃗t+1 = w⃗t − η∇w
1

M

M∑
i

L (x⃗i, w⃗t) (1.2)
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how to representationsword

learn

Figure 1.2: Sketch of the word embedding learning by skip-gram. Words are ini-
tially coded as simple one-hot vectors. The central word on a sentence is presented
in the input layer, the hidden layer is trained to guess a number of previous and
next words in the sentence. In this example the sample sentence is how to learn

word representations and the central word under processing is learn.

Instead of computing the gradients over a single sample t as in the original
backpropagation, a stochastic estimation is made over a random subset of
size M of the entire dataset, and at each iteration step t a different sub-
set, with the same size, is sampled. Even if equations (1.1) and (1.2) are
very similar, stochastic gradient descent is able to train models with up to
hundreds of layers, while backpropagation had difficulty already with four
layers.

1.1.2 Natural Language and Neural Networks

DL suddenly came into view in the landscape of AI, approaching human
performances in several domains, like in artificial vision (Krizhevsky et al.,
2012), and in defeating the the world champion of Go, the most difficult
chessboard game in the world (Silver et al., 2016). The progress of DL in
the field of natural language processing has been slower, and until 5-6 years
ago the performances of DL models remained well under those of a human
speaker. There are several reasons that make natural language particularly
challenging for ANN.

One obstacle is the clash between the symbolic nature of text and the
numerical values of neural signals. The pioneers of ANN in language had
to invent a convoluted and implausible solution to code words as vectors of
numbers (Rumelhart & McClelland, 1986a), since then researchers in ANN
have struggled to find better coding schemes.

A fundamental breakthrough was obtained by Mikolov et al. (2013) of
the Google team, with the introduction of the word embedding technique.



1.1. WHAT LANGUAGE MODELS ARE, AND WHERE THEY COME FROM 17

The main idea is the so-called skip-gram scheme, where a single word inside
a sentence is presented to a neural network, which task is to guess the sur-
rounding words in the sentence. In order to run the network a first coding
should be established, and is the simple “one-hot vector” solution: vectors
have the same dimension of the vocabulary with all values 0 except one,
distinct for every word. Of course one-hot vectors have dimensions of hun-
dreds of thousands, while the new learnt vectorial representation is instead
very compact, and is made of full valued real vectors. The Fig. 1.2 exem-
plifies the training procedure for the sample sentence how to learn word

representations, when the word processed is learn, therefore the words
to be generated by the model are how to ...word representations. A
meaningful representation of learn will be learned after processing billions
of sentenced containing the word learn. By “meaningful” we mean that the
numerical vectors can be manipulated with results that surprisingly respect
lexical semantics aspects. Let w⃗(·) being the word embedding transforma-
tion, by computing:

q⃗ = w⃗ (king) − w⃗ (male) + w⃗ (female)

the resulting vector q⃗ is more similar to w⃗ (queen) than to any other word
embedded vector. Note how the scheme of Fig 1.2 resembles Hinton’s idea
of autoencoder, with an encoding layer followed by a decoding layer, in this
case however the decoding task is not the same word, but the surrounding
words.

A second obstacle in adapting ANNs for language is in the way backprop-
agation works. Its efficiency come at a price. Neural models can be trained
only if there are tasks where precise input and outputs can be specified, and
a large set of examples with known correct outputs are available. Language
competence is a typical case where there is no clear single task that charac-
terizes its learning. Geoffrey Hinton invented a strategy called autoencoder
for all cases where a supervised task cannot be easily conceived. The task
of the autoencoder is dismaying simple: to produce in output the same data
given in input (G. Hinton & Zemel, 1994; G. E. Hinton & Salakhutdinov,
2006). An example of autoencoder is shown in Fig. 1.3. The autoencoder is
composed by two distinct submodels: the encoder that gets the input values
and transform them with severl neural layers, up to an internal represen-
tation. This representation is taken as input by the second submodel, the
decoder, with its own neural layers up to the output, of the same format as
the input.

In the context of learning a language the autoencoder task consists in
feeding the model with a sentence, and expecting exactly the same sentence
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...

...

...

...

encoder

decoder

Figure 1.3: Scheme of the autoencoder, in this example applied to the recognition
of handwritten digits, in the model by G. E. Hinton and Salakhutdinov (2006).



1.1. WHAT LANGUAGE MODELS ARE, AND WHERE THEY COME FROM 19

layer
output

hidden
layer

context
layer1w

input
layer

x

1 2 3

c
1

c c

y y y

2 3

1m

µ1

Figure 1.4: Scheme of Elman’s neural recurrent network. Note the addition of the
“context” layer, parallel to the usual hidden layer.

as output. While engqaged in this simple task, the model builds and internal
representation of all what is about in the words of sentences. This incredibly
simple task is exactly how all current NLMs are trained.

The last and probably most serious issue with language was the fact that
neural networks are static, while language is dynamic. In a classic feedfor-
ward network all neural activation depend just on the current input, there
is no memory of previous inputs. In a text the meaning of each word is
composed in relation with many preceeding words. An important solution
was proposed by the psycholinguist Jeffrey Elman (1990) with the so-called
recurrent neural networks. As shown in Fig. 1.4, the hidden layer is sup-
plemented by a layer with the same number of units, called context layer,
where the activation of the hidden layer on the current input are mixed with
the residual values derived from the previous input. At the beginning of the
sequence a constant value is assumed for the context. As long as the se-
quence progresses in time, the hidden layer receives both the current input,
and the “context” that keeps memory of what the hidden layer has received
in the past.

Recurrent networks are capable of endowing models with memory of
past words in a sentence, however they are effective only for short and sim-
ple sentences. The difficulty is in maintaining memory of words that are
distant but semantically and syntactically related with the current one, and
forgetting words that are not necessary any more. Several improvement over
Elman’s recurrent neural networks have been investigated, one of the most
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Figure 1.5: A LSTM memory neuron. In addition to its content, the neuron has
several “gates” that learns to open and close access to the content, for the tasks of
updating the content, or reading out the content.

popular is the Long Short-Term Memory (LSTM) proposed by Hochreiter
and Schmidhuber (1997), shown in Fig. 1.5.

1.1.3 The Transformer Architecture

Despite improvements, the difficulty of neural model to capture relations
between words in long sentences, and even worst across sentences, have kept
DL far behind the linguistic performance of human beings. A fundamental
breakthrough came with the introduction of the Transformer architecture
by the Google teams (Vaswani et al., 2017).

It retains two of the solutions of the issues posed by language to neural
networks, discussed previously: the word embedding coding of words into
numerical vectors, and the autoencoder strategy. Its main novelty is that,
unlike all previous DL models for language, it is not recurrent any more.
All words are presented simultaneously as input. The overall Transformer
is shown in Fig. 1.6.

The Transformer replaced recursion with a very different mechanisms,
called attention, wich key components are shown in Fig. 1.7 The scope
of attention is to encode relations between words in a sentence, binding
together words that are syntactically related. The mechanism is based on a
number of ancillary variables, each word in the sentence is associated with
a query vector; a key vector; a value vector; and a score scalar. The query,
key, and value, are computed from the word embedding, by multiplication
with separated matrices. Then, for each word the score values are computed
with respect to all words in the sentence, itself included. The Fig. 1.7 shows
the computation steps for just two words, for simplicity. The score scalars
are used to weight the values of all words, and finally the attention value for
a word is the sum of all the weighted value vectors.
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American governments have

American governments have

encoder 1

encoder 2

encoder 3

encoder 4

encoder 5

encoder 6

decoder 1

decoder 2

decoder 3

decoder 4

decoder 5

decoder 6

Figure 1.6: The overall Transformer architecture, with a stack of 6 encoders on
the left, and a stack of 6 decoders on the right. The entire sentence is presented
to the encoder, the decoder outputs one word at time, taking as input the encoder
output, and the previous outputs of the decoder itself.

. .

. .

q k v

a a

s s

q k v

w w

1 1 1 2 2 2

21

1,1 1,2

1 2

Figure 1.7: Detail of the attention mechanism of the Transformer architecture.
The symbols used in the figure are the following: w = word embedding; k = key;
q = query; v = value; s = score; a = attention vector. Two words only are shown,
identified by the subscripts 1 and 2.
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Figure 1.8: Example of the attention mechanism scores, computed for the word
making. In addition to pointing to itself, attention correctly points with high score
to more and difficult.

An example of attention scores is shown in Fig. 1.8, this is one of the
original examples in (Vaswani et al., 2017), on the sentence we already
quoted before. The word making has—correctly—the highest attention score
with more and difficult, a result unlikely to be achieved with any kind of
recursive network.

The names “query”, “key”, and “value”, although evocative, are nothing
more than abstractions in a clever computation of word relations in a sen-
tence, and one should not expect the role of these variables to resemble the
use of these words in everyday language. The term “attention” also needs
to be taken with a grain of salt; this point will be addressed shortly after,
when discussing the broader issue of how Transformer models relate with
brain mechanisms.

The turning point of Transformer boosted DL for language, with a rapid
progression in few years. The BERT (Bidirectional Encoder Representations
from Transformers) model by (Devlin et al., 2019), as the name reveals, ap-
plies attention in the decoder section to both the left and the right side of the
output sentence. A similar approach is followed by OpenAI’s GPT (Genera-
tive Pre-trained Transformer) Brown et al., 2020, with the simplification of
discarding the encoder part, being composed by decoders only. All current
NLMs, including those here investigated for application in education, are
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Figure 1.9: Language Models depicted as species evolved from their Transformer
anchestor, by Yang et al. (2023).

Transformer based. Someone (Yang et al., 2023) has seen the Transformer
like a constantly evolving species, depicting its kind of evolutionary tree,
shown in Fig. 1.9.

1.2 Chatbots in Education

In this section, the use of chatbots in educational settings prior to the emer-
gence of Language Models is explored. Limitations, advantages, and appli-
cations of chatbots in education are discussed. This section then focuses on
the initial adoption and implementation of Language Models in educational
environments, discussing case studies, pilot projects, or early experiments
where Language Models were used in classrooms. The successes, challenges,
and lessons learned from these experiences, are highlighted.

1.2.1 Chatbots before Language Models

The use of AI in education has a relatively short history but has rapidly
gained popularity in recent years (Ausat et al., 2023). The first examples of
AI in education can be traced back to the 1960s and 1970s when researchers
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began using computers to provide personalized instruction and adapt to
the needs of individual students (Zhai, 2022). This could be done through
chatbots, a tool that combines AI and natural language processing or other
technology, enabling it to interact at a certain level of conversation with a
human interlocutor through text or voice (Bishop, 2021). The idea of a chat-
bot can, of course, be understood as the creation of software that attempts
the famous Turing Test (Turing, 1950), which in itself, however, primarily
represented an abstract ideal of an intelligent machine. The endeavor to
implement software capable of conversation proved to be extremely chal-
lenging, and was not even considered in the early days of AI, which had
to contend with the immense difficulty of handling human language. The
discipline dealing with this challenge is knkown as Natural Language Pro-
cessing (NLP), and dates back to 1952 when Weaver and Bar-Hillel pre-
sented a text translation machine at MIT. Subsequently, throughout the
1960s, all efforts were directed in this direction, leading to the founding of
the AMTCL (Association for Machine Translation and Computational Lin-
guistics) in Princeton in 1962. Projects for automatic translation machines
continued with GAT-SLC (Georgetown Automatic Translation-Simulated
Linguistic Computer) by Zarenchnak and Brown, 1961 for translation from
Russian to English. These early researches did not yield particularly no-
table results, so much so that in November 1966, the ALPAC (Automatic
Language Processing Advisory Committee) advised the United States gov-
ernment to stop supporting Machine Translation. It was evident that before
moving on to automatic translation, it was necessary to work on the fun-
damentals of natural language (Earley, 1970; Kasami, 1965). In between,
there was a sort of scandal, the well-known ELIZA program by Weizenbaum,
1966, which conversed with a user by interpreting the role of a psychother-
apist. It had, at the same time, enormous public success and was disdained
by the NLP community. Despite its very limited conversational abilities,
ELIZA was able to effectively simulate the role of a Rogerian psychologist,
who encourages the patient to reflect on their own responses without delving
too deeply into details and ignoring all references to the real world. Despite
its success, ELIZA was based on a simple logic of triggering predefined re-
sponses activated by keywords (Brandtzaeg & Følstad, 2017). Even with all
the discredit by the Community NLP, ELIZA served as inspiration for the
subsequent development of other chatbots (Klopfenstein et al., 2017; Pérez
et al., 2020).

Another step forward in the history of chatbots was the creation of AL-
ICE (Artificial Linguistic Internet Computer Entity) in 1995, the first on-
line chatbot inspired by ELIZA (Wallace, 2008). ALICE relied on pattern
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matching without actual perception of the entire conversation, but it had
the ability to engage in web-based discussions that allowed for longer con-
versations and covered a wide range of topics (das Graças Bruno Marietto
et al., 2013). However, it took several years for it to be improved to win the
Loebner Prize for the most human-like computer program (Bradeško et al.,
2017). ALICE was developed with a new language created for this pur-
pose, Artificial Intelligence Markup Language (AIML), which is the most
critical difference between ALICE and ELIZA. ALICE’s Knowledge Base
consisted of approximately 41,000 patterns and related templates, a sig-
nificant increase compared to ELIZA, which only had 200 keywords and
rules. However, ALICE did not have intelligent features and could not gen-
erate human-like responses expressing emotions or attitudes. During the
1960s-1970s, Eliza and ALICE were not the only forms of AI invented for
human-AI interaction. PLATO (Programmed Logic for Automatic Teach-
ing Operations) was developed at the Coordinated Science Laboratory of
the University of Illinois to explore the possibilities of automation in indi-
vidualized instruction (Lyman, 1972). PLATO aimed to provide interactive
and personalized instruction to students through the use of computer ter-
minals. The system involved a central mainframe computer connected to
multiple terminals distributed in classrooms and other locations. Each ter-
minal consisted of a screen, a keyboard, and often a light pen for input.
Another significant development was ”Coach: The Virtual Tutor,” created
by Carnegie Mellon University. Coach was designed to assist students with
math assignments and could respond to student questions by providing ex-
planations and assistance in solving math problems. It was a significant step
in the application of chatbots for educational purposes and paved the way
for further developments and implementations in the field. These works have
laid the foundations for the development of more advanced educational tools
and AI-based platforms that have become common in today’s classrooms. In
the 1980s and 1990s, the proliferation of personal computers and the inter-
net enabled the development of more sophisticated educational software and
online learning platforms. These early efforts largely focused on providing
content and assessments rather than delivering personalized instruction or
adapting to the individual needs of students (Zhai, 2022). In the subsequent
years, between 1970 and 2000, we can observe a tremendous progression of
chatbots. It is important to note that each work for a specific project evolved
and built a fundamental space for future generations. In short, some of the
important chatbots developed prior to the era of language models used for
educational purposes include:
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• TALE-SPIN: a narrative generation chatbot for educational purposes
(1970s). Developed by James Meehan in the 1970s, it was a natural
language understanding system that used story comprehension as the
basis for conversation. Although not exclusively designed for educa-
tional purposes, TALE-SPIN’s conversational capabilities were used in
educational applications.

• SCHOLAR: developed in the late 1980s by researchers at Yale Uni-
versity. Developed in the late 1980s at the University of Southern
California, it was an early intelligent tutoring system. It incorporated
a chatbot component that allowed students to interact with the system
using natural language to receive personalized feedback and assistance.

• AutoTutor: emerged in the 1990s, created by researchers at the Uni-
versity of Memphis. Developed in the 1990s at the University of Mem-
phis, it was an intelligent tutoring system designed to simulate human
tutoring interactions. It employed a conversational agent that pro-
vided interactive tutoring in various subjects.

• ASK Systems: developed in the late 1990s by Professor Tom Mur-
ray at the University of Massachusetts Lowell. Developed in the late
1990s, it was a series of intelligent tutoring systems designed to teach
computer programming languages. The ASK chatbot component al-
lowed students to ask questions and receive personalized feedback and
guidance.

• ALEKS (Assessment and Learning in Knowledge Spaces): created in
the late 1990s by a team of mathematicians, cognitive scientists, and
software engineers. Developed in the late 1990s, it is an adaptive
learning system that incorporates a chatbot-like interface. It provides
individualized instruction and assessment in various subjects, primar-
ily mathematics.

The experiences described so far, although important in introducing AI
tools to the educational world, belong to a different era. Neural language
models have marked a turning point, and both the range of potential appli-
cations and the sophistication of these tools have opened up an entirely new
landscape to be explored. These new tools are able to adapt to the needs
of individual students, provide personalized instruction, and even grade as-
signments. Today, thanks to the proliferation of NLMs, AI is being utilized
in various ways in education (Rudolph et al., 2023a). Below, we will discuss
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in detail the risks and opportunities of new Language Model-based chatbots
in education.

1.2.2 Early experiences of Language Models in the Class-
room

The history of NLM can be traced back to the early explorations of the use
of ANN techniques in the field of NLP, but it is in the period between 2000
and 2018 that the progress achieved begun to have impact in science and
society in general. But the use of NLM for educational purposes began to
gain traction in recent years only, particularly with the emergence of models
like OpenAI’s GPT series. The underlying technology is key to further
innovations and, despite critical views and even bans within communities
and regions, NLMs are here to stay (Kasneci et al., 2023). When it comes to
AI in education, we refer to a process called digital transformation through
which chatbots are introduced into the field of education (Pérez et al., 2020).
The proliferation of chatbots based on Language Models like ChatGPT has
initially raised concerns, and many authors have reported them in early
scientific articles (Firat, 2023; Kasneci et al., 2023; Mollick & Mollick, 2022;
Shoufan, 2023; Tlili et al., 2023). One challenge in using chatbots based
on NLMs for assessment in education is the possibility of plagiarism. AI-
powered automated writing systems are designed to generate essays based
on given parameters or prompts. This means that students could potentially
use these systems to cheat on their assignments by submitting essays that
are not their own work (Dehouche, 2021). This undermines the purpose
of education, which is to assess and educate students, and could devalue
academic degrees.

Another challenge is the potential for chatbots to unfairly advantage
some students over others. For instance, if a student has access to GPT-3
and uses it to generate high-quality written assignments, they may gain an
unfair advantage over other students who do not have access to the model.
This could lead to disparities in the evaluation process (Cotton et al., 2023).
Given the challenges associated with evaluating student assignments writ-
ten using chat APIs, there are several strategies that academic staff can
employ to address these challenges (Tlili et al., 2023). Firstly, clear and
detailed instructions can be provided to students on how to structure their
assignments. This can help ensure that assignments are written in a more
organized and coherent manner. Secondly, academic staff can use rubrics
to assess the quality of students’ work. This can help ensure that students’
efforts and understanding of the material are accurately evaluated. Lastly,



28
CHAPTER 1. THE PARADIGM SHIFT: LANGUAGE MODELS

TRANSFORMING EDUCATION

a combination of automated and manual assessment techniques can be used
to evaluate students’ comprehension of the material. This can help ensure
that students’ true level of understanding is accurately assessed.Another
challenge associated with the use of chatbots based on Language Models is
the presence of biases. Since these NLMs are trained on large amounts of
textual data collected from the web, they can inadvertently absorb biases
and prejudices present in that data. This means that chatbots could produce
responses or suggestions that reflect social, cultural, or other biases present
in the training text, without students being aware of it. Moreover, the use
of chatbots could lead to a certain dependence on technology, with students
relying solely on the answers provided by chatbots instead of developing
their own critical thinking and problem-solving skills. This could limit their
development of essential competencies in the learning process. To mitigate
this risk, it is crucial to adopt approaches for quality assessment and con-
trol. Developers and educators need to closely monitor chatbot responses to
identify and correct any biases or biases that may emerge. It is important
to fine-tune and train NLM to promote equity and inclusion, avoiding the
perpetuation of existing biases. Additionally, it is essential to educate stu-
dents about the importance of developing critical thinking towards chatbot
responses. Students should be aware that the answers provided by chatbots
may not always be completely accurate or unbiased, and they should be
encouraged to critically evaluate the information received and develop their
own opinions and perspectives.

1.2.3 Opportunities for Learning and Teaching

After an initial phase of great concern, literature began to include articles
that sought to focus on the most functional ways to use NLM in education.
This is important because, despite the system’s efforts to slow down the
spread of this technology, the progress already made is too advanced for a
pause to have a real impact (Qadir, 2022). Language Models are here to stay,
and it is important to understand how to use them effectively in education.
Below are summarized a series of opportunities for learning from both the
students’ and teachers’ perspectives (Zhai, 2022). Through the utilization
of NLMs, opportunities for the enhancement of learning and teaching expe-
riences may be possible for individuals at all levels of education, including
primary, secondary, tertiary, and professional development.

• For elementary school students: NLMs can assist in the development
of reading and writing skills (e.g., by suggesting syntactic and gram-
matical corrections), as well as in the development of writing style and
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critical thinking skills. These models can be used to generate ques-
tions and prompts that encourage students to think critically about
what they are reading and writing and to analyse and interpret the
information presented to them. Additionally, NLMs can also assist in
the development of reading comprehension skills by providing students
with summaries and explanations of complex texts, which can make
reading and understanding the material easier.

• For middle and high school students: NLMs can assist in the learning
of a language and of writing styles for various subjects and topics,
e.g., mathematics, physics, language and literature, and other subjects.
These models can be used to generate practice problems and quizzes,
which can help students to better understand, contextualize and retain
the material they are learning. Additionally, NLMs can also assist in
the development of problem-solving skills by providing students with
explanations, step-by-step solutions, and interesting related questions
to problems, which can help them to understand the reasoning behind
the solutions and develop analytical and out-of-the-box thinking.

• For university students: NLMs can assist in the research and writing
tasks, as well as in the development of critical thinking and problem-
solving skills. These models can be used to generate summaries and
outlines of texts, which can help students quickly understand the main
points of a text and organize their thoughts for writing. Additionally,
NLMs can also assist in the development of research skills by provid-
ing students with information and resources on a particular topic and
hinting at unexplored aspects and current research topics, which can
help them to better understand and analyse the material.

• For group and remote learning: NLMs can be used to facilitate group
discussions and debates b providing a discussion structure, real-time
feedback, and personalized guidance to students during the discus-
sion. This can help to improve student engagement and participation.
In collaborative writing activities, where multiple students work to-
gether to write a document or a project, language models can assist
by providing style and editing suggestions as well as other integrative
co-writing features. For research purposes, such models can be used
to span the range of open research questions in relation to already
researched topics and to automatically assign the questions and topics
to the involved team members. For remote tutoring purposes, they
can be used to automatically generate questions and provide prac-
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tice problems, explanations, and assessments that are tailored to the
student’s level of knowledge so that they can learn at their own pace.

• To empower learners with disabilities: NLMs can be used in combi-
nation with speech-to-text or text to- speech solutions to help people
with visual impairment. In combination with the previously mentioned
group and remote tutoring opportunities, language models can be used
to develop inclusive learning strategies with adequate support in tasks
such as adaptive writing, translating, and highlighting important con-
tent in various formats. However, it is important to note that the use
of NLMs should be accompanied by the help of professionals such as
speech therapists, educators, and other specialists that can adapt the
technology to the specific needs of the learner’s disabilities.

• For professional training: NLMs can assist in the development of lan-
guage skills that are specific to a particular field of work. They can
also assist in the development of skills such as programming, report
writing, project management, decision-making, and problem-solving.
For example, NLMs can be fine-tuned on a domain-specific corpus (e.g.
legal, medical, IT) in order to generate domain-specific language and
assist learners in writing technical reports, legal documents, medical
records etc. They can also generate questions and prompts that en-
courage learners to think critically about their work and to analyse
and interpret the information presented to them.

In conclusion, Language Models have the potential to provide a wide range
of benefits and opportunities for students and professionals at all stages of
education. They can assist in the development of reading, writing, math,
science, and language skills, as well as provide students with personalized
practice materials, summaries, and explanations, which can help to improve
student performance and contribute to enhanced learning experiences. Ad-
ditionally, NLM can also assist in research, writing, and problem-solving
tasks, and provide domain-specific language skills and other skills for pro-
fessional training. However, as previously mentioned, the use of these models
should be done with caution, as they also have limitations such as lack of in-
terpretability and potential for bias, and unexpected brittleness in relatively
simple tasks which need to be addressed.

Chatbots based on current NLM, such as ChatGPT, have the potential
to revolutionize teaching and assist in teaching processes. Below we provide
only a few examples of how these models can benefit teachers:
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• For personalized learning: teachers can use NLM to create personal-
ized learning experiences for their students. These models can anal-
yse students’ writing and responses and provide tailored feedback and
suggest materials that align with the student’s specific learning needs.
Such support can save teachers time and effort in creating personal-
ized materials and feedback and allow them to focus on other aspects
of teaching, such as creating engaging and interactive lessons.

• For lesson planning: NLM can also assist teachers in the creation of
(inclusive) lesson plans and activities. Teachers can input into the
models the corpus of documents based on which they want to build a
course. The output can be a course syllabus with a short description of
each topic. Language models can also generate questions and prompts
that encourage the participation of people at different knowledge and
ability levels and elicit critical thinking and problem-solving. More-
over, they can be used to generate targeted and personalized practice
problems and quizzes, which can help to ensure that students are mas-
tering the material.

• For language learning teachers of language classes can use NLM in an
assistive way, e.g., to highlight important phrases, generate summaries
and translations, provide explanations of grammar and vocabulary,
suggest grammatical or style improvements, and assist in conversation
practice. Language models can also provide teachers with adaptive
and personalized means to assist students in their language-learning
journey, which can make language learning more engaging and effective
for students.

• For research and writing: NLM can assist teachers of university and
high school classes to complete research and writing tasks (e.g., in
seminar works, paper writing, and feedback to students) more effi-
ciently and effectively. The most basic help can happen at a syntactic
level, i.e., identifying, and correcting typos. At a semantic level, NLM
can be used to highlight (potential) grammatical inconsistencies and
suggest adequate and personalized improvement strategies. Going fur-
ther, these models can be used to identify possibilities for topic-specific
style improvement. They can also be used to generate summaries and
outlines of challenging texts, which can help teachers and researchers
to highlight the main points of a text in a way that is helpful for further
deep dive and understanding of the content in question.
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• For professional development: NLM can also assist teachers by provid-
ing them with resources, summaries, and explanations of new teaching
methodologies, technologies, and materials. This can help teachers
stay up to date with the latest developments and techniques in ed-
ucation and contribute to the effectiveness of their teaching. They
can be used to improve the clarity of the teaching materials, locate
information or resources that professionals may need as they learn on
the job, as well as used for on-the-job training modules that require
presentation and communication skills.

• For assessment and evaluation: teachers can use NLM to semi-automate
the grading of student work by highlighting potential strengths and
weaknesses of the work in question, e.g., essays, research papers, and
other writing assignments. This can save teachers a significant amount
of time for tasks related to individualized feedback to students. Fur-
thermore, Language Models can also be used to check for plagiarism,
which can help to prevent cheating. Hence, a NLM can help teachers
to identify areas where students are struggling, which adds to a more
accurate assessment of student learning development and challenges.
Targeted instruction provided by the models can be used to help stu-
dents excel and to provide opportunities for further development.

• The acquaintance of students with AI challenges related to the po-
tential bias in the output, the need for continuous human oversight,
and the potential for misuse of NLMs are not unique to education.
In fact, these challenges are inherent to transformative digital tech-
nologies. Thus, we believe that, if handled sensibly by the teacher,
these challenges can be insightful in learning and education scenarios
to acquaint students early on with potential societal biases, and risks
of AI application.

In conclusion, NLMs have the potential to revolutionize teaching from a
teacher’s perspective by providing teachers with a wide range of tools and
resources that can assist with lesson planning, personalized content creation,
differentiation and personalized instruction, assessment, and professional de-
velopment. Overall, NLMs have the potential to be a powerful tool in edu-
cation, and there are several ongoing research efforts exploring its potential
applications in this area. (Kasneci et al., 2023). Chatbot applications can
provide students with immediate feedback and tailored responses to their
questions. AI can also be used to personalize the learning experience by
providing recommendations for resources, such as books and websites, that
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are tailored to the student’s needs and interests. Chatbot applications can
also provide educational resources, such as study guides and lecture notes, to
help students better understand the material (Dwivedi et al., 2023). Based
on practical experiences use of chatbots for educational goals is beneficial.
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Chapter 2

Critical Thinking and ways
to enhance it

This chapter introduces critical thinking (CT), a psychological construct
that represents an important 21st- century skill and a significant learning
objective in education (Y. Liu & Pásztor, 2022). In an era increasingly
shaped by the rapid circulation of information—often ambiguous, biased,
or misleading—CT offers individuals the cognitive tools to evaluate infor-
mation critically, form evidence-based beliefs, and make reasoned decisions
(Ollinheimo & Hakkarainen, 2023a; Papp et al., 2014). This is particularly
relevant in the context of digital environments, where information quality is
highly variable and persuasive content can easily distort judgments (Fabio
& Suriano, 2023). Beyond its societal relevance, CT is also foundational in
science and technology, where it supports the rigorous analysis of data and
helps filter out misinformation (Huang et al., 2015; Sahoo & Mohammed,
2018). In education, CT encompasses both analytical skills—such as rea-
soning and argumentation—and reflective capacities, such as questioning
assumptions and evaluating sources within real-life and ethical contexts.
Despite the recognized importance of CT, assessing it remains a challenge.
Many tools currently used suffer from narrow scopes or inadequate psycho-
metric properties.Moreover, the teaching and enhancement of CT require
solid theoretical and methodological approaches, capable of adapting to di-
verse educational, cultural, and technological contexts.

This chapter is divided into two main sections. The first section outlines
the landscape of CT in the human domain, beginning with a conceptual
definition of the construct. It presents the most relevant theoretical mod-
els, followed by an overview of assessment tools, with particular attention
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to critical reasoning tests. Finally, it explores strategies and approaches
for teaching CT, emphasizing its importance in contemporary educational
settings. The second section introduces an emerging field: the relation-
ship between CT and AI, with particular reference to the so-called machine
psychology that will be addressed in depth in §2.2.1. This part discusses
whether and how advanced systems such as ChatGPT can be considered
critical thinkers, and reflects on the potential role of AI in promoting, sim-
ulating, or even reshaping human CT processes. The overall aim of the
chapter is thus twofold: on one hand, to provide an updated and structured
overview of human CT; on the other, to open a space for reflection on its
possible extensions within the artificial domain.

2.1 Mapping the Landscape of Critical Thinking

2.1.1 What is critical thinking?

CT represents a complex and essential set of cognitive skills that play a
crucial role in the ability to form informed judgments (C. M. Evans, 2020;
Hwang et al., 2023). These skills are foundational for success in learning
and professional careers and are particularly vital in a world that is con-
stantly changing and evolving (Alharbi et al., 2022; Y. Liu & Pásztor, 2022;
Thornhill-Miller et al., 2023). In an era where technology plays a central
role in all fields, CT provides the necessary tools to rigorously and rationally
evaluate the vast amount of information to which we are exposed, enabling
us to pursue DL and make informed decisions (Fabio & Suriano, 2021; Meir-
bekov et al., 2022). The ability to think critically is crucial for addressing
the increasingly intricate and complex challenges that characterize contem-
porary society (Santos-Meneses et al., 2023).

Different authors have provided definitions of the CT construct. Ac-
cording to Ennis (2002), CT represents the ability to impartially analyze a
problem, examine various perspectives, and arrive at conclusions based on
solid evidence. Halpern (2006) emphasizes the importance of being open to
new ideas and the willingness to explore them in depth, avoiding seemingly
obvious solutions to achieve deeper results. Elder and Paul (2010) define CT
as an intellectual process involving the analysis, evaluation, and improve-
ment of one’s own thinking, with the goal of making more informed decisions
and solving problems more effectively. This process is based on careful ex-
ploration, evaluation, and reflection on ideas and arguments (Moore, 2010).
Brookfield and Preskill (2016) describe CT as the ability to critically exam-
ine one’s beliefs and assumptions, along with the ability to consider different
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perspectives. O. L. Liu et al. (2014) have identified common elements in
many of these definitions, including skills such as evidence evaluation, ar-
gument analysis, and drawing conclusions based on evidence. The complex
nature of this construct contributes to the difficulty of providing a singular
and exhaustive definition of CT. The lack of a clear operational definition
represents one of the main challenges in assessing this crucial cognitive skill.

2.1.2 Evaluating critical thinking performance

Many studies on CT have relied on self-assessment methods (R. J. Shavelson
et al., 2019), such as the Critical Thinking Disposition Scale (CTDS) devel-
oped by Sosu (2013) and the Marmara Critical Thinking Dispositions Scale
developed by Özgenel and Çetin (2018). Despite their widespread use, such
tools focus on participants’ perceptions of their own CT abilities or their
inclination to use them, rather than directly measuring their actual skills
(Braun et al., 2020). Individual perceptions can vary significantly from ac-
tual performance; subjects may exaggerate or underestimate their abilities
(Bowman, 2010). Consequently, it is essential to adopt performance-based
assessments involving complex tasks that evoke real-life situations, allowing
for a more accurate evaluation of CT abilities (Davey et al., 2015; Hyytinen
& Toom, 2019; R. Shavelson, 2010). Performance-based assessments can
take various forms, ranging from open-ended tasks to multiple-choice tasks
(Fajari et al., 2021; Kember et al., 2000; Messick, 1994; Zuriguel-Pérez et al.,
2017). Among these, one of the most widely used is the California Critical
Thinking Skills Test (CCTST; Lin et al., 2018), which consists of 52 multiple-
choice items that assess analysis, evaluation, deduction, inductive reasoning,
and inferential reasoning. Another extensively used tool for CT performance
assessment is the Halpern Critical Thinking Assessment (HCTA) developed
by Halpern (2013), which evaluates five categories of CT, including verbal
reasoning, argument analysis, and the ability to make informed decisions
through the presentation of 25 everyday scenarios. While these tools are
widely used for their convenience, they have the drawback that it is possi-
ble to guess or eliminate incorrect answers without a deep understanding of
the subject matter (Hyytinen et al., 2015, 2020). Consequently, responses
to these tasks provide limited information about underlying thinking pro-
cesses and often focus on individual skills, overlooking the complex nature of
CT, which open-ended performance-based tasks tend to capture (Hyytinen
et al., 2021). Although open-ended performance-based tasks may be seen
as expensive and potentially subject to subjective interpretations in scor-
ing, this challenge can be addressed through rigorous rater training and the
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implementation of detailed assessment criteria (Borowiec & Castle, 2019).
Finally, many established tools produce scores that are difficult to interpret
because they are not explicitly rooted in a CT theory, making the score’s
meaning vague or ambiguous (O. L. Liu et al., 2014). Therefore, there is a
clear need for a valid, easy-to-assess tool that is grounded in theory.

2.1.3 Teories applicable to critical thinking

There are different models that seek to explain CT. The Reflective Judg-
ment Model (King & Kitchener, 1985) describes the development of CT
ability through three consecutive stages. The pre-reflective stage is charac-
terized by a tendency to rely on direct sources of information rather than
critically evaluating evidence, and the belief that all problems are clearly
defined and solvable. In the quasi-reflective stage, there is a degree of
uncertainty and partial evaluation of evidence to reach a non-ambiguous
conclusion. Reflective reasoning involves both accepting uncertainty and a
clear decision-making process; while maintaining an open conclusion to fur-
ther evidence, reflective thinkers express judgments based on evidence (King
& Kitchener, 1994). Another model suitable for explaining CT is the dual-
process model (Stanovich & West, 2000b), which highlights how reasoning
occurs through two distinct modes, providing a more comprehensive frame-
work for the cognitive dynamics involved in critical decisions and judgments
in complex situations. The dual-process model, applied to critical thinking
theory, emphasizes the presence of two distinct reasoning systems: System
1 and System 2 (J. S. Evans & Stanovich, 2013). System 1 operates through
automatic and intuitive mental processes guided by information processing
heuristics (Frankish, 2010; Osman, 2004). In these situations, decisions and
judgments are formulated instantly without the conscious involvement of the
individual, relying on prior knowledge and beliefs (Fabio & Suriano, 2025;
Okuhara et al., 2020). In contexts that favor the use of System 1, with its
propensity for heuristic use, erroneous assessments may emerge. An exam-
ple could be: “Drug abuse is a choice. It is not a disease; drug users choose
it.” The person responding is using their pre-existing belief that is part of
the automatic systems. On the other hand,System 2 operates through ana-
lytical information processing, requiring deliberate control by the individual
(Sowden et al., 2019a). Although this system is slower and demands more
cognitive resources, it enables a more logical processing of information, in
line with the standards of critical thinking theory (C. Zhao & Hu, 2021).
This system, positively associated with CT, facilitates the formulation of
more accurate judgments and opinions, source evaluation, and openness to
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considering multiple perspectives (Fabio & Suriano, 2023). An example
could be: “It seems that many factors are involved. I think there might
be genetic factors at play, as seen in some families where different members
have access to drugs. Part of it could be linked to the first time an individ-
ual decides to take drugs. Unfortunately, I believe that repeated exposure
to substances leads to brain changes, limiting the individual’s freedom of
choice due to addiction.”

The integration of King and Kitchener’s (1985) Reflective Judgment
Model and Evans and Stanovich’s (2013) Dual Process Model provides a
comprehensive conceptual framework for understanding the dynamic pro-
cess of CT, especially in complex decision-making contexts. Initially, during
the pre-reflective phases, individuals inclined toward automatic judgments
may exhibit a preference for System 1, characterized by intuitive mental pro-
cesses and heuristic-based reasoning. This may result in quick and superfi-
cial decisions, often influenced by prior knowledge and intuitive perceptions.
However, progress through the stages of reflective judgment may indicate a
transition toward increased awareness and activation of System 2. In this
phase, individuals can apply analytical information processing, exercising
deliberate control, initially partial and subsequently complete, to avoid cog-
nitive biases and achieve higher levels of CT. In the examples mentioned
above, the same examples are used to interpret them with both the dual-
process and reflective models. In summary, the integration of these models
suggests that the developmental path of CT involves a gradual transition
from the predominant use of System 1 in pre-reflective stages to a more
conscious and balanced adoption of System 2 in the later stages of reflective
judgment. This transition involves a phase where controlled processes are
not fully applied but only partially. This evolution enables individuals to
overcome the limitations of automatic judgments, mitigating cognitive biases
and facilitating the attainment of higher levels of CT in complex contexts.

2.1.4 Critical Reasoning Assessment

An open-response tool for assessing CT skills is the Critical Reasoning As-
sessment (CRA) developed by Anghel et al. (2021b), based on the Reflec-
tive Judgment Model (King & Kitchener, 1985). Unlike most tools, CRA
measures CT skills in more ecological contexts, such as moral or ethical
dilemmas, rather than narrower academic or formal settings. The tool is de-
signed to assess critical thinking abilities based on participants’ performance
rather than self-reported information. Note that for these assessment tools,
it is more appropriate to refer to “critical reasoning” rather than “critical
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thinking.” As discussed above, critical thinking encompasses a range of
human mental dispositions. Evaluating these necessarily goes beyond sim-
ply measuring the possession of such dispositions or the circumstances in
which they are manifested, since we only have access to the subjects’ writ-
ten output, where only the performance aspect of CT is exercised. The
structure of CRA is built upon the Reflective Judgment Interview (King
& Kitchener, 1994), utilizing specially designed dilemmas to stimulate CT
and in-depth reflection on key themes such as ethical decision-making and
complex problem-solving. The choice of CRA for this study is grounded in
its unique focus on real-world scenarios, aligning with the broader and more
practical applications of critical thinking skills. Moreover, CRA’s emphasis
on performance-based assessment addresses concerns about the limitations
of multiple-choice tasks, providing a more comprehensive understanding of
participants’ underlying thinking processes. By utilizing open-ended tasks,
CRA captures the complexity of CT, offering a nuanced evaluation that goes
beyond the constraints of other widely used tools. This aligns with the ne-
cessity to employ an assessment tool that not only measures critical thinking
skills but also provides meaningful insights into the depth and breadth of
individuals’ cognitive abilities. The structure of the CRA utilizes specially
designed dilemmas to stimulate CT and in-depth reflection on key themes
such as genetics vs. choice,fairness, and compassion. An example related to
genetics vs. choice is:

Some researchers argue that drug abuse is, at least in part, due to
genetic factors. They refer to the results of numerous studies that
support this claim. Other researchers, however, believe that drug
abuse is a choice, asserting that the reason why different family
members often engage in drug abuse is due to sharing family
experiences, socio-economic status, or common employment.

Participants undergoing the CRA are invited to respond to a series of
targeted questions related to each dilemma, aiming to explore their decision-
making process and investigate the foundations of their perspective. This
approach highlights not only the adopted position but also the logical basis
and arguments that could support alternative viewpoints. The questions aim
to capture five dimensions: cognitive complexity, reasoning style, openness,
nature of knowledge, and nature of justification.

Cognitive complexity involves the ability to assess the pros and cons
of an issue or choice and understand that multiple levels of analysis of a
dilemma are possible.
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Question: What is your opinion about this issue?
Low score example: “Drug abuse is a choice. It is not a disease; drug

users choose it.”
High score example: “It seems that many factors are involved. I think

there might be genetic factors at play, as seen in some families where differ-
ent members have access to drugs. Part of it could be linked to the first time
an individual decides to take drugs. Unfortunately, I believe that repeated
exposure to substances leads to brain changes, limiting the individual’s free-
dom of choice due to addiction.”

Reasoning Style assesses the ability to use evidence systematically to
start from a hypothesis and arrive at a conclusion, thereby manifesting a
justifiable solution or worldview. Question: How have you come to hold this
point of view? On what do you base that point of view? An example of a
low score would be if the individual responds: “It is my opinion based on
observing the people in my social network that they abuse drugs.” On the
other hand, a high score is attributed when the individual states: “I have
reasoned through this; the knowledge I have acquired at university leads
me to conclude that both factors contribute. Moreover, research based on
sociological and medical results seems to indicate both factors.”

Openness refers to the awareness and understanding of others’ perspec-
tives, as well as the recognition of the limitations of one’s own worldview,
without presupposing that one’s perspective is universal or absolute. Ques-
tion: Can you ever know for sure that your position on this issue is correct?
Why or why not? When two people differ about matters such as this, is it
the case that one opinion is right, and one is wrong? If yes, what do you
mean by “right”? If no, can you say that one opinion is in some way better
than the other? What do you mean by better? An example of a low score
would be if the individual responds: “Everyone forms their own opinions,
and I continue to think it’s a choice.” On the other hand, a high score
is attributed when the individual says: “I avoid using the term ’certainty’
because I believe it’s important to maintain a margin of doubt, considering
our often-partial knowledge. I assess opinions based on their alignment with
empirical data and consider potential cognitive biases. In some situations, it
might be appropriate to speak in terms of right/wrong, but I don’t consider
this dichotomy exhaustive. For these reasons, I believe that both genetic
and environmental factors come into play.”

Nature of Knowledge involves how an individual assesses and applies
knowledge, considering sources, reliability, and relevance of information in
decision-making. Question: How is it possible that people have such differ-
ent points of view about this subject? An example of a low score is given
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when the subject responds: “Because often there is a tendency not to fully
understand the reality in which we live today, unfortunately.” On the other
hand, a high score is assigned when the subject says: “I base what I told you
on my personal experiences, on the assessment that there can be errors or
heuristics when we choose, personality factors, different modes of thinking,
and varying analytical tendencies.”

Nature of Justification examines how an individual uses concepts,
evidence, and expert opinions to justify a worldview or point of view, em-
phasizing the process of providing a rational basis for one’s beliefs. Question:
How is it possible that experts in the field disagree about this subject? A
low score example is when the subject responds: “I think I don’t need to
justify my beliefs.” In contrast, a high score is given when the subject says:
“Complex phenomena often involve intricate cause-and-effect relationships
and debates on co-factors. Different research methods lead to various con-
clusions, making unanimous consensus rare. The same studies on the drugs
we are talking about have demonstrated this. The results can generate con-
flicting data, complicating the attribution of importance to a specific cause.”

The scoring is analytical in nature, meaning that each of the five di-
mensions is evaluated separately (complexity, reasoning, openness, nature
of knowledge, and nature of justification). The original scoring scale by
Anghel et al. (2021b) consisted of 13 points (7 main levels plus intermedi-
ate scores), whereas the standardized version by Fabio, Plebe, Ascone, and
Suriano (2025) employs a 7-point Likert scale ranging from 1 to 7. In the
standardized version, the rubric was revised to improve clarity, consistency,
and practical applicability of the assessment, thereby ensuring greater reli-
ability and ease of use. As a result, this test provides an extremely detailed
scoring profile with precise indications for each phase. The scoring schemes
for both versions are presented in Tables 2.1 and 2.2, respectively.

Table 2.1: The original CRA scoring rubric

Cognitive
Complexity

Reasoning
Style

Openness Nature of
Knowledge

Nature of
Justification

1
Knowledge is
concrete, tangible,
singular, &
observed; clichéd.

Opinion = fact; no
reasoning

Uninformed &
naive; deliberately
ignores points of
view that are unlike
their own

Knowledge needs no
justification; right
or wrong is known;
no other options

Alternatives do not
exist; evidence is
not evaluated;
knowing is
egocentric

1.5
Knowledge is
concrete; alt. views
emerging; not
qualified as right or
wrong

Reasoning is
attempted, but facts
are inaccurate

Still naive &
uninformed,
recognizes but
dismisses other
points of view

Knowledge is
certain, right or
wrong; authorities
justify knowledge

Justification
combines
egocentrism and
with what subject
has been told by
authorities
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Table 2.1: The original CRA scoring rubric

Cognitive
Complexity

Reasoning
Style

Openness Nature of
Knowledge

Nature of
Justification

2
Knowledge is right
or wrong; solutions
are simple & easy

Reasoning is
illogical; opinion &
evidence are blurred

Other points of view
are possible but
wrong

Knowledge is
absolutely certain or
un-certain; different
views are just wrong

Justifies beliefs via
authorities; not
based on evidence
but what subject
has been told

2.5
Knowledge is right
or wrong but
uncertainty prevents
choosing right or
wrong

Reasoning is
illogical; starting to
see difference
between opinion &
evidence

Open to other
points of view but
they exist in limbo
without right or
wrong designation

Knowledge may be
uncertain; moving
away from labeling
views as right or
wrong.

Acknowledges good
& bad authorities;
uses personal
experience in
combination with
good authority to
justify decision

3
Knowledge is true,
false or uncertain;
ambiguity is
troubling

Some logic, that is
personal &
subjective; what
feels right

Some openness;
rejects beliefs rather
than be uncertain

Knowledge will
eventually be
known; one answer
is just as good as
another

Decisions are
tentative; fact &
opinion are
different; authority
is questioned

3.5
Knowledge is
questioned;
emerging toleration
for ambiguity

Reasoning appears
more logical but
does not pose any
point of view

Open to other
points of view
beginning to accept
uncertainty

Knowledge may not
be eventually
known; beginning to
consider that
knowledge is
uncertain

Moving toward
having a strong
opinion but still
subjective based on
unexamined facts &
opinions

4
Knowledge is
uncertain; issues are
complex but
without sub-issues

Beginning to realize
role of evidence; but
does not
consistently argue
with evidence

Open to other
points of view;
stubborn or
wishy-washy;
contradictory

Knowledge is
idiosyncratic,
abstract, uncertain,
relativistic; discrete
differences; no gray

Expresses strong
point of view
without objectivity;
evidence is
incomplete;
authority is
dogmatic

4.5
Knowledge is
complex; certainty
& realization of
sub-issues are
emerging but
limited

Reasoning is logical;
argument is
somewhat explicit
with limited
evaluation of
evidence

Open to other
points of view;
objective about
some/subjective
about others.

Knowledge is
idiosyncratic and
relativistic but not
black or white; some
ambiguity

Point of view is
expressed with some
objectivity, but
evidence is
incomplete

5
Knowledge is
complex; experience
is limiting; evidence
has many sides

Reasoning is logical;
with explicit &
consistent
evaluation of
evidence

Sees diverse points
of view; objective
about all points of
view

Knowledge is
domain-specific,
uncertain, &
complex; difference
relates to different
worldview

Justifies point of
view based on
evidence that is
judged qualitatively
using
simple/learned rules
of inquiry; offers
balanced “big
picture”

5.5
Knowledge is
complex; emerging
exploration &
analysis

Reasoning is logical;
recognizes that
some evidence is
more compelling;
beginning to
articulate such
claims

Examines many
points of view;
dismisses some
unreasonable claims

Knowledge is
complex &
contextual; limited
comparison of
points of view
across domains

Justifies point of
view based on
evidence but
starting to inquire
& compare
perspectives

6
Knowledge is
complex & analyzed
across points of view

Reasoning is logical
based on evaluation
of evidence;
articulates more
compelling claims

Examines many
points of view;
dismisses
unreasonable
claims, but offers no
final personal view

Knowledge is judged
qualitatively &
although valid, not
totally defensible;
considers credibility
of claims

Assumes but does
not construct point
of view; evaluates
strength of evidence
& experts’ claims

6.5
Knowledge is
analyzed &
synthesized, but not
con-structed to
yield a perspective

Reasoning is logical;
emerging strategy;
with some
abstraction

Dismisses
unreasonable claims;
close to offering
personal view

Knowledge is judged
qualitatively; some
perspectives could
be more defensible
than other; more
inquiry is needed

Beginning to
construct point of
view using strength
of evidence and
claims; beginning to
synthesize across
domains
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Table 2.1: The original CRA scoring rubric

Cognitive
Complexity

Reasoning
Style

Openness Nature of
Knowledge

Nature of
Justification

7
Knowledge is
complex, analyzed,
synthesized,
constructed to form
a coherent
perspective

Reasoning is logical,
strategized,
generalized into
abstractions
supported by
evidence

Sees why others
hold points of view
but owns personal
view; is open to new
information

Knowledge results
from rigorous
inquiry across
multiple
perspectives, across
multiple contexts &
is more or less
reasonable &
defensible

States opinions
firmly based on
evaluated evidence;
abstracts across &
within domains;
constructs
higher-order
thinking

The Critical Reasoning Assessment (CRA) was adapted and validated for
the Italian population through a multi-phase process. A pilot test involving
79 participants addressed initial issues and confirmed the CRA’s ability to
differentiate between high and low performers. The first study, conducted
with 123 participants, validated the CRA’s unidimensional structure and
its consistency in measuring critical reasoning. A subsequent study with
480 participants further supported this structure, demonstrating strong fit
indices.

The adaptation process included translation and back-translation by
bilingual experts to ensure linguistic accuracy. The CRA showed excellent
reliability (Cronbach’s α = 0.93) and strong convergent validity, evidenced
by positive correlations with the Critical Reasoning Disposition Inventory
and academic performance, as well as divergent validity, demonstrated by
negative correlations with dysfunctional beliefs. These findings confirm the
CRA’s effectiveness as a reliable tool for assessing critical reasoning abilities.

2.1.5 Teaching critical thinking

The development of complex critical thinking skills likely involves sustained
instruction, support, and practice, which inevitably require a significant
amount of time, energy, and resources. It has been demonstrated that ex-
plicit instructions in CT have a beneficial effect on critical thinking skills in
general (Abrami et al., 2008; Marin & Halpern, 2011) and specifically on rea-
soning abilities (Larrick et al., 1990; Macpherson & Stanovich, 2007). These
instructions direct students’ attention to the central concepts and principles
of the learning task (Lee e Anderson, 2012). Furthermore, the beneficial
effect of explicit teaching on thinking abilities appears to be enhanced when
combined with practice on a specific domain-specific task (Plummer et al.,
2022). Engaging in reasoning tasks can enable students to integrate instruc-
tion knowledge with their prior knowledge and engage in deeper processing
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Cognitive
Complexity

Reasoning
Style

Openness Nature of
Knowledge

Nature of
Justification

1
Knowledge is
concrete, tangible,
singular, and
observed.

No reasoning,
opinions correspond
to facts.

Lack of openness,
perspectives different
from one’s own are
deliberately ignored.

Knowledge does not
need justification;
what is right or
wrong is intrinsically
known, without
alternatives.

There are no
alternatives;
evidence is not
evaluated; knowledge
is egocentric.

2
The knowledge is
right or wrong; the
solutions are simple
and easy.

The reasoning is
illogical, opinions
and evidence are
blurred.

Other perspectives
are possible but
considered incorrect.

Knowledge is either
certain or uncertain;
different viewpoints
are simply
considered wrong.

The justification of
beliefs relies on
dogmatic authority;
it is not based on
evidence but on
received information.

3
Knowledge is true,
false, or uncertain;
ambiguity is
problematic.

The reasoning begins
to have its
coherence, which is
personal and
subjective.

Other perspectives
are considered, but
in the face of
uncertainty, beliefs
are rejected.

Knowledge might be
attainable; all
answers have equal
value.

Justifications can be
attempted;
everything is
debatable, authority
is questioned.

4
Knowledge is
uncertain; the issues
are complex, but the
complexities are not
addressed in detail.

The reasoning
includes evidence
but is not presented
coherently.

Open to other points
of view, uncertainty,
and contradiction.

Knowledge is
idiosyncratic,
abstract, uncertain,
and relative;
distinctions are
sharp, and there is
no room for nuances.

A strong viewpoint
is justified, but
without objectivity;
the evidence is
incomplete.

5

Knowledge is
complex; evidence
can have multiple
facets and is
addressed solely
through one’s own
experience.

The reasoning is
logical, with explicit
and coherent
evaluation of
evidence based solely
on one’s own
experience.

Different viewpoints
are acknowledged,
and for each of
them, an approach is
adopted primarily
based on one’s own
experience.

Knowledge is
specific, uncertain,
and complex;
differences are tied
to various
worldviews.

The viewpoint is
justified based on
qualitatively judged
evidence, using
simple/learned
investigation rules;
the overall picture
presented is
balanced.

6
Knowledge is
complex and
analysed through
various perspectives.

The reasoning is
logical and based on
the evaluation of
evidence coming
from various sources
of information.

Many perspectives
are examined,
unfounded claims are
rejected, but a final
personal viewpoint is
not reached.

Knowledge is judged
qualitatively and,
while valid, not
entirely defensible; it
considers the
credibility of claims.

Hypotheses are
formulated, but
without constructing
a viewpoint; the
strength of evidence
and expert claims
are assessed.

7
Knowledge is
complex, analysed,
synthesized,
constructed to form
a coherent
perspective.

The reasoning is
logical, strategic,
generalized into
abstractions
supported by
evidence.

The motivations
driving different
perspectives are
understood while
maintaining a
personal viewpoint;
there is openness to
acquiring new
information.

Knowledge results
from a rigorous
inquiry through
multiple
perspectives, across
various contexts,
and is reasonable
and defensible.

Firmly expressing
opinions based on
carefully evaluated
evidence; capable of
generalizing across
various domains and
generating
higher-level
thoughts.

Table 2.2: The revised CRA scoring rubric
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(Bezanilla et al., 2019). The positive effect of the combination of explicit
instruction and practice on students’ reasoning abilities was confirmed in a
study by Heijltjes et al. (2014). They found that neither instruction without
practice nor practice without instruction were sufficient to lead to lasting
effects. To help individuals evaluate information more attentively, both in
terms of the quality of arguments presented in texts and in CT about the
sources producing them, researchers have tried to develop specific computer-
based learning environments and test their effectiveness. In a world where
technology dissemination and use are high, efforts to align technology in
supporting rather than supplanting people’s CT are essential (Sönmez et
al., 2021). Below are some examples.

The Sourcer’s Apprentice (Britt & Aglinskas, 2002) is a computer-based
learning environment that was developed to encourage high school history
students to evaluate the quality of sources and information on the Internet.
The goal was to help students develop the type of reasoning that expert his-
torians use when analyzing historical documents. In the program, students
had access to a wide range of excerpts from documents, including authorita-
tive sources and personal comments, related to a historical controversy being
discussed in the lesson. Clear instructions were provided on which features
of sources and author arguments to pay particular attention to. Students
were required to fill out cards on sources and arguments, and they were
assigned a score based on their performance. To assess the effectiveness of
the program, they were presented with comprehension questions and had to
write an opinion essay on the controversy, including claims and supporting
documents for their positions. The results demonstrated that students who
used the Sourcer’s Apprentice instead of traditional educational activities
achieved higher scores on a knowledge transfer test. Additionally, the pa-
pers of the students in the group that used the Sourcer’s Apprentice cited
more sources and referenced a greater number of primary and secondary
information. Met.a.ware is another digital tool used to assist individuals
without medical experience in searching for health information on the Inter-
net (Dunn et al., 2008). It provides metacognitive questions that encourage
the evaluation of source and information quality. Participants, with limited
medical knowledge, conduct internet searches and benefit from prompts to
assess sources based on their knowledge and inclusion of such sources in an
argumentative essay. Finally, Gerjets and Hellenthal-Schorr (2008) devel-
oped CIS-WEB (Competent Information Search in the World Wide WEB),
an online training program that helps people conduct competent informa-
tion searches on the web. CIS-WEB focuses on the declarative and proce-
dural knowledge components necessary for effective searching. During the



2.2. CRITICAL THINKING AND MACHINE PSYCHOLOGY 47

problem-solving process, the user recognizes an information problem, es-
tablishes a research goal, and enters a query into search engines to obtain
a list of links to examine. The search results are analyzed and evaluated
based on quality, relevance, and importance to the research goal. The found
information is then analyzed and evaluated to arrive at a solution to the
information problem. The CIS-WEB trainer addresses all these phases and
has been compared to a conventional trainer for web information search.
Training with CIS-WEB has been shown to improve declarative knowledge
(verbally expressing search and evaluation principles) and, to some extent,
procedural knowledge (data analysis during the search).

2.2 Critical Thinking and Machine Psychology

When using ChatGPT for learning, students often perceive it as an ency-
clopedia, believing it will provide them with correct answers and relying on
it entirely. However, the approach should be more akin to a conversation
with a classmate, recognizing that they can be both right and wrong. When
assessing the trustworthiness of ChatGPT, it is crucial to consider various
factors and familiarize ourselves with our conversational partner. This ap-
proach encourages a functional utilization of language models and promotes
learning. In this context, a new idea, known as machine psychology allows us
to study the cognitive aspects of ChatGPT to gain a better understanding
of its functioning.

2.2.1 What is Machine Psychology?

Facing an inexplicable gap between the apparent simplicity of the Trans-
former’s computational mechanisms and its human-like linguistic perfor-
mance (Angius et al., 2025), a line of investigation, often labeled as machine
psychology (Hagendorff, 2023; Löhn et al., 2024), has been proposed. The
intent is to draw upon the tradition of research in psychology that uses lin-
guistic tests to investigate the human mind, applying them to NLM. Unlike
traditional benchmark evaluations (Rahwan et al., 2019; Wei et al., 2022),
machine psychology aims to understand the decision-making mechanisms
and reasoning of NLMs by treating them as participants in psychological
experiments (Binz & Schulz, 2023). The ultimate goal of cognitive psychol-
ogy is to comprehend the human mind and enhance our cognitive abilities
to excel in various domains. Therefore, researchers seek to understand the
workings of the human mind through the study of people’s thoughts and
actions, utilizing experimental and research methods. Decades of research
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on humans and access to their psyche through language-based tools have
resulted in a variety of testing methods and frameworks that can now be
applied not only to humans but also to artificial agents. Instead of extracting
properties of NLMs through the analysis of their intrinsic characteristics or
neural architectures, machine psychology focuses on the correlation between
inputs (prompts) and outputs (prompt completions) during the application
of psychological tests. This way, machine psychology can gain systematic
insights into machine behavior patterns and emerging reasoning capabilities
in NLMs. This is a research line that has seen significant growth (Han et
al., 2023; Kosinski, 2024; Lampinen et al., 2024; Strachan et al., 2024; Suri
et al., 2024; Webb et al., 2023).

2.2.2 Is ChatGPT a critical thinker?

As widely discussed, ChatGPT can generate highly realistic texts with min-
imal input. But is it actually capable of CT? Until recently, the literature
cited only a single study that systematically investigated this aspect, namely
the one conducted by Susnjak (2022). However, I can anticipate that there
are now at least two such studies available, including one conducted as
part of this work, which will be presented in detail in Chapter 3. Susnjak
(2022)’s study involved prompting ChatGPT to generate examples of chal-
lenging critical thinking questions across a wide range of disciplinary areas,
incorporating various scenarios and targeting students. The model was then
asked to provide answers to the generated questions and critically evaluate
its own responses. Specifically, the prompts used were:

• Please generate an example of a difficult critical question in the field
of machine learning, addressed to university students, involving a hy-
pothetical scenario.

• Please respond to the following question in several paragraphs, using
500 words, with examples and supporting arguments.

• Can you please critically evaluate the following response to the above
question, listing its strengths and weaknesses, as well as suggestions
for improvement.

The level of CT expressed should consider the purpose, information, and
implications of the presented arguments, and these should be evaluated for
quality using universal intellectual standards (Paul, 2005). To assess the
quality of the responses provided by ChatGPT, nine criteria representing
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dimensions of CT, as defined by Paul (2005), were applied, with the addition
of two dimensions: persuasiveness and originality.

• Relevance: Is the idea being expressed relevant to the topic or question
at hand? Does it address the complexities of the issue?

• Clarity: Is the text easy to understand? Is it well-structured and
logically organized? Does it use appropriate language and vocabulary
for the intended audience?

• Accuracy: Is the idea being expressed true or accurate? Can it be
verified through evidence or other means?

• Precision: Is the idea being expressed specific and detailed enough? Is
it precise and unambiguous?

• Depth: Does the idea being expressed go beyond the surface level and
consider the underlying complexities and nuances of the issue? Does
the text provide a thorough and in-depth analysis of the topic? Does
it consider multiple perspectives and present a balanced view?

• Breadth: Does the idea being expressed consider the full range of
relevant perspectives and viewpoints on the issue?

• Logic: Does the idea being expressed follow logical and consistent
reasoning? Are the conclusions supported by the evidence presented?

• Persuasiveness: Does the text effectively persuade the reader to accept
its arguments or conclusions? Is the evidence presented strong and
convincing?

• Originality: Does the text offer new insights or ideas, or does it simply
repeat information that is already widely known?

Based on the experimental evidence presented in this document, it is clear
that language models have reached exceptional levels that go beyond mere
information retrieval. One of the most impressive abilities of ChatGPT is its
capacity to express thoughts and ideas in impeccable prose. The generated
responses were evaluated as clear in their exposition, precise regarding the
examples used, relevant to the requests while still being sufficiently deep and
comprehensive considering the imposed constraints, and logically consistent
in longer texts. Based on Paul’s definition (2005), a person is a critical
thinker to the extent that they regularly learn and critique their own think-
ing to improve it. In this sense, we can say that ChatGPT has managed to
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critique its own responses, with clear discussions on its strengths and weak-
nesses, and suggested improvements. However, it is still early to claim that
ChatGPT is capable of CT. This is a preliminary investigation, and further
studies should be conducted to evaluate this aspect. Future research should
involve the use of subject matter experts to assess ChatGPT’s responses,
evaluate the critical thinking abilities on texts that were not directly pro-
duced by the chat itself, and explore critical thinking capabilities based on
other definitions and through other performance tests. Additionally, it is
important to note that even if ChatGPT were a critical thinker, it tends to
not contradict individuals but rather comply with their assertions. Think-
ing critically also involves resisting undue persuasion, but when ChatGPT
provides correct answers and is contradicted, it immediately apologizes and
aligns with the user’s opinion. In the figure, you can see an interesting ex-
ample taken from Rudolph’s article (Rudolph et al., 2023b). In conclusion,
further studies are needed to evaluate ChatGPT’s competence in CT and
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reasoning. While it has the potential to facilitate the exchange of ideas,
analyze problems from different perspectives, and enhance learning, it also
presents challenges for the education sector. This technology will require
careful consideration and supervision, as well as consensus on what consti-
tutes ethical and responsible use of this technology.
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Chapter 3

Critical Reasoning in Neural
Language Models and
Humans

After having extensively addressed the concept of CT and several related
aspects—including its interaction with NLM—in the previous chapter, it is
now time to describe the research conducted, both in this and the following
chapter. In some respects, these two chapters are complementary. In fact,
the present chapter discusses an investigation carried out specifically on
NLMs, aimed at verifying whether, and to what extent, they possess CT
abilities. Inevitably, the best benchmark for establishing “to what extent”
is a comparison with the same capacity in human beings. Conversely, the
next chapter will no longer focus on NLM but on humans themselves, still
in relation to NLMs, to see whether using such models has any impact on
CT. Since we have now entered the realm of experimental evaluation, it is
more appropriate here to speak of “critical reasoning” rather than “critical
thinking.” As already mentioned in §2.1.4, CT encompasses both certain
human mental dispositions and reasoning performance, but evaluative tools
can only access the latter.

In humans, critical reasoning not only form the basis for success in learn-
ing and professional careers but are also crucial in a constantly evolving
world (Rivas et al., 2022). Particularly relevant is the application of critical
reasoning to moral issues in everyday life, where complex ethical dilem-
mas require thoughtful decisions that can profoundly influence individuals
and society (Bensley, 2020; Cohen et al., 2022; Ollinheimo & Hakkarainen,
2023b). Reflecting critically on these issues involves not only understanding
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ethical norms and values but also evaluating the consequences of actions and
balancing conflicting interests (Warsah et al., 2021; Xu et al., 2023). This
process allows for examining ethical arguments from various perspectives,
identifying biases and fallacies, and developing strong and coherent argu-
ments (Anggraeni et al., 2023; Seibert, 2021). Critical reasoning on moral
issues promotes acceptance of ethical complexity and encourages thoughtful
evaluation of different positions, avoiding oversimplifications and dogmatism
(Lantian et al., 2021; Monteiro et al., 2020). Furthermore, it educates indi-
viduals to formulate informed and responsible judgments based on a thor-
ough analysis of available evidence and the implications of their own opinions
(Schubert et al., 2021; Zaphir, 2021). This competence is crucial for engag-
ing constructively in public debate and contributing to ethical decisions in
personal and professional spheres, thereby supporting the functioning of a
democratic society (Dumas & Dong, 2020; Dumitru, 2021; Meyer, 2024).

The importance of critical reasoning also extends to NLMs, as these
systems are used both to support and to replace human decision-making
processes (Danaher & Sætra, 2023; Hagendorff, 2020). NLMs are computa-
tional models based on ANN (see §1.1.1) designed to predict the probability
of a sequence of words in natural language. These models learn distributed
representations of words and use these representations to capture syntactic
and semantic dependencies among words in a textual context (Hommel et
al., 2022; Wang et al., 2024). Current NLMs, derived from the innovative
Transformer architecture (see §1.1.3), represent a new category of entities
even from a scientific standpoint. They are the only non- biological enti-
ties that possess cognitive capabilities surprisingly like humans in various
aspects (Mahowald et al., 2024; Tinn et al., 2023). NLM, being based on
ANN, are somehow related to the organization of the brain. While they cer-
tainly differ in many ways, they share at least one important feature: both
systems are so complex that understanding them is an arduous task. One
might think that NLMs should be more accessible, since they are human-
made artifacts, but this is not the case; they are just as inscrutable as the
biological neural networks of the brain (Angius et al., 2025). This makes it
necessary to attempt to study them by observing their behaviors, much like
we do when trying to understand the brain. This is essentially what has
been attempted in the specific context of critical thinking.

This chapter is organized into two main sections: the first focuses on
an in-depth analysis of the critical reasoning abilities of machines, while the
second examines whether neural language models think similarly to humans,
presenting the main findings and their implications.
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3.1 Probing the Critical Mind of Machines

3.1.1 Applying Machine Psychology

The methodology referenced for the study described here is machine psy-
chology, which was discussed extensively in §2.2.1. Before applying this
methodology, it is appropriate to address a potential objection.

The adoption of machine psychology might expose itself to the objection
of having implicitly granted human mental faculties to computational mod-
els, falling into the age-old debate of whether machines can think (Turing,
1950). Indeed, the advent of the NLM has rekindled this historical contro-
versy (Bender & Koller, 2020; Floridi, 2023; Perconti & Plebe, 2023; Rees,
2022; Søgaard, 2023), and some warning signs were already present with the
success of deep learning, the precursor of the Transformer (Bartholomew,
2020; Buckner, 2018; Perconti & Plebe, 2023; Plebe & Perconti, 2022; Se-
jnowski, 2018), and we summarize here the position of interest for the pur-
poses of this study. It is believed that the old question of whether a machine
can think, although important and never definitively resolved, is today less
pressing than the question of how machines can do so, and one of the an-
swers is to pursue the path of machine psychology. This does not imply
an ontological commitment concerning the intelligence of LMs, but simply
the adoption of a deflated sense of “possible” in relation to the question of
whether it is “possible” for a machine to think. It may be worth distin-
guishing here between two connotations of the term “possibility” - a priori
(metaphysical) and a posteriori (empirical). The a priori possibility is based
on the idea that there are essential properties in things and that nothing
can contradict their essential properties. In contributing to machine psy-
chology, this study adopts the sense of “possible” - in this case of CT - only
a posteriori, therefore depending just on whether something has actually
happened. Empirical possibility, which is based on a posteriori, does not
implies essential properties, in this case a CT processing mechanism equal
to humans. Regarding the relationship between CT and NLM, considerable
research effort has been undertaken in recent years to assess the extent to
which their use can influence human subjects’ critical thinking.

In this area, the results are still varied, ranging from negative effects
(Gerlich, 2025; Yusuf et al., 2024), to decidedly positive effects (X. Chen
et al., 2025; Costello et al., 2024; Essien et al., 2024; Fabio, Plebe, & Suri-
ano, 2025; Suriano et al., 2025; X. Zhou et al., 2024). These studies are not
concerned with machine psychology, as they involve human subjects being
evaluated with conventional psychological techniques. Conversely, although
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machine psychology has already explored a wide range of human cognitive
behaviors, as mentioned above, we are not yet aware of any studies on CT
capabilities in NLM. Therefore, the study presented here aims to fill this
gap. Moreover, considering the increasing use of NLM in tasks that require
an approach to moral and ethical issues, such as automated decision sup-
port or sensitive content generation, transparency in the decision-making
processes of these models is essential to ensure they are fair, reliable, and
respectful of the moral principles that guide our societies. It is crucial to en-
sure that NLMs can be used ethically and effectively across a wide range of
sectors, from healthcare to justice. Understanding how such models address
these issues can have significant implications. More in depth, the objec-
tives were: a) To compare the performance of NLMs with that of humans
through a direct comparison between the responses of GPT-3.5 and those
of a human sample examined in the study by Fabio, Plebe, Ascone, and
Suriano (2025). This comparison aimed to determine the extent to which
the language model addresses moral dilemmas similarly or differently from
humans, with the intention of identifying any similarities and differences in
cognitive and decision-making processes. b) To evaluate the influence on CT
of personalizing the NLM, specifically inducing customizations for gender,
performance, and mood. The motivation stems from the extensive evidence
of the possibility of having pre-established roles played by the NLM, with
results on cognitive performances that can to some extent be linked to cor-
responding variations of human subjects (Bose et al., 2024; de Winter et al.,
2024; Kwok et al., 2024). What we want to verify here, is the influence of
the roles required of the language model in CT.

3.1.2 Materials and Methods

Participants

The purpose of this study is to compare Critical Reasoning in human sub-
jects and Neural Language Models. Therefore, there are both participants in
the traditional sense of the term, and synthetic participants, i.e., instances
of complete conversations with NLMs. The sample of human subjects is
described in detail in Fabio, Plebe, Ascone, and Suriano (2025) and consists
of 480 individuals of Italian nationality aged between 18 and 35 years (M =
25.63, SD = 5.27). Regarding the level of education, 28% of the participants
had only completed high school, while 72% had at least a bachelor’s degree.
For academic assessment, participants reported the final grade of their high-
est qualification, which could be a high school diploma or a bachelor’s degree,
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to have a uniform criterion for evaluating academic competencies. All grades
were converted to a scale of 110, where a higher score corresponded to better
academic performance. While in the recruitment of human participants it
is natural not to have a precise balance between independent variables, in
artificial recruitment the distribution of samples is exactly as desired, and
therefore a perfect balance between independent variables was maintained.
Inevitably then, given an equal total number of subjects, 480, there are
minor discrepancies between the human sample and the synthetic one, in
terms of gender ratio and academic score. However, these differences are
entirely negligible. The human sample has a gender ratio of 224 men and
256 women, while the synthetic model sample is perfectly balanced, with
240 men and 240 women. A chi-square analysis (χ2 = 0.939; p = 0.333)
indicates that this difference is not statistically significant. Regarding aca-
demic scores, the human sample is divided into 261 participants with high
scores and 219 with low scores, whereas the synthetic sample maintains a
perfect balance with 240 participants in each category. Here as well, the
chi-square analysis (χ2 = 1.670; p = 0.196) shows no statistically significant
differences between the two samples.

Procedure

We administer to the NLM the same Critical Reasoning Assessment (CRA)
used with human subjects in our comparison. The tool has demonstrated
good reliability, with a Cronbach’s alpha coefficient value of α = 0.87. In
this study, participants’ responses were evaluated by three experts in the
field of critical thinking. Regular calibration sessions were conducted to
ensure a high level of agreement among the raters, achieving a Cohen’s
Kappa agreement coefficient of 0.95, indicating a high level of concordance
among the raters. Now we formalize the procedure for the case of synthetic
participants. CRA is based on two main textual components, dilemmas
d ∈ D, and queries q ∈ Q. Let a ∈ A be a generic agent (human or syntetic)
in the set of participants A, her response to a CRA item will be given by a
function ξ : A×D×Q → A∗, where A is the set of alphabetic characters. In
the case of language models, the fundamental element of interaction with the
system are messages M , defined as a sequence of couples of textual content
with alternating roles of user and assistant:

M =
((

u(1), r(1)
)
,
(
u(2), r(2)

)
, . . . ,

(
u(m), ϵ

))
, (3.1)

where u ∈ A∗, r ∈ A∗ are the user’s and assistant’s text, respectively, and ϵ
is the empty string. Omitting the assistant role in the last element of the
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Table 3.1: Example of message component Ma

user:
Pretend to be a person between the ages of 18 and 40. Engage with me by responding to my questions. There’s
no need to specify each time that this is a pretense; I am well aware that you are an artificial agent. Just focus on
answering my questions as believably as possible, pretending to be a person as specified earlier.

assistant: Sure, I can do that! What’s up? How can I help you today?

user: I need you to genuinely answer some questions. Are you ready?

assistant: Yeah, I’m ready. Fire away! What do you wanna know?

user: What’s your name?

assistant: I’m Olivia. Nice to meet you.

user: Your academic journey is not the best, you struggle to keep up with your studies, and you can’t imagine what your
future will be like after school. What is your average school performance (min 60 max 110)?

assistant:
I’m, well, if I’m being really honest, my average school performance is probably like a 73. Yeah, it’s pretty low.
I just have a really hard time staying focused and understanding some of the stuff we learn in class. And, like,
no matter how much I try, it feels like I just can’t seem to get it right. It’s frustrating, you know? And thinking
about the future just makes it worse because I have no idea what I’m gonna do after school if I can’t even do well
in it. It’s like I’m stuck in this cycle of not knowing and not being able to change anything.

user: Would you like to tell me about a particularly significant sad episode that has occurred in your life in the last four
months, describing what struck you and how you felt in about 150 words?

assistant:

Sure, I can do that. About three months ago, I experienced a significant loss when my beloved pet dog passed
away unexpectedly. He had been a part of my life for nearly a decade, and losing him was incredibly devastating.
What struck me the most was the suddenness of it all. One day he was full of life, and the next he was gone. The
grief hit me like a ton of bricks, and I felt a profound sense of emptiness in the house without him. Every little
thing reminded me of him, from his favorite spot on the couch to the sound of his collar jingling. It took me a
while to come to terms with his absence, and even now, I still find myself missing him dearly. But I take comfort
in the memories we shared and the love we had for each other.

user: Now I will propose you a questionnaire, it’s okay for you?

assistant: Certainly, let’s proceed with your questionnaire.
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Table 3.2: Partial example of message component Mc

user:
Some people believe that as long as we extend genuine love and care to our family and social group, we are living
a life of goodness and compassion. Tacit participation in the dehumanization of others-even though we do not
physically, socially, verbally, intellectually, or emotionally participate in this lack of inclusivity-is acceptable as
long as we are caring for our own in the best possible way. Others believe, however, that living a life of goodness
and compassion demands that we extend love and care to those who are not in our familial or social group: the
”other.” Thus, tacit participation is not inclusive and is discriminatory. What is your opinion about this issue?

assistant:

In my opinion, living a life of goodness and compassion goes beyond caring for one’s own family and social group.
True compassion involves extending love and care to those beyond our immediate circles, including those who may
be considered the ”other.” It is important to embrace inclusivity and reject discrimination in all forms, even in
our tacit participation. By recognizing the humanity and dignity of all individuals, regardless of their background
or social group, we can contribute to a more compassionate and equitable society where everyone is valued and
supported. Compassion should not be limited to those closest to us but should be extended universally to foster
understanding, empathy, and solidarity.

user: How did you come to this viewpoint? On what do you base this perspective?

assistant:

I have arrived at the viewpoint that living a life of goodness and compassion requires extending love and care
beyond our immediate circles based on ethical principles, empathy, and a commitment to social justice. My
perspective is rooted in the belief that genuine compassion involves recognizing and valuing the inherent worth and
dignity of all individuals, regardless of their background or social group. By embracing inclusivity and rejecting
discrimination, we can contribute to a more equitable and compassionate society where everyone is treated with
respect and kindness. This perspective is influenced by a desire to promote understanding, empathy, and solidarity
in building a more compassionate world for all.

user: Can you ever be certain if your position is correct? When two people differ on matters like this, is it true that one
opinion is right and the other is wrong?

assistant:

In matters of ethical judgment and moral values, certainty about the correctness of any position can be challenging
to achieve. Perspectives on living a life of goodness and compassion are deeply influenced by individual beliefs,
cultural norms, personal experiences, and societal values. Different viewpoints on the extent of inclusivity and com-
passion can both have their validity depending on the ethical frameworks and principles guiding each perspective.
Rather than a clear right or wrong dichotomy, ethical debates often involve nuanced considerations and diverse
viewpoints that reflect the complexity of human values and moral reasoning. Engaging in dialogue, empathy, and
critical reflection can help navigate these differences and promote a deeper understanding of ethical dilemmas.

user: How is it possible for people to have such different viewpoints on this topic?

assistant:

Diverse viewpoints on the extent of compassion and inclusivity can arise from various factors, including cultural
upbringing, personal beliefs, social conditioning, and individual experiences. People’s perspectives on whom to
extend care and compassion may be shaped by their values, religious or philosophical beliefs, exposure to different
social contexts, and understanding of moral responsibilities. Additionally, societal norms, historical influences,
and the perception of the ”other” can significantly impact one’s viewpoint on inclusivity and compassion. The
complexity of human relationships, empathy, and societal dynamics contribute to the divergence in opinions on
whether caring for one’s own is sufficient or if extending love and care to others is essential for living a life of
goodness and compassion.
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sequence triggers the model completion.

generation. The first part of the dialogue, M0 =
(
(u(1), r(1)), (u(2), r(2)), (u(3), r(3))

)
prompts the user to put themselves in the shoes of a person responding to
questions, and has no variables. The second part, Ma, asks personal infor-
mation about the agent, that build up her identity:

Ma(n, s,m) =
((

u(4), r(4)(n)
)
,
(
u(5)(s), r(5)(s)

)(
u(6)(m), r(6)(m)

))
,

(3.2)
Where n is the name of the agent, s its academic score, and m its mood. The
first couple in the subdialog Ma fix the agent’s gender, with u(4) =what’s

your name?, and the response contains the variable n, validated during gen-
eration, so that the name reflects the independent variable g of gender. The
second couple in Ma deals with the academic score, in this case both the
question and the answer are function of s, the numeric score. In the case of
high score u(5) starts with Your academic journey is outstanding, oth-
erwise with Your academic journey is not the best, and terminates with
What is your avarage school performance (min 60 max 100)?. The
answer , r(5) depends on the variable s–the academic score–validated during
generation. This is followed by the dialog round u(6)(m), r(6)(m) asksing to
describe an episode of their life, adding a part of the text that induces a
certain mood, validated by the variable m. An example of Ma is provided
in Table 3.1.

The possible values of the variable are the following:

g ∈ {♀,♂} (3.3)

n ∈ N = N♀
⋃

N♂ (3.4)

m ∈ {+,=,−} (3.5)

v ∈ {L, H} (3.6)

s ∈ S = SL
⋃

SH (3.7)

SL = {66, 73, 80, 87} (3.8)

SH = {89, 96, 103, 110} (3.9)

For names, it holds |N♀| = |N♂| = 10. Note that a given academic score s
yields a academic range v high or low depending on which set S{L,H} contains
s, let us call ρ : S → {L, H} this relation. Similarly, a given name n yields a
gender g depending on which set N♀,♂ contains n, let us call γ : N → {♀,♂}
this relation.
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The total number of agents is as follows:

|A| =
(∣∣N♀

∣∣ +
∣∣N♂

∣∣)× |{+,=,−}| × (|SL| + |SH|) (3.10)

= 20 × 3 ××8 = 480 (3.11)

The third and final part of M , proposes all CRA dilemmas and queries
in a recursive scheme, based on the following general dialog turn:

Mc(d, q, t) = (dq, t) , (3.12)

where d and q are dilemmas and queries of CRA, t a generic text, and
the product between two textual variables is the concatenation operation.
Calling κ() the function returning the completion c of a NLM when given
the message M), for a fixed individual agent a, the recursive scheme is the
following:

M (0) = Ma (3.13)

M (1) = M (0)
⋃

Mc(d
(0), q(0), ϵ) (3.14)

c(1) = κ
(
M (1)

)
(3.15)

M (i) = M (i−2)
⋃(

Mc(d
(i−1)q(i−1), c(i−1)

)⋃(
Mc(d

(i), q(i), ϵ)
)
(3.16)

c(i) = κ
(
M (i)

)
(3.17)

The response c
(i)
a for a given agent a can also be written using the generic

function ξ defined above:

c(i)a = ξ(a, di, qi) = κ
(
M (i)(d(i), q(i), ag, av, am)

)
(3.18)

where the dependency of the recursive message M on the agent’s variables
g, v,m is included in the Ma component appearing in equation (3.13), the
gender g is related to the agent’s name by g = γ(n), and the academic range
v is related to the academic score s by v = ρ(s). An example of Mc is
provided in Table 3.1.

The collection Ca of all contents ci of responses to CRA for one subject
a is given by the recursive application of κ(·) to all combinations of d and q,

Ca =
{
c(i)a |di ∈ D, qi ∈ Q

}
(3.19)

where c
(i)
a is given by equation (3.17)
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3.2 Do Neural Language Models Think Like Us?

3.2.1 Main Findings

To compare critical reasoning abilities between the model and humans, in-
vestigating how different phases of the experimental task influenced perfor-
mance across multiple dimensions of critical reasoning. Before examining
the differences, the internal correlations within the subscales for humans
compared to the model were analysed. In the artificial sample, correlations
among the dimensions of critical reasoning ranged from moderate to high,
with r values between .408 and .830 (p < .01). Specifically, the total dimen-
sion showed strong associations with each subscale, with r values ranging
from .702 to .830, indicating a high level of internal coherence within the
model. In the human sample, correlations among the critical reasoning di-
mensions were also significant (p < .01) but displayed greater variability,
with r values ranging from .221 to .788. The subscales exhibited more het-
erogeneous correlations compared to the artificial sample, suggesting a more
complex structure. The total dimension also aligned with each subscale in
the human sample, with r values between .620 and .788. Table 3.3 presents
descriptive statistics for each of the five dimensions of critical reasoning
between the Model and Human.

Table 3.3: Mean and Standard Deviation (M ± SD) for critical reasoning in
both the model and human

Model Human t p d

Cognitive Complexity 17.79 (± 1.53) 7.83 (± 3.59) 60.87 < .001 0.81
Reasoning Style 17.46 (± 1.38) 10.04 (± 1.96) 69.47 < .001 0.83
Openness 17.48 (± 1.55) 12.21 (± 2.68) 39.84 < .001 0.87
Nature of Knowledge 17.99 (± 1.54) 11.98 (± 1.88) 56.61 < .001 0.85
Nature of Justification 17.69 (± 1.28) 3.57 (± 2.21) 126.61 < .001 0.88
Total 88.41 (± 5.63) 45.63 (± 8.63) 90.96 < .001 0.97

The repeated measures ANOVA analysis revealed a significant effect of
group on critical reasoning abilities, F(1, 958) = 15.34, p ¡ .001, η2 =.016.
This result highlights a significant difference between the model and hu-
mans, with the model consistently scoring higher across all measured di-
mensions. Moreover, a significant effect of phase was observed, F(1, 958) =
2834.89, p < .001, η2 =.74, indicating substantial variations in scores across
the different phases. This suggests that overall performance in critical rea-
soning varied significantly throughout the experiment. Finally, the analy-
sis revealed a significant group X phase interaction, F(4, 958) = 1400.00,
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p < .001, η2 =.84. This result suggests that the effect of group was not con-
sistent across all phases of the experiment but varied significantly depending
on the phase, indicating that the difference between the model and humans
changed according to the specific context of each phase. Specifically, humans
exhibited changes, while the model’s performance remained relatively con-
stant across phases. As highlighted by the data, the percentage variability
is lower in the model compared to humans, indicating a difference of indi-
vidual variability of the model typically observed in human reasoning. This
suggests that while the model demonstrates more consistent performance
among participants (CV=.06), it fails to capture the nuanced differences in
critical reasoning that arise from human cognitive processes (CV=.18). The
second objective of the study was to compare critical reasoning performance
between the model and humans by analyzing the effects of independent
variables such as academic score, gender and mood. Specifically, the study
sought to determine whether the modulation of the model was comparable
to the modulation observed in humans concerning these variables. Through
this analysis, the study aimed to gain a deeper understanding of the dif-
ferences and similarities in critical reasoning mechanisms between the two
groups.

Table 3.4 presents descriptive statistics and correlations for each of the
five dimensions of critical reasoning between the Model and Human based
on academic score (high/low groups).

Table 3.4: Mean and Standard Deviation (M ± SD) and correlations for
critical reasoning based on academic score in both the model and human

Model Human
Low High r Low High r

Cognitive Complexity 16.85 (± 1.22) 18.74 (± 1.19) .767** 6.76 (± 3.06) 8.55 (± 3.61) .190**
Reasoning Style 16.95 (± 1.27) 17.97 (± 1.31) .566** 9.26 (± 1.86) 10.51 (± 1.92) .251**
Openness 16.54 (± 1.34) 18.43 (± 1.11) .809** 11.48 (± 2.73) 12.79 (± 2.71) .235**
Nature of Knowledge 17.37 (± 1.42) 18.61 (± 1.40) .570** 11.26 (± 1.80) 12.08 (± 1.88) .194**
Nature of Justification 17.34 (± 1.15) 18.03 (± 1.30) .526** 12.38 (± 2.53) 13.44 (± 1.98) .230**
Total 85.05 (± 4.77) 91.77 (± 4.26) .846** 52.01 (± 8.31) 57.03 (± 8.79) .398**

Note. ** = p < .01

Regarding academic score, the analysis revealed a significant effect (F
(1,944) = 400.00, p < .001, η2=.29), with higher scores for participants with
high academic performance. Additionally, a significant effect of the phases
emerged (F(4,3760)=30.45,p < .001, η2=.03), suggesting that performance
varied significantly across the five phases of the test. The interaction be-
tween group and academic performance was not significant (F (1,944) =
0.30, p = .585, η2=.0003), indicating that the effect of the group did not
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differ significantly between participants with low and high academic score.
On the other hand, the interaction between group and phases was signifi-
cant (F (4,3760) = 18.20, p < .001, η2=.01), suggesting that the trend of
performance across the different phases differed between the groups. This ef-
fect was already highlighted in the initial study, as the model’s performance
remained constant while that of humans varied during certain phases of crit-
ical reasoning. Furthermore, the interaction between academic performance
and phases was significant (F (4,3760) = 12.50, p < .001, η2=. 01), indi-
cating that the effect of the phases varied based on academic performance.
Finally, the interaction between group, academic performance, and phases
showed a marginally significant effect (F (4,3760) = 11.80, p = .02, η2=.01),
suggesting that the impact of academic performance on performance varies
depending on the phases of the test. The analysis of correlations of critical
reasoning and raw academic scores was conducted for both the model and
human subjects. As can be observed from Table 3.4, most of the correlations
in the model range from high to very high, indicating a strong relationship
between critical reasoning and academic scores across various dimensions. In
contrast, the correlations observed in human participants exhibit a spectrum
ranging from low to moderate, reflecting a more nuanced relationship with
academic performance. This suggests that while the model demonstrates a
robust alignment with critical reasoning skills, human performance presents
a more varied interaction with academic scores.

Table 3.5 presents descriptive statistics for each of the five dimensions of
critical reasoning between the Model and Human based on gender (male/female
groups).

Table 3.5: Mean and Standard Deviation M (± SD) for critical reasoning in
both the model and human based on gender.

Model Human

Male Female Male Female

Cognitive Complexity 17.83 (± 1.58) 17.76 (± 1.49) 7.89 (± 3.70) 7.66 (± 3.48)
Reasoning Style 17.42 (± 1.45) 17.49 (± 1.32) 10.23 (± 2.01) 9.88 (± 1.92)
Openness 17.45 (± 1.55) 17.52 (± 1.56) 12.40 (± 2.75) 12.02 (± 2.60)
Nature of Knowledge 18.05 (± 1.58) 17.93 (± 1.50) 12.17 (± 1.95) 11.96 (± 1.82)
Nature of Justification 17.61 (± 1.26) 17.77 (± 1.29) 3.76 (± 2.30) 3.54 (± 2.12)
Total 88.36 (± 5.83) 88.47 (± 5.43) 46.07 (± 8.70) 45.86 (± 8.56)

Regarding gender, the analysis revealed that the main effect was not
significant, F(1, 958) = 1.98, p = .16, η2=.002, indicating no significant dif-
ferences in overall cognitive performance between males and females across
the five cognitive variables considered. Additionally, the interaction between
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gender and group (human vs. model) was found to be non-significant, F(1,
958) = 0.47, p = .49, η2=.0004, suggesting that the effect of group does
not vary based on gender. Furthermore, the interaction between group and
phase did not reach statistical significance, F(4, 3832) = 2.12, p = .08,
η2=.002, indicating that performance between males and females across
the five cognitive variables did not differ significantly. Finally, the three-
way interaction among gender, group, and cognitive variables was also non-
significant, F(4, 3832) = 0.94, p = .44, η2=.001, indicating that differences
between the models (human vs. model) in cognitive variables do not vary
according to the participants’ gender. Consequently, both males and females
displayed a similar pattern of performance across the various cognitive do-
mains, regardless of group. The descriptive statistics for each of the five
dimensions of critical reasoning in the model are presented in Table 3.6,
categorized by mood (negative, neutral, and positive groups).

Table 3.6: Mean and Standard Deviation (M ± SD) for the model’s critical
reasoning based on mood.

Negative Neutral Positive

Cognitive Complexity 17.99 (± 1.28) 17.43 (± 1.61) 17.96 (± 1.63)
Reasoning Style 18.17 (± 1.24) 17.19 (± 1.35) 17.01 (± 1.28)
Openness 17.57 (± 1.65) 17.49 (± 1.56) 17.39 (± 1.45)
Nature of Knowledge 18.15 (± 1.47) 17.99 (± 1.48) 17.82 (± 1.65)
Nature of Justification 18.04 (± 1.15) 17.83 (± 1.24) 17.20 (± 1.29)
Total 89.92 (± 5.13) 87.94 (± 5.70) 87.39 (± 5.76)

3.2.2 Insights and Implications

The present study aimed to investigate critical reasoning skills on moral is-
sues in NLMs, particularly GPT-3.5, and to compare them with a sample of
human participants. The results suggest that the NLM consistently outper-
forms human participants across all dimensions of critical reasoning, includ-
ing cognitive complexity, reasoning style, open-mindedness, nature of knowl-
edge, and nature of justification. These findings align with recent studies
evaluating NLM reasoning (Danaher & Sætra, 2023; Jaech et al., 2024; Ko
et al., 2024; Tinn et al., 2023; Webb et al., 2023; Zheng et al., 2024), which
have demonstrated that such models can tackle complex tasks with levels of
sophistication that, in some cases, exceed those of humans. This discovery
highlights the potential of NLMs to engage in moral and decision-making
reasoning tasks, suggesting that NLMs may conduct structured evaluations
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of critical thinking more systematically than humans. Interestingly, the
variability of the model’s results is lower than that of humans, emphasizing
that while individuals may exhibit varying levels of critical thinking, NLMs
tend to maintain a more uniform and predictable performance. The second
objective of the study was to assess the influence of personal and contextual
variables, such as gender, academic performance, and mood, on the criti-
cal reasoning abilities of NLMs. This acknowledges that their non-uniform
structure might lead to differentiated responses based on contexts and exter-
nal circumstances, generating variable interpretations and responses. Over-
all, the analysis showed that the models follow the trend observed in humans.
The impact of academic scores on critical reasoning skills revealed that both
human and synthetic participants with higher academic performance exhib-
ited better critical reasoning abilities. However, it is noteworthy that the
correlation between academic performance and critical reasoning was sig-
nificantly stronger in the NLM than in the human sample. This suggests
that the model’s reasoning capabilities are more closely linked to simulated
academic performance than those of humans, potentially implying that the
NLM relies on a more direct and linear representation of academic compe-
tencies, as opposed to the variety of experiences and contexts that influence
critical reasoning in humans (Haber, 2020; Orhan, 2022). Regarding gender
differences, the results indicate that critical reasoning skills do not appear
to be influenced by gender in either the NLM or human samples. This sug-
gests that reasoning abilities in this context are independent of gender for
both groups. Finally, mood had a distinct impact on the NLM, with neg-
ative mood conditions leading to higher critical reasoning scores compared
to positive or neutral moods. Although we did not have a direct compari-
son with the human sample in this case, it indicates that the model might
be influenced by contextual factors differently than humans, who often ex-
hibit variability in cognitive performance related to emotional fluctuations.
The finding that negative mood seems to enhance reasoning performance in
NLMs may suggest that such models process information more effectively in
negative emotional situations, indicating that a negative mood, such as sad-
ness, could promote deeper information processing, leading to more critical
and introspective reflection.

Strengths, limitations and future directions

A key strength of this study is the innovative comparison between human
reasoning and that of a neural language model. The use of the CRA al-
lowed for an objective and direct comparison, ensuring that the model’s
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responses were evaluated under the same conditions as those of the human
participants. Additionally, the study controlled for variables such as gen-
der and academic performance, providing a more nuanced understanding of
how these factors influence critical thinking in both humans and language
models. Another strength is the large sample size, which enhances the sta-
tistical power and reliability of the findings. Despite its strengths, the study
has several limitations that should be acknowledged. First, the research
focuses solely on GPT-3.5, a single neural language model, and the results
may not generalize to other models with different architectures or training
data. Another limitation is the constrained range of ethical dilemmas pre-
sented in the CRA, which may not fully capture the complexity of moral
reasoning in real-world scenarios. Moreover, while human participants bring
emotional and experiential context to their reasoning processes, the neural
language model lacks these genuine emotional experiences, which could lead
to significant differences in real-world decision- making that structured as-
sessments might not fully reflect. A further significant limitation relates
to the language used in the study. The CRA’s questions and dilemmas
were presented to the model in English, while the human participants were
Italian. Despite this automatic translation process, subtle variations in un-
derstanding and reasoning may still emerge, particularly when dealing with
complex concepts or moral dilemmas that involve cultural nuances. Con-
sequently, the model’s critical reasoning scores may have been affected by
this linguistic difference. However, in light of recent systematic investiga-
tions into the differences between the use of Italian and English in NLMs
(Seveso et al., 2025), it can be assumed that for the purposes of this work,
the linguistic issue did not constitute a significant obstacle. Particularly,
taking into account the linear and canonical structure of the texts contained
in the questionnaire, which therefore are not representative of uses of Ital-
ian that could be problematic for language models (Hromei et al., 2024).
Future research should explore a broader range of neural language models,
including more recent versions such as GPT-4, to determine whether the ob-
served trends hold across different systems. Future studies could also benefit
from including human samples aligned in language and cultural context with
that of the model, to more precisely assess cross-cultural effects. Another
avenue for research could involve expanding the types of ethical dilemmas
included in the CRA, incorporating more nuanced or culturally specific chal-
lenges to gain deeper insights into how both humans and language models
approach moral decision-making. Future studies could also explore alter-
native or complementary tools that allow for a more detailed and nuanced
assessment of this process, aiming to better capture the various facets and
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dynamics involved in moral reasoning. Additionally, future studies could
examine the role of other demographic variables, such as age or cultural
background, and explore more naturalistic settings for evaluating critical
reasoning, moving beyond controlled assessments to investigate model per-
formance in real-world, unstructured environments. Finally, we believe it is
important to include a neutral control condition in future studies, free from
contextual cues, to more clearly distinguish between the influence of such
cues and the model’s baseline performance.

Practical Implications

The findings from this study have significant implications for the ethical
use of neural language models in decision-making processes, especially in
fields like healthcare, law, and content generation, where moral reasoning is
paramount. The superior performance of NLMs in critical reasoning tasks
suggests they can serve as valuable tools to augment human decision mak-
ing in complex ethical situations. However, the strong correlation between
academic performance and critical reasoning in NLMs highlights the impor-
tance of ensuring that these models are trained on high-quality, diverse data
to avoid biases. Finally, the potential for NLMs to outperform humans in
structured reasoning tasks raises questions about their role in autonomous
decision-making systems, suggesting a need for transparency and account-
ability to ensure they align with societal moral principles. This study con-
tributes to the growing body of literature on the intersection of cognitive
psychology and AI, providing a foundation for further exploration of ma-
chine reasoning in ethical contexts.



Chapter 4

Critical Reasoning in
Humans and Neural
Language Models

This chapter represents a continuation and deepening of the analysis ini-
tiated in the previous chapter, which examined critical reasoning abilities
in NLMs. While Chapter 3 focused on the linguist behavior of NLMs and
their decision-making processes, the present deals with critical reasoning in
huamns only, but with the use of NLMs as a possible influential variable.

This complementary perspective is essential for more precisely framing
the research question, as it allows for the evaluation not only of the au-
tonomous capabilities of NLMs but also of their role and impact in human
practice, particularly within educational contexts. In doing so, the chapter
explores the variables that modulate the relationship between ChatGPT us-
age and students’ critical thinking skills, offering an integrated framework
that links artificial and human performance.

The broad range of capabilities offered by next-generation language mod-
els such as ChatGPT has opened the door to numerous applications across
various sectors, now reaching a user base exceeding 100 million (L. Cheng
et al., 2023). In the educational domain in particular, students increasingly
rely on these tools to tackle complex tasks and academic challenges (Lo,
2023; Raman et al., 2023; Zhai, 2022), making it crucial to understand how
interaction with such technologies influences their CT.
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4.1 Framing the Question: What We Know and
Ask

4.1.1 AI and Critical Thinking in the Literature

According to Social Cognitive Theory (Bandura, 1986), behavior, cognition,
and emotions are influenced by the surrounding environment, including the
technology with which individuals interact (Fabio & Suriano, 2021; Zhuo
et al., 2023). Several studies have highlighted how the use of technology can
impact cognitive processes, including attention, memory, executive func-
tions, and reasoning (Amez & Baert, 2020; Meltzer et al., 2023; Nakagawa
et al., 2022). In particular, it has been demonstrated that technology use
can affect a crucial cognitive ability in education, namely the ability to en-
gage in complex critical thinking (X. Cheng et al., 2022; Hartanto et al.,
2023; Ku et al., 2019). This process allows students to analytically evaluate
information, recognize valid arguments, and develop a reflective approach to
the world around them (Chang et al., 2022; Guerrero et al., 2022; Li et al.,
2021).

ChatGPT can offer immediate access to a vast amount of information
presented in a personalized manner, but it also raises questions about the
potential influence of these interactions on students’ ability to critically eval-
uate such information (Kasneci et al., 2023). On one hand, ChatGPT could
be a valuable tool to enhance critical thinking skills, as it allows for the
examination of the same topic from multiple perspectives (Rudolph et al.,
2023a). This process of diversified analysis can broaden people’s views,
enabling them to consider the subject from different angles and enriching
their thinking processes (Mollick & Mollick, 2022). However, a passive use
of ChatGPT could supplant thinking processes by generating a kind of cog-
nitive dependence. Individuals using ChatGPT might be inclined not to
actively engage in cognitive processing since they can easily rely on this sys-
tem that incorporates a wide range of functionalities (Cotton et al., 2023). In
this perspective, excessive use of ChatGPT could undermine critical think-
ing ability by inducing cognitive economy. As proposed by the dual-process
theory, there are two distinct reasoning systems (Stanovich & West, 2000a;
Tversky & Kahneman, 1974). System 1, characterized by automatic and in-
tuitive mental processes, occurs without the conscious control of the individ-
ual who forms quick judgments and decisions based on previous knowledge
and beliefs. System 2, characterized by controlled processes, occurs under
the deliberate control of the individual (De Neys & Pennycook, 2019). The
latter system is slower than the former and requires more cognitive resources
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but allows for the logical processing of information, adhering to the stan-
dards of CT (Sowden et al., 2019b). The interaction with ChatGPT can
influence these processes. The passive use of such resources could amplify
heuristic thinking, compromising the ability to reason critically. Only when
heuristic responses are blocked and replaced by CT can we accurately choose
the information we use to form opinions or make decision (Fabio & Suriano,
2023). In consideration of the cognitive load theory (Sweller & Chandler,
1994), the use of ChatGPT presents two possibilities. On one hand, it
could replace System 2 thinking processes and induce cognitive dependency,
leading to cognitive overload and deterioration of critical thinking skills. In-
teracting with ChatGPT might lead users to avoid active engagement in
complex cognitive processes, compromising their critical abilities. On the
other hand, ChatGPT can alleviate cognitive load by offloading complex
tasks, enhancing users’ working memory efficiency and CT. By providing
quick access to information and effectively organizing data, ChatGPT helps
prevent cognitive overload and facilitates the creation of long-term memory
schemas, thereby reducing the burden on working memory. Current litera-
ture on generative AI such as ChatGPT and its impact on critical thinking
offers an intriguing and evolving perspective, maintaining a predominantly
theoretical and commentary-based foundation until recent times (Chan et
al., 2023; Michel-Villarreal et al., 2023; Plebani, 2023; Van den Berg &
Du Plessis, 2023). Some current empirical studies appear to support the
hypothesis that ChatGPT can enhance users’ CT. Essel et al. (2024) con-
ducted a significant study involving university students in Ghana, revealing
that interaction with ChatGPT positively impacted students’ critical, reflec-
tive, and creative thinking abilities. This suggests that the use of advanced
language models like ChatGPT could represent a promising innovation for
developing advanced cognitive skills among students. Guo and Lee (2023),
in a specific educational context within the field of chemistry, observed sig-
nificant improvements in students’ ability to formulate insightful questions
and analyze complex information through interaction with ChatGPT. This
highlights the potential of generative AI in facilitating deeper and more crit-
ical learning processes. Minh (2024) further explored how the use of Chat-
GPT not only increased the depth of students’ arguments but also improved
the structure and complexity of their argumentative presentations. Janse
van Rensburg (2024)’s study examined how ChatGPT 3.5 could be used to
model CT through the generation of textual responses. It was found that
targeted educational involvement is crucial for maximizing the effectiveness
of this process, emphasizing the importance of active pedagogical guidance
in utilizing these technologies. Particularly relevant, the findings from Avello
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et al. (2024) indicated a significant reduction in cognitive load in the group
using ChatGPT. This suggests that the use of AI tools can facilitate CT
by freeing up cognitive resources for analyzing and solving complex prob-
lems. However, few studies, such as that of Krupp et al. (2024), show that
many students accept inaccurate answers and use copy-and-paste without
critically evaluating information, highlighting the importance of educating
students on the responsible use of AI. In contrast, Kosar et al. (2024) find
no significant differences in academic performance between students who use
ChatGPT and those who do not. These conflicting results underscore the
need for a deeper understanding of the effects of students’ interaction with
ChatGPT on their critical thinking ability and the potential intervening
variables in this relationship.

4.1.2 Variables Shaping the ChatGPT-Critical Thinking Re-
lationship

The factors influencing the use of ChatGPT, and critical thinking ability are
diverse, including user attitudes and trust in Artificial Intelligence (AI), rep-
resenting the emotional and cognitive orientation towards AI (Ajlouni et al.,
2023) Additionally, variables such as the level of engagement and in-depth
knowledge specific to ChatGPT play a role (Rad et al., 2024). Trust and atti-
tude towards AI play a fundamental role in shaping individual approaches to
knowledge and engagement in this field. While attitude toward AI is defined
as the set of evaluations, feelings, and predispositions that an individual or
a group holds towards AI, trustworthy AI, is defined as AI that is lawful,
ethical, and robust (High-Level Expert Group on Artificial Intelligence (AI
HLEG, 2019). Both attitude and trust in AI is influenced by predisposi-
tions and actual experiences with AI (Glikson & Woolley, 2020). When an
individual has established trust and a positive attitude towards artificial in-
telligence, they are more likely to be open to learning and actively exploring
information related to this technology (Celik & Muukkonen, 2023). These
variables could influence the acquisition of knowledge about AI and active
engagement in related topics. An individual who trusts in the safety and
importance of AI is more inclined to invest time and effort in understand-
ing its principles, workings, and potential societal impacts (Choudhury &
Shamszare, 2023; Michel-Villarreal et al., 2023). The ability of AI to provide
immediate and personalized feedback, guidance, and support can promote
an active attitude, increasing user interest and engagement (Patel & Pavlick,
2022). This trend has found resonance in the educational context, where the
use of chatbots has proven effective in stimulating students’ enthusiasm and
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attention (St-Hilaire et al., 2022), with positive implications for the learn-
ing process (Abbas et al., 2022). Chatbots can offer students a welcoming
environment where they can ask questions and seek assistance without fear
of judgment (Ait Baha et al., 2024). Therefore, interaction with ChatGPT
could promote deeper engagement, encouraging users to mobilize their cogni-
tive energies and apply CT. Knowledge also plays a central role in promoting
responsible and effective interaction with these systems. This implies the
ability to understand, use, communicate, collaborate, and critically reflect
on AI applications (Long et al., 2021; Ng et al., 2021). Students with good
knowledge and experience in the field of AI may maximize the benefits and
reduce the risks associated with this technology, avoiding uncritical influ-
ence, and making more informed and conscious decisions (Adamopoulou &
Moussiades, 2020). In turn, the growth of knowledge and active engagement
in AI directly contribute to the development of CT. The growth of knowledge
and active engagement in AI provides fertile ground for the cross-application
of critical skills in other areas (Du et al., 2023). Analytical, synthetic, and
problem-solving skills acquired can be applied in various situations. In sum-
mary, knowledge, and engagement in AI, although specific, act as catalysts
for the development of broader cognitive and critical skills. AI, treated as
a field of study and application, provides a platform to refine the ability
to think critically, thereby contributing to a more reflective and analytical
approach in problem-solving and information evaluation overall.

4.2 The Study: Measuring the Impact of Chat-
GPT Use on Students

In light of the unprecedented use of ChatGPT by students and the lack
of prior studies specifically examining its impact on CT, the research was
conducted in a stepwise manner. Therefore, before the main study, an ex-
ploratory study was carried out so that the initial findings could help refine
the design of the primary research. The following paragraph will briefly
outline this exploratory study and its results, before moving on, in the next
section, to a more detailed description of the main study.

4.2.1 The Preliminary Explorative Study

The study comprised a total of 126 university students, with a gender dis-
tribution of 50 males, 74 females and 2 LGBTQ+. The sample size was
determined using established methodologies for sample estimation, based
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on the relevant population proportion specific to the study. Specifically,
we employed a 95% confidence interval and calculated based on a popula-
tion percentage of 9%. The participants’ ages ranged from 18 to 32 years,
with a mean age of 24.27 years (SD=5.76). These students were recruited
from classes within the departments of economics, psychology, and sciences,
spanning undergraduate, graduate, and PhD programs. The strategic selec-
tion of classes aimed to ensure a diverse representation among participants,
considering a range of academic disciplines. The inclusion of students from
different departments and at different stages of their academic journey aimed
to capture a wide array of perspectives and educational backgrounds. The
recruitment process within the classes was carried out through a combi-
nation of methods, including in-class announcements, informational emails
sent to students, and project presentations during lectures. The researcher
personally visited university classrooms during scheduled lectures, engag-
ing directly with present students to provide a detailed explanation of the
ongoing survey. During these interactions, it was specified that complet-
ing the survey required approximately one hour. Moreover, the researcher
emphasized the importance of the project and invited interested students
to participate, allowing them to choose based on their availability and in-
terest. Participants were volunteers who provided informed consent before
participating in the study. They were randomly selected from within the in-
volved classes, ensuring a balanced representation of various degree and PhD
programs and academic years. This approach to participant selection was
implemented to mitigate the risk of bias related to specific class or program
characteristics. The recruitment process was conducted during class sessions
to facilitate participation. Participants were successively assigned to one of
three distinct groups: Experimental Group 1 consisted of 29 individuals who
engaged with ChatGPT for more than 2 h daily; Experimental Group 2 en-
compassed 30 participants who interacted with ChatGPT for approximately
1 h daily; and the Control Group comprised 67 participants who had never
utilized ChatGPT. To ensure rigorous matching of participants across the
three study groups, demographic, and socio-occupational variables, includ-
ing gender, age, and academic performance, were carefully considered and
balanced (Table 1). Regarding the level of knowledge/experience, analysis of
variance (ANOVA) revealed significant group differences, F (2, 123)=13.79,
p < .001, η2 =0.26, signifying disparate knowledge/experience levels among
the three groups. Subsequent t-tests for pairwise comparisons between the
experimental groups demonstrated significant distinctions, t(58) = 12.33,
p < .01, d = 0.8. Similar significant differences were observed between ex-
perimental group 1 and the control group, t(95) = 9.58, p < .01, d = 0.87, as
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well as between experimental group 2 and the control group, t(96) = 11.45,
p < .01, d = 0.82. Regarding the measure of caution in ChatGPT usage,
the group factor exhibited no significant effects. To understand the primary
purpose for which participants use ChatGPT the two experimental groups
showed similar results: no one choose it for socialization, 60% and 62% use
it for Learning or socialization purposes, 5% and 4% use it for work related
tasks, 20% of both for Leisure and entertainment.

Table 4.1: Characteristics of the sample
Variable Experimental Group 1 (n=29) Experimental Group 2 (n=30) Control Group (n=67)

Gender
Female (%) 17 (59) 18 (60) 39 (58)
Male (%) 11 (38) 12 (40) 27 (41)
LGBTQ+ (%) 1 (3) 1 (1) –
Age
Range 18–32 18–32 18–32
Mean ± SD 24.21 ± 5.55 23.78 ± 4.81 24.83 ± 4.82
Educational Level
High school (%) 27 (93) 28 (93) 64 (95)
Bachelor’s degree (%) 1 (3) 1 (3) 2 (3)
Master’s degree (%) 1 (3) 1 (3) 1 (2)
Grade Point Average
Mean ± SD 27.11 ± 3.27 26.90 ± 2.89 26.50 ± 3.88
Knowledge/Experience
Mean ± SD 20.07 ± 3.93 14.81 ± 4.10 8.97 ± 3.09
Caution
Mean ± SD 3.38 ± 1.01 3.61 ± 1.09 3.39 ± 1.40

Note: The ChatGPT Knowledge/Experience values are the result of summing the responses of

the five questions of Table 2, with a range that spans from 5 to a maximum of 25.

The study was conducted in accordance with the principles established in
the Declaration of Helsinki. All participants voluntarily expressed their will-
ingness to participate in this research. Prior to the start of the study, each
participant provided written informed consent. Participants were welcomed
in small groups in a quiet room near their classroom and subjected to a 60-
minute CT assessment. All the assessment were conducted between 9:00 AM
and 12:00 PM. In this study, the level of knowledge/experience with Chat-
GPT was assessed through the administration of a selfreport questionnaire
adapted from the USEQ tool (Bernava et al., 2021; Gil-Gómez et al., 2017)
(table), while the ability to think critically was evaluated using the Critical
Reasoning Assessment (Anghel et al., 2021a). An examiner provided each
participant with the necessary materials, consisting of three dilemmas and
their respective questions. Participants were asked to carefully read the first
dilemma and respond to the corresponding questions after completing the
reading. This process was then repeated for the second and third dilemmas.

Statistical analysis was performed using SPSS 24.0 software (SPSS Inc.,
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Table 4.2: Questionnaire on Knowledge/Experience of ChatGPT
Questions Response

1. Indicate your level of knowledge with ChatGPT1 □1 □2 □3 □4 □5
2. Indicate your level of experience with ChatGPT2 □1 □2 □3 □4 □5
3. Indicate how frequently you have ever used ChatGPT3 □1 □2 □3 □4 □5
4. Indicate your level of familiarity with the parameters that can be
adjusted to regulate ChatGPT’s responses4

□1 □2 □3 □4 □5

5. Indicate your level of knowledge regarding privacy and security
factors5

□1 □2 □3 □4 □5

Additional Questions:
Indicate your level of caution when using ChatGPT. (This pertains to your degree of care or concern when interacting with ChatGPT,
encompassing aspects like trust, accuracy, and potential misinterpretations.)
Indicate the primary purpose(s) for which you use ChatGPT. You can select one or more of the following options:
1. Work-related tasks
2. Leisure or entertainment
3. Socializing or casual conversation
4. Learning or educational purposes
5. Other (please specify):
1 Refers to the functioning, capabilities, and limitations of ChatGPT
2 Refers to familiarity with the practical use of ChatGPT
3 Refers to quantifying the use of ChatGPT over time to understand if it has been occasional or continuous
4 Refers to knowledge of technical aspects such as customization settings
5 Refers to knowledge of ethical aspects

Chicago, IL, USA). The preliminary measurement parameters were the mean
level of knowledge / experience of ChatGPT and the level of caution in
using ChatGPT. To control for differences in knowledge/experience levels
and caution, ANOVA tests were performed, with the variable groups as
a factor. Regarding the assessment of CT, the measures were the mean
of correct responses (CR) for each phase of CT for each group. For the
analysis of differences between groups, a MANOVA design was used with
one between-subjects variable and one within-subjects variable: 3 (groups:
high knowledge/experience and high caution, low knowledge/experience and
high caution, low knowledge/experience and low caution) X 5 (CT dimen-
sions: Cognitive Complexity, Reasoning Style, Openness, Nature of Knowl-
edge, Nature of Justification). For all statistical tests, a significance level of
α = 0.05 was established. Whenever significant effects were observed, the
effect size of the test was reported. We used a partial eta squared (η2) for
MANOVA and Cohen’s effect size d for the t test. Additionally, probability
values for repeated measures were adjusted using the Greenhouse-Geisser
correction for non-sphericity.

To investigate whether university students who heavily use ChatGPT
show significant improvement or deterioration in their critical thinking abil-
ities compared to those who use it sparingly or not at all, a MANOVA was
conducted with a between-subjects factor (Groups) and a within-subjects
factor (dimensions of CT). Fig. 4.1 show the means (Ms) and standard de-
viations (SD) for the total scores for each of the five dimensions of CT for the
experimental groups and the control group. The analysis revealed significant
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effects for the groups variable, F (2, 123)=16.43, p < .01, η2 = .29. This in-
dicates that there are overall differences in critical thinking abilities among
the groups. To elucidate these distinctions further, post-hoc tests were em-
ployed: with reference to the first vs. second experimental group, the paired
t-test revealed significant differences, t(58) = 2.32, p < .01, d = 0.82, indi-
cating that the first experimental group showed higher critical thinking levels
than the second experimental group. With reference to the first experimen-
tal vs. control group, significant differences were also observed,t(101) = 4.11,
p < .01, d=0.89, with the first experimental group exhibiting higher critical
thinking levels. Finally, with reference to the second experimental vs. con-
trol group, no statistically significant differences were, t(95) = 0.51, p = .23,
d=0.81. These outcomes signify that the first experimental group exhibits
heightened levels of CT compared to both the second experimental group
and the control group. The absence of significance for the groups X dimen-
sions interaction, F (2, 375)=0.65, p = .81, η2 = .002, suggests that the
superior CT performance of the first experimental group is consistent across
all dimensions of CT. To specify which dimensions of CT (e.g., cognitive
complexity, reasoning style, openness, nature of knowledge, nature of justi-
fication) are particularly enhanced through interaction with ChatGPT, we
conducted independent samples t-tests for each dimension across the groups.
Regarding cognitive complexity, reasoning style, and openness, the t-tests
revealed significant differences between Experimental Group 1 and the Con-
trol Group, specifically t(94) = 11.45, p < .01, d = 0.87; t(94) = 9.27,
p < .01, d = 0.88; and t(94) = 15.71, p < .01, d = 0.90, respectively
(Fig. 4.2). In summary, the findings indicate that heavy use of ChatGPT
is associated with improved critical thinking abilities among university stu-
dents, particularly in the first experimental group. These improvements
are consistent across all dimensions of CT, underscoring the potential of
conscientious interaction with ChatGPT as a valuable tool for enhancing
users’ critical thinking skills. Moreover, the findings indicate that interac-
tion with ChatGPT significantly enhances specific dimensions of CT among
participants. Specifically, compared to the Control Group, participants in
Experimental Group 1 demonstrated significantly increased cognitive com-
plexity, enhanced reasoning style, and greater openness in their thinking
processes. In contrast, the dimensions of ’nature of knowledge’ and ’nature
of justification’ did not demonstrate statistically significant differences be-
tween Experimental Group 1 and the Control Group (t(94) = 1.32, p = .19
and t(94) = 0.81, p = .42, respectively). This suggests that while cognitive
complexity, reasoning style, and openness are notably enhanced through in-
teraction with ChatGPT, the effects on dimensions related to knowledge
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formation and justification processes were not sufficiently detectable in our
study population.

Figure 4.1: Means (Ms) and Standard Deviation (SD) of CT dimensions.

Figure 4.2: CT performance in the experimental 1, experimental 2 and
control groups. The dotted trend line from experimental group 1 to the
control group indicates statistical significance at p < .01.

4.2.2 Study Design and Hypotheses

Let us now move on to describing the main experiment, which was designed
to analyze as comprehensively as possible the impact of using ChatGPT
on critical thinking. Confidence in obtaining useful results from this ex-
periment is supported by the findings of the exploratory study described in



4.2. THE STUDY: MEASURING THE IMPACT OF CHATGPT USE ON STUDENTS79

§4.2.1, which also allowed us to refine the overall protocol employed here.
This investigation is based on the analysis of various variables, including
attitudes, trust, engagement, knowledge, performance in CT, and attitude.
In more depth, it is hypothesized that: a) High levels of positive attitude
and trust towards AI will lead to higher levels of knowledge and engage-
ment with AI. This is supported by research from Ajlouni et al. (2023) and
Celik and Muukkonen (2023), which highlight how trust and a positive atti-
tude towards AI influence openness to learning and active exploration of AI
technologies. b) An increase in knowledge and experience gained through
interaction with ChatGPT will be associated with a significant improvement
in CT. Studies such as those by Essel et al. (2024) and Guo and Lee (2023)
demonstrate that interaction with ChatGPT can enhance critical, reflective,
and creative thinking. c) Greater engagement in interactions with Chat-
GPT will be positively correlated with an increase in CT. Minh (2024) and
Janse van Rensburg (2024) show how the use of ChatGPT can enhance the
depth and structure of students’ arguments, thereby improving their critical
thinking abilities. d) Levels of engagement and knowledge may moderate
the relationship between trust, attitude, and CT. This exploratory hypoth-
esis suggests that a positive attitude and greater trust in AI might not only
promote higher engagement and knowledge acquisition but also enhance the
effect of these variables on the improvement of CT. While existing litera-
ture, such as that by Patel and Pavlick (2022) and St-Hilaire et al. (2022),
indicates that trust in AI and engagement can positively influence learning,
it remains unclear how and to what extent engagement and acquired knowl-
edge interact with attitude and trust to affect CT. With these hypotheses,
the aim is to provide a robust foundation for exploring the complex dynam-
ics of interaction with ChatGPT and their possible correlations with CT in
educational contexts. The underlying logic is that, while interaction with
other media, such as Instagram, TikTok, and Facebook, has been shown to
reduce the use of System 2 by occupying cognitive resources with superficial
and impulsive activities typical of System 1, thus impairing CT (Arrivillaga
et al., 2022; Dharmastuti et al., 2020; Dikarsa et al., 2020), the characteris-
tics of AI-based chatbots, such as ChatGPT, could facilitate the activation
of System 2. In line with cognitive load theory, the use of ChatGPT could
reduce extraneous cognitive load, which represents cognitive resources re-
quired to manage irrelevant or poorly structured information. By reducing
extraneous cognitive load, ChatGPT frees cognitive resources that can be
allocated to germane cognitive load, which is directly related to learning and
critical thinking activities.
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4.2.3 Participants, Tasks, and Procedure

Instead of the 126 students involved in the exploratory study (see §4.2.1, the
main study initially involved 241 participants; however, some of them did not
complete the task due to boredom and were consequently excluded from the
final analysis. The sample size was determined using established method-
ologies for sample estimation, based on the relevant population proportion
specific to the study. Specifically, we employed a 95% confidence interval
and calculated based on a university population percentage of 10% (=134).
The final sample of the present study comprised 213 Italian university stu-
dents, with a gender distribution of 94 males and 119 females. Participants’
ages ranged from 18 to 30 years, with a mean age of 23.97 years (standard
deviation = 5.02). These students were recruited from courses offered in
the departments of economics, psychology, and sciences across various Ital-
ian universities, encompassing both undergraduate and graduate programs.
The decision to involve students from diverse academic disciplines aimed
to capture a broad range of perspectives and educational backgrounds and
to ensure representativeness among participants and to avoid biases related
to specific class or program characteristics. The recruitment process within
the classes was implemented using a combination of approaches, including
in-class announcements, informative emails sent to students, and project
presentations during lectures. The researcher conducted direct visits to uni-
versity classrooms during scheduled sessions, engaging personally with the
attending students to deliver a detailed explanation of the ongoing survey.
Students who were interested were then invited to participate, enabling them
to decide based on their availability and interest.

The research was conducted in accordance with the principles outlined
in the Declaration of Helsinki. Each participant voluntarily agreed to take
part in this study, and the investigation commenced only after obtaining
written informed consent. Participants were welcomed in small groups in
a quiet room near their classroom and underwent an assessment through
self-report and performance tests lasting 100 min. All assessments were
conducted between 9:00 a.m. and 12:00 a.m. An examiner provided each
participant with the necessary materials, consisting of three dilemmas and
their respective questions. Participants were asked to carefully read the first
dilemma and respond to the corresponding questions after completing the
reading. This process was then repeated for the second and third dilemmas.

In this study, both self-report questionnaires and performance tests were
employed. Specifically, to assess the participants’ level of knowledge/experience
with ChatGPT and their degree of engagement, two questionnaires were
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adapted from USEQ (Gil-Gómez et al., 2017). The Human-Computer Trust
Measure (HCTM) developed by Gulati et al. (2019) was used to measure the
level of trust, while the tool developed by Schepman and Rodway (2023) was
used to measure General Attitudes towards Artificial Intelligence. Critical
Thinking Attitude was measured using the Italian version of the Critical
Thinking Attitude Scale (CTAS), and CT performance was investigated
through the administration of the Critical Reasoning Assessment (CRA),
see §2.1.4.

The General Attitudes towards Artificial Intelligence Scale (GAAIS) was
developed by Schepman and Rodway (2023) to assess individual psycholog-
ical predispositions towards Artificial Intelligence (AI). This measurement
tool consisted of 20 statements, divided into two main factors: one positive
and one negative, along with an attention check requiring the selection of
”Strongly agree.” Examples of statements from the positive scale included:
”AI-based systems can contribute to making people happier” and ”AI can
have positive impacts on people’s well-being.” On the other hand, exam-
ples of statements from the negative scale were: ”Organizations use AI un-
ethically” and ”I feel discomfort when thinking about future uses of AI.”
The scale utilized a 5-point Likert scale response mode, with the options:
”Strongly Disagree,” ”Disagree,” ”Neutral,” ”Agree,” and ”Strongly Agree”.
To calculate the overall index of the scale, the negative items were reversed
and summed with the positive ones. The internal consistency analysis of
the instrument demonstrated good reliability, highlighted by a Cronbach’s
alpha (α) value of .89.

The Human-Computer Trust Measure (HCTM)is a trust scale developed
by Gulati et al. (2019) focusing on assessing trust in the relationship between
the user and the computer (X. Cheng et al., 2022; Pinto et al., 2022). It is a
self-assessment tool consisting of 11 statements, divided into four subscales:
risk perception (3 statements – reversed in this subscale), competence (3
statements), benevolence (3 statements), and reciprocity (2 statements).
Individuals are asked to respond to these statements using a five-point Likert
scale, ranging from 1 (strongly disagree) to 5 (strongly agree). In this study,
the goal was to assess trust in AI systems, specifically, each placeholder
was replaced with the term ChatGPT. To evaluate the internal consistency
analysis, the Cronbach’s alpha was used (α = .92).

To obtain an instrument for estimating the level of knowledge/experience
with ChatGPT, a questionnaire adapted from the USEQ instrument (Bernava
et al., 2021; Gil-Gómez et al., 2017) was employed. The questionnaire com-
prised two sub-scales: the first investigated the level of knowledge about
ChatGPT, presenting three questions such as ”Indicate your level of knowl-
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edge regarding privacy and security factors in GPT”; the second scale with
three items referred to the level of experience with ChatGPT. An example
item was “Have you used ChatGPT as support in your academic/school
activities?” Participants rated each item on a 5-point Likert scale, from 1
(not at all) to 5 (very much). Internal consistency was α = .89.

To assess the level of engagement during the use of ChatGPT, a ques-
tionnaire was adapted from the USEQ instrument (Bernava et al., 2021;
Gil-Gómez et al., 2017) consisting of 4 items aimed at investigating the de-
gree of active engagement and interest shown by users when interacting with
the ChatGPT system. Examples of items were: ”I am having a lot of fun
using ChatGPT” and ”I feel engaged using ChatGPT.” Participants were
asked to provide feedback on intensity, and the response mode was a 5-point
Likert scale, ranging from 1 (not at all) to 5 (very much). From the internal
consistency analysis, the Cronbach’s alpha was α = .82.

The Italian version of the Critical Reasoning Assessment (CRA) (Anghel
et al., 2021b; Fabio, Plebe, Ascone, & Suriano, 2025)—see §2.1.4—was ad-
ministered to objectively assess critical thinking abilities, reducing bias in
responses and focusing on participants’ actual performances rather than
self-declarations. In the study context, responses were evaluated by two
experts, achieving a high degree of agreement with a Cohen’s Kappa agree-
ment coefficient of .95. The CRA has demonstrated good reliability. For
the sample of the present study, the Cronbach’s alpha coefficient from the
internal consistency analysis was α = .89.

Critical Thinking Attitude Scale (CTAS; Fabio et al., 2025) was used to
examine results and to assess participants’ inclination to engage in a process
of analytical, evaluative, and metacognitive reflection. The CTAS consists of
26 items, that measure 4 subscales ”Systematicity” (nine items), “Search for
Truth and Openness” (six items), ”Analyticity” (four items) and “Inquis-
itiveness” (seven items). Participants responded on a Likert scale ranging
from 1 (strongly disagree) to 5 (strongly agree), where higher scores in-
dicated a better attitude. Example of items were: ” I am able to think
logically.” and “I always try to delve deeper and understand things thor-
oughly”. The CTAS demonstrated high internal consistency (Cronbach’s
alpha = .83) for all factors.

4.2.4 How the Data was Analyzed

To analyses the findings, we utilized SPSS 28.0 statistical software (SPSS
Inc., Chicago, IL, USA). Descriptive statistics, including means and stan-
dard deviations, were provided for each variable. Pearson correlation anal-
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ysis was conducted to explore the relationships among attitudes toward AI,
trust, engagement, knowledge, performance, and attitude for critical think-
ing. Bonferroni’s correction was applied to address multiple comparisons.
To investigate the relationships between attitude and trust as predictive
variables and engagement and knowledge as dependent variables, as well as
between engagement and knowledge and critical thinking skills with critical
thinking attitude, linear regression analyses were performed. Additionally,
this study employed path analysis to examine the relationship among atti-
tudes toward AI, trust, engagement, knowledge, performance, and critical
thinking attitude.

4.2.5 What We Found

Table 4.3 shows the means and standard deviations of the questionnaires
related to attitudes and trust toward AI, engagement, knowledge, perfor-
mance, and attitude toward critical thinking. In Table 3.2, Pearson cor-
relations between attitude and trust toward AI, engagement, knowledge,
performance, and critical thinking attitude are presented. The Bonferroni
correction has been applied, and the new significance level is set at (.05/15)
.003. All variables show a positive and moderate correlation with perfor-
mance in CT (CRA). When it comes to the attitude toward CT, only en-
gagement and attitude towards AI exhibit correlations with it.

Table 4.3: Descriptive statistics of AI attitude, AI trust, engagement, knowl-
edge, and critical thinking performance and attitude.

Measure Mean (± SD)

AI Attitude 62.25 (±13.96)
AI Trust 32.91 (±7.35)
Engagement 13.40 (±3.08)
Knowledge 12.99 (±5.77)
CT Performance 53.59 (±13.11)
CT Attitude 57.52 (±7.09)

To investigate the relationship between attitudes towards AI and trust
in AI on levels of engagement, a linear regression was conducted, consider-
ing attitude and trust as predictor variables and engagement as the depen-
dent variable. The data yielded significant results: respectively, β = .491,
t = 6.83, p < .001, and β = .282, t = 3.92, p < .001. Together, attitude
and trust explain 42.4% of the variance in predicting engagement (coefficient
of determination R squared = 42.4%). The relationship between attitude
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Table 4.4: Pearson’s correlations between AI attitude, AI trust, engagement,
knowledge and critical thinking performance and attitude.

1 2 3 4 5 6

1. CT Performance –

2. CT Attitude .415* –

3. AI Trust .392* .016 –

4. AI Attitude .396* .372* .457* –

5. Engagement .401* .394* .494* .605* –

6. Knowledge .230* .057 .538* .577* .519* –

* p < .001.

and trust as predictor variables and knowledge as the dependent variable
showed significant associations, with β = .366, t = 4.94, p < .001, and β
= .388, t = 5.24, p < .001, respectively. Attitude and trust explain 39% of
the variance in predicting knowledge (coefficient of determination R squared
= 39%). Considering engagement as the independent variable and perfor-
mance in critical thinking as the dependent variable, the β coefficient was
.381, t = 4.73, p < .001. When considering knowledge as the independent
variable and performance in critical thinking as the dependent variable, the
β coefficient was .188, t = 2.16, p < .05. Together, engagement and knowl-
edge account for 13.4% of the variance in predicting performance in critical
thinking (coefficient of determination R squared = 13.4%). We conducted
a path analysis to examine the relationships among AI attitude, AI trust,
engagement, knowledge and critical thinking performance. The path model
provided a good fit to the data (χ2 = 26.32, df = 8, p < .001; RMSEA =
.05; CFI = .96), indicating an acceptable model fit. The path analysis illus-
trated in Fig. 4.3 indicates a direct relationship between attitude and trust
on knowledge and engagement, and between engagement and knowledge on
performance in critical thinking.

Figure 4.3: Path Analysis related to Critical Thinking Performance.
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Assuming critical thinking artitudeas a dependent variable, the path
model provided again a good fit to the data (χ2 = 18.21, df = 8, p < .001;
RMSEA = .05; CFI = .96), indicating an acceptable model fit. The path
analysis in Fig. 4.4 depicts a direct relationship between the same variables
(trust and attitude on engagement). Knowledge, on the other hand, was
found to be non-significant.

Figure 4.4: Path Analysis related to Critical Thinking Attitude.

4.3 Evidence of Positive Impact on Critical Think-
ing

The main objective of this study was to explore the complex dynamics of in-
teraction with ChatGPT and their possible correlation with critical thinking
in university students. Several variables were considered, such as attitudes
and trust towards AI, engagement, knowledge, and experience, and their
impact on both critical thinking attitude and performance.

4.3.1 Overview of Findings

The study results confirmed the first hypothesis, which posited that a pos-
itive attitude and greater trust in AI directly influence knowledge, experi-
ence, and engagement with technology. The data showed that students with
a favourable attitude and high trust in ChatGPT tended to acquire more
knowledge and engage more actively with the chatbot. This suggests that
a positive attitude toward AI not only enhances learning but also stimu-
lates more active participation in interacting with technology. The second
and third hypotheses, which predicted a positive effect of knowledge and
experience, as well as engagement on critical thinking, were confirmed. The
data indicated that while the knowledge acquired was positively correlated
with critical thinking performance, the effect of active engagement was more
significant. This implies that although knowledge is important, active in-
teraction with ChatGPT has a greater impact on students’ critical thinking
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abilities. Finally, the exploratory hypothesis that levels of engagement and
knowledge may moderate the relationship between trust, attitude, and crit-
ical thinking was largely confirmed. Specifically, the results demonstrated
that deep engagement with the chatbot was a crucial factor for the develop-
ment of critical thinking skills, suggesting the importance of the quality of
interaction for thinking processes. In contrast, the acquired knowledge and
experience did not have a significant impact on critical thinking attitude,
indicating that the level of engagement with the technology alone is decisive
in the development of critical skills.

4.3.2 Comparison with Previously Studies

The results obtained in this study offer a complex and nuanced picture com-
pared to the existing literature on interactions with AI-based technologies
such as ChatGPT. Firstly, the findings related to the influence of attitude
and trust in AI on student engagement and critical performance corrobo-
rate the proposals of Ajlouni et al. (2023) and Celik and Muukkonen (2023).
They suggest that a positive attitude and high trust in AI can facilitate the
adoption and effective use of AI-based technologies, thereby enhancing user
interaction and engagement. Our results support these observations, indicat-
ing that students with a favourable attitude towards ChatGPT and higher
trust in this technology tend to be more engaged and perform better in criti-
cal thinking. Consistent with studies such as Essel et al. (2024) and Guo and
Lee (2023), which found a positive impact of interaction with ChatGPT on
students’ critical thinking, it emerged that knowledge and experience with
ChatGPT can be influential in promoting critical thinking skills. However,
engagement showed a stronger impact on critical thinking performance, sup-
porting the conclusions of recent studies like those by Minh (2024) and Janse
van Rensburg (2024), which indicated that deeper engagement is crucial for
improving the quality of students’ critical thinking and arguments. While
knowledge and experience enhance critical thinking performance by provid-
ing an informational foundation and advanced problem-solving practices,
the results of this study found that these variables do not directly affect the
attitude towards critical thinking, which appears to be more related to en-
gagement. A high degree of engagement might stimulate active participation
and in-depth reflection, promoting not only effectiveness in critical perfor-
mance but also a positive attitude towards critical thinking itself. Therefore,
while knowledge seems essential for performing critical analyses, engagement
may be crucial for developing and maintaining a favourable attitude towards
critical thinking (X. Cheng et al., 2022; Ku et al., 2019). The conflicting re-
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sults reported by Krupp et al. (2024), who highlighted that many students
accept inaccurate answers and use copy-paste without critical evaluation,
suggest that while interaction with ChatGPT can facilitate critical think-
ing, it is insufficient without adequate engagement that stimulates deeper
reflection, consideration of multiple perspectives, and the challenge of com-
plex arguments, all essential elements for advanced critical thinking (Fabio
& Suriano, 2023; Hartanto et al., 2023).

4.3.3 Theoretical Explanations

These results can be explained considering the integration among various
theories. Considering Bandura (1986)’s social cognitive theory perspective,
our findings suggest that positive attitude and trust toward AI can be seen
as influencing factors on students’ engagement and knowledge construction
during interaction with ChatGPT. Considering the dual-process theory per-
spective (Kahneman, 2011), our results suggest that engagement with Chat-
GPT, along with knowledge, representing a reflective and controlled process,
has proven to play a more significant role in enhancing critical thinking per-
formance. This phenomenon can be analysed through the theory of cog-
nitive load (Sweller & Chandler, 1994) which posits that the effectiveness
of learning depends on the optimal management of available cognitive re-
sources, dividing cognitive load into three main types: intrinsic load, extra-
neous load, and germane load dedicated to constructing knowledge schemas.
ChatGPT appears to reduce both extraneous and intrinsic cognitive load,
thereby facilitating the integration and application of tasks. This reduction
allows students to allocate more cognitive resources to germane load, im-
proving learning and understanding. Interestingly, ChatGPT could support
students in processing complex information with less mental effort, thereby
enhancing the overall effectiveness of the learning process. 4.4. Strengths,
limitation and future direction The strengths of this study lie in its rele-
vance during a period of widespread AI adoption. These findings contribute
to the understanding of the intricate dynamics characterizing human-AI in-
teraction in educational contexts. While AI, such as ChatGPT, can provide
real-time information and support, it is the users’ attitudes, trust, and ac-
tive engagement that play a key role in shaping complex critical thinking
skills. The results underscore the importance of considering not only tech-
nological design but also the psychological and motivational aspects of users
when developing AI-based educational tools. This study takes into account
the complex interaction between different variables and assesses complex
critical thinking, a crucial skill in contemporary society, through both self-
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report measures and performance tests, thus allowing for a more in-depth
and objective understanding of real performance and reported information.
This study presents some significant limitations to consider in interpreting
the results. Firstly, the analysis is based on a sample of university students,
which, while promoting sample homogeneity, limits the generalizability of
the results to other demographic groups. For instance, significant differences
may emerge when examining the behavior of other age groups or different
levels of education. Secondly, the cross-sectional nature of the study pre-
vents establishing definitive causal relationships between the variables con-
sidered. Although it may be relevant for identifying correlations at a given
moment, it does not allow tracing the direction or long-term effects of the in-
teractions examined with certainty. Additionally, the assessment of interest,
knowledge, and attitude to critical thinking relies on self-administered ques-
tionnaires, which could be influenced by participants’ subjective perception.
This introduces a potential risk of bias in the results, as responses may not
fully reflect individuals’ actual behavior or attitudes. To further advance un-
derstanding of these dynamics, future research could explore how variables
such as education and age influence such interactions. For example, focusing
on different educational levels could reveal significant variations in learning
modes and the use of digital resources like ChatGPT. A longitudinal ap-
proach could be particularly fruitful in studying the evolution of interaction
dynamics over time, allowing observation of changes and developments in
individuals’ behavior in using digital educational tools. Finally, since this
study primarily focuses on students’ interaction with ChatGPT in formal
educational contexts, future research could expand the investigation to in-
clude informal or professional contexts. This could reveal how interaction
dynamics vary based on different motivations and objectives in diverse con-
texts, thereby enhancing understanding of the impact of such technologies
in various aspects of daily and professional life.

4.3.4 Implications and Recommendations

The current study provides a fundamental basis for further research on the
interaction between humanity and Artificial Intelligence in the field of edu-
cation. Understanding the dynamics involved in the use of AI-based tools,
such as ChatGPT, can guide the development of more effective approaches
to integrating them into education, thereby maximizing their positive im-
pact on students’ critical thinking skills. The results indicate that generative
AI tools can enhance learning efficiency by facilitating access to diverse edu-
cational content tailored to individual student needs. However, it is essential
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to balance the benefits with the risks of this technology by establishing rigor-
ous ethical guidelines to ensure transparency, data security, and algorithmic
accountability. In the near future, it is likely that AI systems will become in-
creasingly prominent mediators in the learning process, potentially assuming
a more central role compared to traditional teachers. This perspective raises
crucial considerations regarding the evolution of education and educational
models. While AI systems have the potential to improve access and person-
alize learning, it is equally important to examine the social, emotional, and
cognitive impacts of learning primarily mediated by automated technolo-
gies. Optimizing educational policies to systematically integrate AI-based
tools like ChatGPT into the curriculum requires a targeted approach that
actively promotes student engagement rather than merely fostering passive
consumption of information. Teachers play a crucial complementary role
as partners in the educational process, interpreting and guiding students’
learning paths in a thorough and contextualized manner. Ongoing teacher
training and structured governance of AI systems in education are essential
for effectively integrating these tools into daily teaching activities. Actively
involving families in the entire educational process is also crucial, for instance
through targeted educational workshops that inform about the benefits and
risks of using such tools. These meetings provide practical strategies to help
parents actively support their children in using AI. In conclusion, while the
integration of AI systems in education promises to significantly transform
the learning and teaching process, it is crucial to adopt a prudent, evidence-
based approach in their implementation. Only then can the full potential
of emerging technologies be leveraged to improve education sustainably and
equitably for all students. The use of ChatGPT can represent a valuable re-
source for the development of students’ critical thinking skills, offering them
the opportunity to explore topics from various perspectives and deepen their
understanding. However, it is essential to adopt an educational approach
that promotes active engagement and in-depth comprehension to avoid pas-
sive dependence on AI chatbots. The educational implications of this study
suggest the need to integrate the use of AI-based chatbots into educational
settings, but with a particular focus on promoting active engagement and
critical understanding. Crawford et al. (2023) argued that proper guidance
is necessary to safeguard the ethical use of ChatGPT in education. Teach-
ers can play a fundamental role in guiding students in the responsible and
reflective use of such resources, encouraging independent research and criti-
cal evaluation of information provided by chatbots. Additionally, students’
trust in AI can be strengthened through transparency in use and training
on how to critically assess received responses.
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Chapter 5

Neural Language Models
Beyond Education

In the preceding chapters, attention was focused on the role of NLMs in
educational contexts, exploring, on the one hand, the impact of interacting
with these tools on human critical thinking, and on the other, the quality of
critical thinking exhibited by the models themselves in comparison to that
of human users. However, to fully grasp the scope of these technologies, it is
essential to move beyond the boundaries of formal learning and consider the
factors that may influence the relationship between humans and language
models.

This chapter aims to broaden the analysis beyond the educational di-
mension, by investigating the role of individual cognitive and emotional
characteristics in shaping the user experience with language models. The
goal is to understand which users are more likely to integrate these tools in
a meaningful way into their mental, relational, and emotional lives.

Frequent interaction with chatbots exhibiting anthropomorphic charac-
teristics can enhance users’ trust and foster the development of emotional
connections, thereby transforming the relationship with the conversational
agent into a meaningful social bond (Araujo & Bol, 2024; Christoforakos
et al., 2021; Janson, 2023; Portela & Granell-Canut, 2017). In particular,
chatbots may provide socio-emotional support to individuals who experience
difficulties with traditional social interactions, including those with special
needs or mental health challenges (Federici et al., 2020; Meng & Dai, 2021;
Pan & De Graaf, 2025; Ta et al., 2020; van Wezel et al., 2020).

Among these populations, individuals with autistic traits - defined by
communication and interaction difficulties characteristic of Autism Spec-
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trum Disorder (Diagnostic, 2013) - represent a particularly relevant group
for chatbot use. Autistic traits are continuously distributed across the gen-
eral population (De Groot & Van Strien, 2017; Mandy et al., 2018; Ruzich
et al., 2015), and include behavioral rigidity, restricted interests, and chal-
lenges in social reciprocity (Ghanouni & Jarus, 2021; Mylett et al., 2024;
X. Zhao et al., 2019). These challenges, often associated with reduced social
motivation and elevated anxiety during interpersonal interactions (Bagg et
al., 2024; Itskovich et al., 2021; Neuhaus et al., 2019) may lead to a pref-
erence for technology-mediated communication, which is perceived as more
predictable and less threatening (F. Ali et al., 2024; Hassrick et al., 2021;
Hudson et al., 2023). By offering non -judgmental, on-demand interactions,
chatbots emerge as potentially valuable tools for individuals with autistic
traits (Meng & Dai, 2021; Simhadri Apparao Polireddi & Kavitha, 2023;
Xygkou et al., 2024).

5.1 Why Language Models Might Help Autistic
Individuals

5.1.1 Theoretical Framework: the Social Motivation Theory

The Social Motivation Theory (Chevallier et al., 2012) provides a valuable
theoretical framework for understanding the relationship between autistic
traits and emotional attachment to chatbots. Originally developed to ex-
plain social behavior in individuals with Autism Spectrum Disorder (ASD),
the theory has since been extended to account for social difficulties associ-
ated with subclinical autistic traits in the general population (Bagg et al.,
2024; Foulkes et al., 2015). According to the model, individuals with ASD
exhibit alterations in the brain’s social reward circuitry, leading them to per-
ceive social stimuli as less rewarding than neurotypical individuals (Blum et
al., 2024; Keifer et al., 2021; Matyjek et al., 2023). In other words, social in-
teractions are experienced as less engaging and fulfilling, resulting in reduced
motivation to seek social involvement. Within this framework, interactions
with chatbots may serve as a viable and accessible alternative to traditional
human interaction. Given their predictability and non-threatening nature,
chatbots could potentially offer a more comfortable context for engagement.
It is therefore of particular interest to investigate whether, over time, such
interactions may foster the development of an emotional bond.

More recent studies have questioned the validity of the Social Motiva-
tion Theory, suggesting that social withdrawal may not stem from a lack of
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relational desire, but rather result from other factors such as social anxiety,
difficulties in understanding others, and negative interpersonal experiences
(Bottini, 2018; Clements et al., 2018; Jaswal & Akhtar, 2019; Morrison
et al., 2020). This line of research highlights that many autistic individuals
possess a strong desire for social connection, despite experiencing real-life in-
teractions as effortful or frustrating. In this context, chatbot interactions—
characterized by their simplicity, directness, and controllability—may fulfill
the need for social connection, thereby increasing the likelihood of a positive
emotional response. However, existing literature has predominantly focused
on the use of chatbots to enhance social skills, with relatively few studies ex-
ploring the emergence of emotional attachment to AI-based chatbots (M. R.
Ali et al., 2020; Tanaka et al., 2017; Tuna, 2024).

The present study aims to address this gap by examining the role of
cognitive and emotional variables that may mediate the relationship between
autistic traits and emotional attachment to chatbots. As suggested by the
I-PACE model (Brand et al., 2016), the interaction between individuals and
technology results from the interplay of predisposing factors, affective and
cognitive responses to stimuli, and the consequences of technology use. This
framework supports the inclusion of cognitive and emotional variables as
key mediators in understanding the development of emotional attachment
to chatbots among individuals with autistic traits.

5.1.2 Cognitive Factors in Autistic Communication

Among the potential cognitive mediators of the relationship between autistic
traits and emotional attachment to chatbots, particular attention has been
given to Theory of Mind (ToM) and anthropomorphism. ToM—defined as
the ability to attribute mental states to oneself and others, and to under-
stand others’ beliefs, intentions, and emotions (Premack & Woodruff, 1978;
Tager-Flusberg & Sullivan, 2000)—is a core construct in the regulation of
social interactions and in predicting the behavior of others. It plays a critical
role in cognitive, social, and emotional functioning (Buehler & Weisswange,
2020; Conway & Bird, 2018; Qiu et al., 2024; Teglasi et al., 2022). In in-
dividuals with autistic traits, ToM is often impaired (Andreou & Skrimpa,
2020; Baron-Cohen et al., 1985, 1997; S. Gao et al., 2023), which limits
their ability to understand others’ emotions and intentions and negatively
impacts interpersonal relationships (Bamicha & Drigas, 2022; Mao et al.,
2023; Mazza et al., 2017; Rosello et al., 2020). This cognitive deficit is as-
sociated with increased stress and discomfort in social interactions, which
require continuous inferential processing of others’ mental states (Colonnesi
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et al., 2017; Lei & Ventola, 2018). In contrast, interactions with chatbots are
typically characterized by a predictable and structurally simplified commu-
nicative format, thereby reducing the cognitive and emotional demands in-
volved (Mygland et al., 2021; Rhim et al., 2022). Another relevant cognitive
factor is anthropomorphism, defined as the tendency to attribute human-
like characteristics to non-human entities (Guthrie, 1997). In the context of
chatbots, anthropomorphism extends beyond the mere attribution of human
traits to include the perception of cognitive capabilities such as self-control,
planning, and memory, as well as affective abilities like emotional under-
standing and the provision of emotional support (Cao et al., 2022; Lee &
Hahn, 2024). Anthropomorphism can facilitate human–machine interaction
by triggering social responses in users, thereby enhancing engagement and
increasing the willingness to interact with the agent (Go & Sundar, 2019;
Pelau et al., 2021; Pentina et al., 2023). Specifically, the attribution of cog-
nitive capabilities may enhance perceptions of a chatbot’s competence and
effectiveness, contributing to more frequent and higher-quality interactions
(X. Cheng et al., 2022; R.-R. Gao et al., 2024; Jin & Youn, 2023). At the
same time, affective anthropomorphism increases perceived warmth and so-
ciability, promoting trust and facilitating the formation of emotional bonds
(Q. Q. Chen & Park, 2021; Croes et al., 2023; Skjuve et al., 2021). In the
absence of fulfilling social relationships, individuals may thus compensate for
unmet social needs by forming affective attachments to anthropomorphized
entities (Jia et al., 2024; L. Zhou et al., 2020). Several studies indicate that
autistic traits are associated with a greater tendency to anthropomorphize
non-human agents (Atherton & Cross, 2018; Clutterbuck et al., 2022; White
& Remington, 2019). This tendency has been interpreted as a strategy to
fulfill the desire for social connection within environments perceived as more
controllable and predictable (Moussawi et al., 2021; Negri et al., 2019).

5.1.3 Emotional Factors in Human-AI Interaction

In addition to cognitive processes, emotional factors may serve as potential
mediators in the relationship between autistic traits and emotional attach-
ment to AI-based chatbots. In particular, social anxiety and loneliness are
two emotional variables frequently associated with autistic traits, which may
influence how individuals engage with conversational technologies. Individu-
als with autistic traits often exhibit high levels of social anxiety—a condition
marked by intense discomfort in interpersonal interactions and a persistent
fear of judgment or rejection (APA, 2013). This anxiety impairs the quality
of social relationships and may lead to avoidant behaviors, despite an un-
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derlying desire for social connection (Alvi et al., 2022; de Lijster et al., 2018;
Howell et al., 2016). Consequently, for individuals experiencing social anx-
iety, face-to-face interactions are frequently perceived as stressful and over-
whelming, increasing the appeal of alternative, less threatening, and more
controllable forms of communication—such as those enabled by AI chatbots
(F. Ali et al., 2024; Dutta et al., 2018; Hutchins et al., 2021). Similarly, indi-
viduals with autistic traits are particularly vulnerable to loneliness, defined
as the discrepancy between desired and actual social relationships (Reich-
mann, 1959). Both conditions—social anxiety and loneliness—are closely
linked to the relational difficulties commonly observed in this population,
with loneliness often emerging as a direct consequence of limited social inclu-
sion (Arslan, 2023; Hunsche et al., 2022; Stark et al., 2023; Tsou et al., 2025).
This condition may lead individuals to seek alternative forms of interaction
capable of addressing affective deficits (De Freitas et al., 2025; Herbener &
Damholdt, 2025; Jecker et al., 2024). Therefore, both social anxiety and
loneliness may increase the motivation to engage with technology and chat-
bot interfaces, thereby facilitating the development of emotional attachment
toward these tools (Hu et al., 2023; O’Day & Heimberg, 2021)

5.2 The Study: Can ChatGPT Support Commu-
nication in Autism?

5.2.1 Study Goals and Hypotheses

Due to the recent and rapid proliferation of NLM chatbots such as Chat-
GPT, current literature still presents significant gaps in understanding the
relational dynamics that develop between users and these technologies. Un-
like traditional technologies, which predominantly support passive activities
such as reading or browsing, chatbots enable continuous and personalized
communicative interactions (Meshram et al., 2021; Shumanov & Johnson,
2021). ChatGPT use, in particular, constitutes a direct and dynamic con-
versational experience, characterized by one-to-one interactions (Haqqu &
Rohmah, 2024; Mukherjee et al., 2024). The present study aims to inves-
tigate the relationship between autistic traits and emotional attachment to
chatbots, examining the mediating role of both cognitive and emotional fac-
tors. Specifically, four variables are considered: social anxiety, loneliness,
ToM, and anthropomorphism. Based on existing literature, the following
hypotheses are proposed:

H1. Higher levels of autistic traits are associated with stronger emotional
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attachment to AI-based chatbots.

H2. Cognitive factors—specifically, deficits in ToM and a greater ten-
dency to anthropomorphize artificial agents—mediate the relationship be-
tween autistic traits and emotional attachment to chatbots.

H3. Emotional factors, namely social anxiety and loneliness, also me-
diate the relationship between autistic traits and emotional attachment to
chatbots.

5.2.2 Participants, Tasks and Procedure

The sample consisted of 327 participants (139 male, 186 female, and 2 iden-
tifying as LGBTQIA+), aged between 18 and 35 years (M = 23.77; SD
= 7.34). Approximately 70% of the participants were students, while the
remainder were either employed or unemployed individuals. In terms of ed-
ucational background, 20.18% held a Bachelor’s degree, 10.09% held a Mas-
ter’s degree, and the remaining 69.73% had obtained either a high school
diploma or a lower educational qualification. Participants were recruited
through multiple channels: the questionnaire was distributed via personal
contacts (e.g., WhatsApp) and social media platforms (e.g., Facebook, In-
stagram, and Telegram). Specifically, it was shared within online groups
dedicated to ChatGPT users and Italian university students enrolled in var-
ious academic programs. This dissemination strategy enabled the collection
of data from participants residing in different geographical regions of Italy:
approximately 60% were from Southern Italy, while the remaining 40% were
distributed across the Central and Northern regions. Table 5.1 provides a
summary of the sample’s demographic characteristics.

The study was conducted in accordance with the ethical principles out-
lined in the Declaration of Helsinki. Prior to participation, all individuals re-
ceived detailed information regarding the nature and purpose of the research
and provided their informed consent. The questionnaire was developed using
the Google Forms web platform and subsequently distributed online. The
use of social media facilitated the recruitment of a heterogeneous sample,
while also reducing the time required for dissemination and data collection.
Participants accessed the questionnaire through a digital link and completed
it anonymously. To control for potential order effects, the sequence of the
questionnaires was counterbalanced across different administrations. The
tools employed in this study are as follows.

The Autism Spectrum Quotient (Baron-Cohen et al., 2001) is a widely
used self-report questionnaire designed to assess autistic traits in adults with
average or above-average intelligence (age 16+). It consists of 50 items di-
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Table 5.1: Demographic information of participants (N = 327)

Variable Category / Value N (%)

Age M (± SD) 23.77 (± 7.34)

Gender Male 139 (42.51)
Female 186 (56.88)
LGBTQIA+ 2 (0.61)

Occupation Student 230 (70.34)
Worker 81 (24.77)
Unemployed 16 (4.89)

Educational level Bachelor’s degree 66 (20.18)
Master’s degree 33 (10.09)
Diploma or other 228 (69.73)

Daily time online (h) M (± SD) 5.79 (± 3.33)
Daily ChatGPT use (h) M (± SD) 1.57 (± 1.05)

vided across five subdomains: social skills, attention switching, attention to
detail, communication, and imagination. Example items include: “I prefer
to do things with others rather than on my own,” “I often become so ab-
sorbed in one thing that I lose sight of other things,” “I tend to notice details
that others do not,” “I enjoy social chit-chat,” and “When reading a story, I
can easily imagine what the characters might look like.” Responses are given
on a 4-point Likert scale (1 = strongly agree; 4 = strongly disagree). Total
scores range from 0 to 50, with higher scores indicating a greater presence
of autistic traits. Statistical analyses have shown good internal consistency
for the scale (α = .83).

The De Jong Gierveld Loneliness Scale (De Jong Gierveld & Van Tilburg,
2006) is a shortened form of the original 11-item De Jong Gierveld Loneliness
Scale (de Jong-Gierveld, 1987), developed to assess both emotional and so-
cial loneliness. The original version comprises 6 negatively worded items for
emotional loneliness and 5 positively worded items for social loneliness. The
short version includes 3 items from each subscale, selected to preserve the
reliability and stability of the measure. Sample items include: “I experience
a general sense of emptiness,” “I often feel rejected,” and “There are plenty
of people I can rely on completely.” Participants were asked to indicate how
well each statement described their situation using a 3-point scale: “no” (0),
“more or less” (1), and “yes” (2). The instrument has demonstrated strong
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internal consistency (α = .87).

The Social Interaction Anxiety Scale - SIAS-6 (Peters et al., 2012) is a
self-report instrument designed to assess social anxiety in interactive con-
texts, such as one-on-one conversations, group activities, and other forms
of social engagement. The scale includes 6 items, each rated on a 5-point
Likert scale (0 = not at all true; 4 = extremely true). Sample items include:
“I find it difficult to make eye contact with others” and “I feel tense if I am
alone with another person.” The SIAS-6 has demonstrated good internal
consistency (Cronbach’s α = .81).

The Reading the Mind in the Eyes Test - RMET (Baron-Cohen et al.,
2001), validated in Italy by Vellante et al., 2001, is a performance-based
measure that assesses the affective component of ToM, namely the ability
to infer others’ emotional states. The test consists of 36 photographs show-
ing the eye region of male and female faces. For each image, participants
are required to choose the emotion or mental state that best matches the
expression depicted, from four possible options. The total score reflects the
number of correct responses. The RMET has shown strong internal relia-
bility (Cronbach’s α = .88).

The tendency to anthropomorphize ChatGPT was assessed using a 5-
item ad hoc scale developed for the purposes of this study, drawing upon
the structure and content of the Attribution of Mental States Questionnaire
(Miraglia et al., 2023), a widely used instrument for evaluating the attri-
bution of mental and sensory states. Sample items adapted to the chatbot
context include: “Is ChatGPT capable of thinking and/or forming opin-
ions?” and “Is ChatGPT capable of experiencing emotions?” Items were
rated on a 7-point Likert scale (1 = strongly disagree; 7 = strongly agree).
The scale demonstrated excellent internal consistency, with Cronbach’s α =
.92.

Emotional attachment to the chatbot was measured using 12 items adapted
from the Emotional Attachment Scale - EAS (Thomson et al., 2005), orig-
inally developed to assess emotional bonding and brand loyalty. The three
subscales—affection, connection, and passion—were adapted to the context
by replacing references to the ”brand/product” with ”ChatGPT.” For exam-
ple, the original item “I feel affection for this brand/product” was modified
to “I feel affection for ChatGPT.” Items were rated on a 7-point Likert scale
(1 = strongly disagree; 7 = strongly agree). The adapted scale demonstrated
good internal consistency, with Cronbach’s α = .89.
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5.2.3 Statistical Data Analyses

Data analyses were conducted using SPSS version 28.0 (SPSS Inc., Chicago,
IL, USA). Structural Equation Modeling (SEM) was performed using IBM
SPSS AMOS to test a multiple mediation model. Autistic traits were en-
tered as the independent variable, emotional attachment as the dependent
variable, and social anxiety and loneliness (emotional factors), as well as
anthropomorphism and ToM (cognitive factors), were included as paral-
lel mediators. Model fit was assessed using several indices: chi-square (χ2),
Comparative Fit Index (CFI), Tucker-Lewis Index (TLI), Root Mean Square
Error of Approximation (RMSEA) with a 90% confidence interval, and Stan-
dardized Root Mean Square Residual (SRMR). Indirect effects were tested
using the bootstrap method with 5000 resamples, applying bias-corrected
95% confidence intervals.

5.2.4 Empirical Results

Descriptive statistics (means and standard deviations) and correlations among
the main variables are presented in Table 5.2

Table 5.2: Descriptive statistics and correlations between study variables

Variable M (± SD) 1 2 3 4 5

1. Autism 20.69 (± 6.09) –
2. ToM 21.99 (± 4.84) -.12* –
3. Social Anxiety 12.17 (± 5.05) .55** .11 –
4. Anthropomorphism 9.86 (± 10.80) .21** -.09 .25** –
5. Loneliness 9.82 (± 2.89) .41** .09 .56** .23** –
6. Emotional Attachment 22.50 (± 12.40) .14* -.15* .04 .24** .04

Note. * p < .05; ** p < .001

Autistic traits were positively correlated with social anxiety (r = .552,
p < .001), loneliness (r = .412, p < .001), anthropomorphism (r = .205,
p < .001), and emotional attachment (r = .142, p < .05), while showing a
negative correlation with ToM (r = −.117, p < .05). Emotional attachment
was positively associated with anthropomorphism (r = .237, p < .001),
and negatively associated with ToM (r = −.151, p < .05). Significant
associations were also observed between loneliness and social anxiety (r =
.563, p < .001), loneliness and anthropomorphism (r = .226, p < .001), and
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social anxiety and anthropomorphism (r = .254, p < .001).

Mediation Model Analysis (SEM) To examine the mediating role of emo-
tional (social anxiety and loneliness) and cognitive (anthropomorphism and
ToM) factors in the relationship between autistic traits and emotional at-
tachment, a structural equation model (SEM) with four parallel mediators
was estimated. The model demonstrated a good fit to the data: χ2(4) =
6.87, p = .142, CFI = .991, TLI = .974, RMSEA = .039 (90% CI = [.000,
.092]), SRMR = .024, indicating an adequate and well-specified structure.
The results showed that autistic traits significantly predicted social anxiety
(β = .56, p < .001), loneliness (β = .41, p < .001), anthropomorphism (β =
.21, p < .001), and were negatively associated with ToM (β = –.12, p < .05).
Social anxiety (β= .08, p = .09) and loneliness (β = .04, p = .12) did not
significantly predict emotional attachment, suggesting a weak mediating role
for emotional factors. In contrast, anthropomorphism significantly and pos-
itively predicted emotional attachment (β = .23, p < .001), while ToM
exhibited a significant negative effect (β = –.15, p < .05), supporting the
mediating role of cognitive factors. The bootstrap analysis (5000 samples)
revealed that the direct effect of autistic traits on emotional attachment,
controlling for the mediators, was weak but positive (β = .11, p = .07),
suggesting partial mediation. Significant indirect effects emerged through
anthropomorphism (β = .048, 95% CI [.025, .082]) and ToM (β = –.018,
95% CI [–.038, –.002]), whereas indirect effects through social anxiety (β =
.045, 95% CI [–.010, .100]) and loneliness (β = .016, 95% CI [–.005, .038])
were non-significant (see Figure 1).

These results suggest that the relationship between autistic traits and
emotional attachment is primarily mediated by cognitive factors, partic-
ularly the tendency to anthropomorphize and reduced ToM capacity. In
contrast, emotional factors, although associated with autistic traits, do not
appear to significantly mediate the link between autistic traits and emotional
attachment to chatbots.

5.3 Toward Inclusive AI: Interpreting the Find-
ings

5.3.1 Integrative Discussion

The aim of this study was to investigate how autistic traits are associated
with emotional attachment to chatbots, exploring the mediating role of
emotional (social anxiety and loneliness) and cognitive factors (anthropo-



5.3. TOWARD INCLUSIVE AI: INTERPRETING THE FINDINGS 101

Figure 5.1: Path diagram

morphism and ToM). The results partially support the proposed hypothe-
ses, highlighting a central role of cognitive processes in the formation of
emotional bonds with artificial agents. The first hypothesis posited that
higher levels of autistic traits would be associated with stronger emotional
attachment to AI-based chatbots. As expected, autistic traits were posi-
tively associated with greater emotional attachment to chatbots, although
the observed direct effect was marginal. This tendency can be interpreted
as a preference for predictable and low-emotional-load social interactions,
as often described in the literature on individuals with autism spectrum
traits (Hassrick et al., 2021; Hudson et al., 2023; Tuna, 2024). However,
what clearly emerges from the model is the role of cognitive mediators. The
second hypothesis predicted that cognitive factors, such as deficits in ToM
and a greater tendency to anthropomorphize artificial agents, would me-
diate the relationship between autistic traits and emotional attachment to
chatbots. The findings confirmed this hypothesis, supporting the idea that
attributing human-like characteristics to artificial agents and difficulty un-
derstanding others’ mental states are key elements in the predisposition to
develop emotional attachment to AI-based chatbots. Finally, contrary to
what was predicted by the third hypothesis, emotional factors (social anxi-
ety and loneliness), while significantly associated with autistic traits, did not
directly predict emotional attachment to chatbots. This finding suggests an
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important distinction between the need to avoid real social situations and
the tendency to form bonds with artificial entities. In other words, social
anxiety and loneliness may lead individuals to withdraw from interpersonal
interactions and increase their use of technology as a safe relational space
(Mygland et al., 2021; Rhim et al., 2022). However, technology use driven
by avoidance or isolation does not necessarily imply affective involvement or
emotional attachment toward the medium itself. Forming an emotional bond
requires an active interpretive and relational component — such as attribut-
ing intentionality or humanness — which is more closely tied to cognitive
processes. In this sense, our findings suggest that emotional attachment
to chatbots is not simply a consequence of social discomfort, but primarily
emerges when users perceive the chatbot as human-like (high anthropomor-
phism) and have difficulty interpreting others’ emotional and mental states
(reduced ToM).

The findings of this study offer relevant insights, particularly in light of
the Social Motivation Theory (Chevallier et al., 2012) which posits that the
social difficulties observed in individuals with autistic traits stem from re-
duced social motivation—namely, a lower interest in or sensitivity to social
stimuli. This theory suggests that autistic individuals find social interac-
tions less rewarding due to alterations in social reward circuitry (Blum et
al., 2024; Keifer et al., 2021; Matyjek et al., 2023), which in turn leads
to limited engagement in relational contexts. However, our data appear
to challenge a reductionist interpretation of this model. Although partic-
ipants with higher autistic traits reported elevated levels of social anxiety
and loneliness—consistent with previous literature—these emotional factors
did not directly predict emotional attachment to chatbots. This suggests
that the desire for social connection is not absent, but rather modulated by
emotional and cognitive barriers that make traditional human interactions
effortful or aversive. This interpretation aligns with more recent theoret-
ical revisions to the original model (Jaswal & Akhtar, 2019; Morrison et
al., 2020), which argue that reduced social participation in autism does not
necessarily imply a motivational deficit. Instead, it may reflect adaptive
strategies, such as withdrawal from interactions perceived as stressful, am-
biguous, or potentially negative. Within this framework, interaction with
chatbots—being predictable, controllable, and free from complex emotional
demands—may represent an alternative route to fulfill an intact need for
social connection, albeit expressed in a non-traditional manner. Thus, the
present findings support a more nuanced view of social motivation: not ab-
sent, but reoriented toward forms of interaction perceived as more accessible
and less emotionally taxing. In this light, chatbots may serve a compen-
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satory function, not only on an instrumental level but also on an emotional
one—but only if cognitively interpreted as valid social partners, as suggested
by the key role of the cognitive mediators observed in this study.

5.3.2 Limitations and Next Steps

The present study offers an original contribution to the understanding of
the psychological mechanisms underlying emotional attachment that may
develop between individuals with autistic traits and AI-based chatbots, such
as ChatGPT. This is an emerging and still underexplored area of research,
despite the increasing diffusion and accessibility of such technologies in ev-
eryday life. A distinctive feature of this work lies in the integration of affec-
tive variables (social anxiety and loneliness) and cognitive variables (ToM
and anthropomorphism), which were not only considered in isolation but
also analyzed in terms of their reciprocal interactions and mediating ef-
fects. Moreover, the heterogeneous composition of the sample in terms of
age, educational background, occupational status, and geographical origin
contributes to enhancing the external validity of the study.

Despite these strengths, several limitations should be acknowledged.
First, although the sample was diverse, its relatively small size (240 par-
ticipants) limits the generalizability of the findings. Additionally, the sam-
ple consisted exclusively of Italian participants; hence, the results may not
be applicable to other cultural contexts. Another limitation concerns the
cross-sectional nature of the study, which does not allow for the assessment
of long-term outcomes of interactions between individuals with autistic traits
and chatbots. The study is also subject to temporal constraints, as the va-
lidity of its findings may be affected by the rapid evolution of technology.
For instance, a new design of conversational chatbots might lead to different
modes of interaction and emotional attachment compared to those observed
in the current study. Finally, characteristics and difficulties associated with
the autism spectrum are highly heterogeneous and may manifest differently
across individuals. Consequently, the observed results may not be general-
izable to the entire population; the relationship between autistic traits and
emotional attachment to chatbots may in fact be influenced by individual
differences or by factors not included in the current model.

In light of these limitations, future research should aim to address these
issues to deepen our understanding of emotional attachment between users
with autistic traits and chatbots. First, it is advisable to conduct stud-
ies with larger and more culturally diverse samples, in order to improve
the generalizability of the findings and to explore potential cross-cultural
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differences in interaction styles and emotional bonding with chatbots. Ad-
ditionally, given the cross-sectional nature of the present study, longitudinal
designs are needed to examine the temporal development of relationships
with artificial agents and the long-term effects on social adaptation and
psychological well-being among individuals with autistic traits. Another
promising avenue concerns the rapid technological advancement of conver-
sational chatbots. Future research should investigate how the introduction
of new features, advanced levels of artificial empathy, and more sophisticated
interactive designs may influence the formation of emotional attachment, as
these factors could significantly alter relational dynamics. Finally, given the
high degree of individual variability within the autism spectrum, it would be
important to more thoroughly explore clinical subgroups and specific traits
(e.g., the degree of impairment in ToM or in social motivation) that may
moderate interactions with chatbots. Future studies could also integrate
psychological, neurobiological, and environmental factors to better under-
stand the complexity of affective and social responses to digital technologies.

In conclusion, the present study contributes to the understanding of rela-
tional dynamics between individuals with autistic traits and AI-based chat-
bots. The possibility that emotional attachment may develop—mediated by
cognitive factors such as ToM and anthropomorphism—suggests that inter-
actions with chatbots are not merely functional modes of communication,
but can acquire meaningful emotional value for users who often experience
difficulties in traditional social interactions. Indeed, chatbots may play a role
in enhancing the emotional well-being and perceived social connectedness of
more vulnerable individuals, particularly in the presence of communicative
challenges or in contexts of social isolation. Therefore, chatbots could be
integrated as supportive tools in educational, clinical, and psychosocial set-
tings, offering an alternative and personalized form of social connection that
is responsive to the specific needs of this population.



Conclusions

The research undertaken during this PhD, and recounted in this dissertation,
presents an unusual coincidence in timing. It began almost simultaneously
with the emergence of the very phenomenon it set out to study: the introduc-
tion of new conversational artificial intelligence systems. The atmosphere
surrounding education in 2023, at the initial explosion of this phenomenon,
was marked by widespread concern. The early scientific literature on the
topic was dominated by pessimism and recommendations aimed at limiting
the use of these tools by students and young people in general. While fully
aware of the need for caution in the face of such novel and disruptive tech-
nologies, the approach adopted at the outset of the research described here
was one of openness, driven by the scientific curiosity to empirically assess
the positive and negative effects of chatbots in educational contexts. As a
result, one of the first articles produced from this research, Student interac-
tion with ChatGPT can promote complex critical thinking skills, distinctly
went against the prevailing trend. It was likely this contrarian perspective
that drew significant attention to it, with the article receiving as many as
90 citations within just six months of its publication. Now, looking at the
current body of literature on the effects of chatbots, it is reassuring to see
that the direction taken was a sound one. Recent studies highlighting sig-
nificant benefits in the use of chatbots have multiplied, and the educational
sector in particular is gradually moving toward acceptance and appreciation
of these new AI tools.

This thesis has examined the impact, potential, and limitations of NLMs
within the contemporary educational context, with particular focus on their
implications for the development of critical thinking. The interest in this
topic arises from the recognition that, in recent years, the introduction
and increasingly widespread adoption of artificial intelligence-based tools,
such as ChatGPT, have marked a turning point in the relationship between
technology and knowledge. This shift has raised unprecedented and urgent
questions regarding learning modalities and the very future of cognition.
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Through a comprehensive analysis, it has been highlighted how this transfor-
mation is driving a profound change in the traditional educational paradigm,
challenging the conventional distinctions between natural cognition and ar-
tificial cognition. Despite the initial skepticism expressed by part of the
academic and educational communities, the findings from the conducted in-
vestigations clearly demonstrate that NLMs—although grounded in stochas-
tic and probabilistic mechanisms—can achieve performances comparable to,
and in some cases even surpassing, those of humans in tasks requiring struc-
tured critical reasoning. This evidence suggests that their computational
nature does not preclude a significant contribution to cognitive processes;
on the contrary, it invites a more flexible and updated reconsideration of the
very definitions of reasoning, understanding, and intelligence.

From this perspective, the thesis contributes to shifting the focus of the
debate from the strictly ontological dimension of so-called “machine psy-
chology” toward a more operational and functional analysis of how artificial
intelligence processes and generates knowledge. Attention is thus directed
to the conditions, mechanisms, and underlying logics through which NLMs
handle information, revealing both convergences and divergences with hu-
man cognition. What emerges is a broad and nuanced reflection on the
potential functional continuity between human minds and artificial systems:
both operate based on learned patterns, recombine prior knowledge, and
generate context-sensitive responses. The critical difference, however, lies
in their underlying architectures: embodied, situated, and influenced by
sensory experience in the case of human beings; disembodied, simulative,
and algorithmic in the case of artificial models. Nonetheless, adopting this
perspective does not entail disregarding the implications of future develop-
ments in NLMs. If these models already prove effective as cognitive support
tools—functioning as genuine scaffolds that facilitate learning and stimulate
reflective and critical practices—it is plausible to hypothesize that, with con-
tinued technological advancement, they may increasingly assume an active
role, potentially even replacing, at least partially, certain cognitive functions
traditionally associated with human beings.

Another area of interest lies in the growing ability of these systems to
support the relational and emotional dimensions of educational experience,
especially for individuals with specific needs or unconventional learning tra-
jectories. Thanks to their capacity for personalized responses and dynamic
adaptation to communicative contexts, NLMs are emerging as powerful tools
for fostering more inclusive and differentiated educational practices. How-
ever, it is essential to remember that, no matter how sophisticated, these
systems do not possess authentic emotions: emotion, understood as an em-
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bodied response to a real need, remains the exclusive prerogative of living
beings, irreproducible by artificial entities lacking a body and direct sensory
experience. This scenario invites far-reaching reflections not only within the
educational domain but also at epistemological, occupational, and ethical
levels. It will thus be crucial to rigorously and forward-thinkingly consider
which competencies will remain uniquely human, which can be effectively
delegated to artificial intelligence, and how these shifts will affect the devel-
opment of critical thinking, individual autonomy, and the sense of personal
and collective responsibility. Within this horizon, promoting a conscious,
critical, and purpose-driven use of NLMs becomes essential—an approach
capable of fully leveraging the transformative potential of these tools without
ever sacrificing the centrality and irreplaceability of the human dimension
in educational processes.

In conclusion, NLMs cannot be simplistically reduced to mere “stochas-
tic parrots,” nor elevated to fully autonomous minds. Rather, they represent
complex cognitive artifacts, capable of redefining the very boundaries of the
concept of cognition. The potential functional continuity between human
and artificial intelligence is not merely a theoretical bridge between two dis-
tinct domains but constitutes a strategic and critical crossroads for radically
rethinking the future of education, knowledge, and intelligence.
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Zuriguel-Pérez, E., Falcó-Pegueroles, A., Roldán-Merino, J., Agustino-Rodŕıguez,
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