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Abstract

This research examined how Ukrainian young adults perceive the persuasiveness
and source credibility of human- and Al-written texts, and what influences their
authorship judgements. In a mixed within- and between-subject design, 123 participants
rated four unlabelled human-authored and Al-generated texts (randomised
within-participant) with a total of 492 evaluations. The resulting data was analysed with
linear and generalised mixed-effects models and content analysis of readers’
justifications. The texts of actual human and AI authorship did not differ in
persuasiveness and credibility ratings. Yet, texts that readers believed to be written by
artificial intelligence were associated with significantly lower ratings, regardless of
whether the judgement was correct, of the participant’s baseline agreement with the
topic statement, or of their attitudes towards AIl. The cues participants used for
identification of Al authorship were largely unreliable (overall 52% accuracy, excluding
unsure responses), however, contextual detachment from the realities of war proved the
most effective signal.

Keywords: persuasiveness, credibility, artificial intelligence, large language
models, perceived authorship, Al identification cues, wartime content.

Word count: 18,693.



INTRODUCTION

The issue of persuasion has traditionally been considered within social psychology
as processes of social influence and attitude change in interpersonal communication.
With large language models (LLMs) and generative artificial intelligence (Al) becoming
increasingly accessible, the question of what makes a message persuasive is taking on a
new dimension in human-machine communication. People now interact not only with
content produced by other people but increasingly with text generated by LLMs capable
of producing logically structured, stylistically coherent, and semantically rich
argumentation. Crucially, this content most often reaches readers without any label of its
source, so that judgments about authorship become inferences the reader must make
rather than facts the reader is given. Accordingly, the relevance of this study follows
from the need to search for the psychological patterns that underpin the perception of
information produced by human authors and by artificial intelligence.

Research problem. A central premise supported by the literature, is that readers
are often unable to recognise artificial authorship reliably (Jakesch et al., 2023), while
Al-generated texts can be equally or even more persuasive than human-written texts
(Spitale et al., 2023; Bai et al., 2025). Research into this issue is particularly relevant
among young people, who are the most integrated into the digital environment and
actively interact with various types of information sources. It is even more pressing for
Ukrainian youth, as misjudged trust in information and its sources can carry very real
stakes during wartime. However, the examination of human vs Al persuasiveness and
the factors that make readers attribute a text to Al within the Ukrainian context of
intensive  digital socialisation and heightened information threats remains
underrepresented in existing studies.

The following research question therefore arises: does the perceived
persuasiveness of an unlabelled argumentative text and the credibility of its source
differ, depending on the true source (human or artificial), or on the authorship the
readers attribute to it, and which factors (source-recognition accuracy, prior topic stance,
or attitudes toward Al) may shape those judgments among Ukrainian young adults?

The study explores this question with three groups of hypotheses, set out in full in
the Research Framework. The first concerns the effect of the true source on
persuasiveness and credibility; the second concerns the effect of the source the reader
attributes to the text, and the third concerns the conditions under which the perceived
source effect strengthens or weakens. A separate exploratory hypothesis asks which
affective evaluations may predict whether a reader attributes a text to Al.



The study employs the following research methods:
- theoretical methods: analysis, generalisation, synthesis of scientific sources;
- empirical methods: experimental survey with evaluation of stimulus text material;
- quantitative methods (mathematical statistics): descriptive analysis, linear mixed
modelling, generalised linear mixed-effects modelling;
- qualitative methods of data analysis: content analysis.

Research aim: to identify the social-psychological factors that influence the
perceived persuasiveness of Al-generated and human-written texts among Ukrainian
young adults and the cues underlying authorship judgements.

Research objectives:

1. Analyse theoretical approaches to understanding persuasiveness in social and
cognitive psychology.
Identify the role of Al as a source of information in building trust.
Analyse existing empirical studies on the persuasiveness of Al-generated texts.
Characterise Ukrainian youth as an audience.

A

Conduct an empirical study of the characteristics of assessing the persuasiveness
of texts by different authors.

6. Interpret the results obtained from the perspective of contemporary
social-psychological theories and models.

7. Establish a basis for developing practical recommendations aimed at fostering
critical thinking and strengthening the resilience of Ukrainian youth, particularly
against the influence of manipulative text content generated by Al.

The study uses a mixed-methods design that follows from the research question,
since persuasiveness and credibility differences by source are best measured with
quantitative tests, and the cues readers use when they decide who wrote a text is a
question of meaning, which calls for analysing the reasons readers give in their own
words. The main strength of this approach is complementarity, however, it adds
complexity to the analysis.

Structure of the paper. The paper consists of an introduction, two chapters, a
discussion and conclusion, a list of references and appendices. The first chapter
examines the theoretical foundations of research into persuasive communication in the
context of human-Al interaction. The second chapter is devoted to the organisation and
conduct of the empirical study, the analysis of the results obtained, their interpretation,
and practical recommendations. The discussion and conclusion part summarises the
main findings of the study and identifies prospects for further research.



CHAPTER 1.
THEORETICAL FOUNDATIONS OF PERSUASION IN THE CONTEXT OF
HUMAN AND ARTIFICIAL INTELLIGENCE INTERACTION

1.1. Persuasive Communication in Social and Cognitive Psychology

Persuasion is central to many forms of human communication, from political
campaigns to product advertisements. Traditionally, the communication process is
conceptualised in terms of source (the communicator), message (information being
delivered), channel (medium through which the message is communicated) and receiver
(recipient or an audience) (Shannon, 1948; Berlo, 1960). Persuasive communication can
be defined as “a symbolic process in which communicators try to convince other people
to change their attitudes or behaviour regarding an issue through the transmission of a
message, in an atmosphere of free choice” (Perloff, 2003, p. 8), and it has long been a
major topic of interest for social psychologists. Scholarly work across communication,
social and cognitive psychology demonstrates that persuasive communication is a deeply
social phenomenon, and our understanding of its nature and effectiveness have largely
evolved over the past decades.

One of the earliest systematic accounts in the field of persuasion started within the
Yale Communication and Attitude Change Programme. Hovland and Weiss (1951)
found that the persuasive effect of a message depends on the perceived credibility of its
source, that is, the expertise and trustworthiness of the communicator. Their work
introduced the idea that recipients do not evaluate information independently of the
communicator. Building upon this idea, Hovland, Janis, and Kelley (1953) developed a
more comprehensive model, treating persuasion as a learning process, and argued that its
effectiveness depends on the recipient’s attention, comprehension and acceptance of the
message. Following the Yale group and other scholars, Pornpitakpan (2004) defined
source credibility along three dimensions: competence (perceived expertise),
trustworthiness (perceived objectivity and reliability), and goodwill (perceived concern
for the audience). Their findings concluded that sources featuring the above-mentioned
characteristics were significantly more persuasive and influenced the attitudes and
behavioural intentions of the audience in a positive way (Pornpitakpan, 2004). The
approach that the Yale group, thus, establishes solid foundations for studying persuasive
communication from a psychological perspective.

The works mentioned above, however, do not consider how individuals determine
the source of information, which is particularly relevant in the digital environment where



7

people consume multiple messages per day, while source cues are often fragmented or
obscured. Addressing this issue requires turning to the source monitoring theory
developed by Johnson, Hashtroudi, and Lindsay’s (1993). The authors describe source
monitoring as a cognitive process “based on characteristics of memories in combination
with judgment processes” (Johnson et al., 1993, p. 4) by which individuals attribute
information to a particular origin and differentiate facts from fantasy. The two categories
in which source-monitoring errors may occur include: disruptions in the original
encoding of an event, limiting the retention of perceptual, contextual, emotional,
semantic, or cognitive details that normally help individuals identify where information
came from, and judgment stage disruptions, when individuals fail to access relevant
cues, apply inappropriate criteria, or do not adequately coordinate heuristic and
systematic processes when evaluating a source (Johnson et al., 1993). The researchers
state that their framework may serve to explain why individuals confuse familiarity with
real prior knowledge, reproduce ideas even when they cannot recall their sources, or take
fictional material as their own true beliefs and memories (Johnson et al., 1993).

Another line of persuasion research by Sherif and Hovland (1961) added a
perspective according to which people evaluate a persuasive message in relation to their
prior attitudes (referred to as the anchor point), and map the message into one of the
three zones of judgment: the latitude of acceptance (reasonable, acceptable ideas), the
latitude of rejection (statements the person finds completely objectionable or
unreasonable), and the latitude of noncommitment (neutral or non-defined statements).
The authors argued that individuals perceive a message within the latitude of acceptance
as much closer to their position than it is (the assimilation effect), while they may be
more likely to dismiss the messages falling into the latitude of rejection since they view
them as much further from their anchor point (contrast effect) (Sherif & Hovland, 1961).
Thus, people are more likely to be persuaded by the messages that do not contradict their
existing beliefs, highlighting the important role attitudes play in persuasion.

To better understand why individuals favour belief-consistent messages, we
should examine attitudes and their influence on perception and judgment. As Eagly and
Chaiken (1993) suggest, attitudes should be defined as “a psychological tendency that is
expressed by evaluating a particular entity with some degree of favor or disfavor” (p. 1).
The authors argued that while an attitude is a singular judgment, it forms as a summary
of three distinct types of psychological responses: cognitive, affective, and behavioural
(Eagly & Chaiken, 1993). Scholarly work on attitudes hence shows that they organise
how individuals interpret new information: a person’s likelihood of finding a message
persuasive often depends on whether it aligns with their pre-existing views regarding the
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topic, rather than the inherent strength of the message itself. The theory of motivated
reasoning (Kunda, 1990) adds that motivation affects judgments by directing which
cognitive strategies an individual will rely on when constructing and evaluating beliefs.
Motivation in Kunda’s research (1990) refers to “any wish, desire, or preference that
concerns the outcome of a given reasoning task™ (p. 480). If accuracy is the motivation,
individuals tend to use the strategies they see as best suited for judging correctly, but
when motivated by a particular outcome, they choose strategies that the desired outcome
is most likely to be achieved (Kunda, 1990). These findings are also mirrored in
information processing theories. In 1980, Chaiken began studying how people process
messages with varying levels of cognitive effort. Earlier work (Tversky & Kahneman,
1974) demonstrated that individuals rely on cognitive heuristics (or cognitive shortcuts)
in the face of uncertainty to quickly and accurately make decisions and minimise
cognitive resources spent. Chaiken (1980) applied the concept of cognitive heuristics in
her Heuristic-Systematic Model (HSM) to distinguish between two types of information
processing: systematic processing involves careful attention to the content, evidence,
and logic, whereas heuristic processing involves reliance on less systematic decision
rules based on the relative level of expertise of the source of the message or the apparent
clarity and confidence of the message. Unlike other dual-processing models, HSM posits
that both forms may occur simultaneously, for example, an individual may engage in the
analysis of the argument while, at the same time, being influenced by the credibility or
presentation style of the communicator. Accordingly, HSM suggests that individuals are
neither fully rational nor fully superficial, and they may engage in either or both forms
of processing, depending on the level of motivation, ability and/or context.

In the same period as Chaiken’s HSM was developed, Petty and Cacioppo (1984)
found that personal involvement dictates how people evaluate persuasive messages:
when that involvement is high, people scrutinise message quality, but when the
involvement is low, people rely on cognitive shortcuts, such as the quantity of the
arguments, rather than their substance. They further developed this idea into the
Elaboration Likelihood Model (ELM), which acknowledges the central role of the
message recipient in the persuasion process and posits that persuasion occurs either by
the central or peripheral route, which corresponds to high or low thought, i.e. elaboration
(Petty & Cacioppo, 1986). The central route is associated with high-elaboration
processing and careful scrutiny of the logic in a message, and the peripheral route
involves low-elaboration processing that depends on cues such as source attractiveness,
authority, emotional tone, and a general impression of credibility (Petty & Cacioppo,
1986). As such, Petty and Cacioppo (1986) affirm that attitude change resulting from
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central processing tends to be stronger, more closely related to behaviour, and more
resistant to counter-arguments, whereas the peripheral route is more likely to lead to less
consistent attitude changes. Thus, ELM shows that the depth of processing is one of the
main conditions determining whether persuasion will be lasting or temporary, and
explains why strong arguments do not always persuade and why weak arguments may
sometimes be effective.

Ajzen and Fishbein (1980) and their Theory of Reasoned Action (TRA) extend
the discussion of persuasion by connecting attitudes and subjective norms to the
behaviour. TRA suggests that when a particular action is the desired outcome,
persuasive appeals should target the beliefs that support behavioural intentions,
clarifying that a persuasive message may change a general attitude without changing a
specific intention that translates into action. Following this, Ajzen (1991) developed the
theory of planned behaviour (TPB), which considers attitudes, subjective norms and
perceived behavioural control (a person’s belief in their own ability to successfully
perform a specific behaviour, based on their assessment of the personal resources,
opportunities, and obstacles). TPB posits that individuals are more likely to form an
intention or to engage in a behaviour when their evaluation of the behaviour is positive,
they believe important others would support it, and feel capable of performing the
behaviour (Ajzen, 1991). Therefore, persuasion aimed at behaviour must address not
only what the person believes about the message itself, but how realistic they think the
behaviour is and whether it would be socially appreciated.

Research on behavioural perspectives and the role of subjective norms in
persuasion demonstrates that individuals rarely make decisions in isolation from social
expectations and group influences. To better understand the mechanisms underlying
these influences, it is important to turn to Cialdini’s study of social influence. His work
consolidated six principles of persuasion that function as shortcuts for decision-making
and compliance (Cialdini, 2009). Specifically, the principles include: reciprocity, the
impulse to return a favour; consistency, the wish to align new actions with past
commitments; social proof, the tendency to take cues from the behaviours of others;
authority, the tendency to defer to experts; liking, our susceptibility to those we find
appealing or similar; and scarcity, the sense that limited opportunities carry greater value
(Cialdini, 2009). Cialdini (2016) later expanded upon this list with the inclusion of the
seventh principle of unity, which indicates that the more we identify with others, the
more we are influenced by them. All of the principles identified above through
Cialdini’s work demonstrate that persuasion is a deeply social phenomenon that works
through identifiable social and emotional cues.
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In summary, research shows that persuasive communication is a dynamic process
aimed at changing the recipient’s attitude or behaviour, and the effectiveness of this
process depends on the interaction between (and the characteristics of) the source,
message, audience and channel (Perloff, 2003; Shannon, 1948; Berlo, 1960). The Yale
tradition addressed the first three of these and established that persuasion occurs through
attention, comprehension, and acceptance of the communicated information (Hovland &
Weiss, 1951; Hovland et al., 1953). However, because people attribute information to its
original source through fallible memory and judgment, as Johnson and colleagues
(1993) argued, they are left vulnerable to absorb ideas from forgotten sources or take
fictional information as personally known. Where a person already stands on the topic,
and their prior attitudes also play an important role in message acceptance (Sherif &
Hovland, 1961; Eagly & Chaiken, 1993). The dual-processing models, including
Chaiken’s HSM (1980) and Petty and Cacioppo’s ELM (1986), specify that acceptance
i1s reached through either careful information processing or heuristic cues. Cialdini’s
principles (2009; 2016) demonstrate that persuasion, as a social influence, operates
through psychological cues of reciprocity, consistency, social proof, authority, liking,
scarcity, and unity. Finally, Ajzen and Fishbein’s TRA (1980) and Ajzen’s TPB (1991)
show how attitudes, subjective norms, and perceived behavioural control lead to actual
behavioural outcomes of the persuasion process. Thus, in the present thesis,
persuasiveness should be understood not as an inherent property of a message or a
source, but as their perceived capacity to influence attitudes, judgments, intentions, and
actions of an audience. The degree of persuasiveness may be conditioned by the
perceived source credibility and ability to recall the source, individual differences in
cognitive processing of the message content, prior attitudes, and context.

1.2. Persuasion, Trust, and Attitudes in Human—AI Communication

The theories reviewed in the previous part were developed to explain persuasive
communication in a human-to-human(s) context, yet a growing share of the messages
that audiences now encounter, especially in the digital environment, are produced by
machines. The term artificial intelligence covers both the attempt to understand human
intelligence by recreating a mind within a machine and the development of technologies
that perform tasks once associated with human intelligence (Broussard, 2018; Frankish
& Ramsey, 2014). This study adopts the latter, pragmatic sense, concerned with
technologies such as conversational agents and automated writing systems, designed to
carry out specific tasks within the communication process that were formerly the
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province of people. Such communicative technologies have grown largely out of two
intertwined subfields, Natural Language Processing (NLP) and Natural Language
Generation (NLG), whose joint aim is to let machines interpret messages expressed in
human rather than machine language and to produce new messages in human language
(Allen, 2003). The text-generating system examined here, ChatGPT (OpenAl, 2022), is
a large language model of exactly this kind: a tool that receives a prompt in ordinary
language and returns fluent, human-readable prose, and one whose output is now routine
enough in everyday communication to make the perception of its authorship a question
of practical consequence.

Thus, it is imperative to explore whether the same social psychological
frameworks apply when the communicator is not human. Scientific literature suggests
that people respond to machines as social actors and thus process their messages through
the same psychological mechanisms, while also engaging specific heuristics and
dispositions tied to the perceived agency, trustworthiness, and human-likeness of the
technological source.

The foundational paradigm in this regard is the Computers Are Social Actors
(CASA). It holds that individuals do not distinguish between real social actors and
simulated ones, and “mindlessly” respond to computers and other media using the same
social scripts and expectations they apply to other people, rather than investing
additional cognitive effort to decide how to respond (Reeves & Nass, 1996). As Nass
and Moon (2000) concluded, people may act politely toward computers, view
information more favourably when it comes from “their own” device, and attribute
personality-like traits such as friendliness, competence, or reliability to technological
systems. Thus, even purely technical systems may acquire social characteristics and
evoke social response.

Certain studies further demonstrate that a technological system is more than a
channel in the communication process. While computers typically function as a medium
for human-to-human communication, Sundar and Nass (2000) showed that they can be
perceived as a source, rather than only a transmitter of content, indicating that a
technological entity may possess a degree of agency. This idea is further developed
within the MAIN model, which stands for Modality, Agency, Interactivity, and
Navigability, proposed by Sundar (2008). According to this model, the mode of
information presentation (design features), the perceived agency of the source, the
possibility of interaction, and the structure of navigation activate heuristics that
influence users’ perception, trust and engagement with the presented content (Sundar,
2008). With faster processing power and richer graphics, media agents have become
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increasingly capable of human-like behaviour and appearance, becoming distinctly
anthropomorphic and further influencing the way individuals understand and relate to
technology. Anthropomorphism refers to the perception of human traits or qualities in a
technological entity, and signifies that entity’s potential for social interaction (Waytz et
al., 2010). Waytz and colleagues’ research (2010) further demonstrates that individual
differences in the tendency to anthropomorphise predict the moral care for, as well as
responsibility and trust extended to an agent, and determine how readily the person
treats it as a source of social influence on the self. These findings indicate that the form,
perceived agency, and human-likeness of the technology all position a technological
system as a social actor whose messages may be processed through the same
psychological mechanisms that govern human-to-human persuasion.

This reconceptualisation of technology as a communicative partner rather than a
passive medium has grown into a distinct field of Human-Machine Communication
(HMC). It is most closely associated with Andrea L. Guzman (2018), who formalised
HMC as a distinct academic area of study that integrates communication works from
Human-Computer Interaction, Human-Robot Interaction, and Human-Agent Interaction.
Guzman (2018) defines HMC as the creation of meaning between humans and
machines, theorised as a technological agent and a functional “source” — a subject with
which people communicate — rather than a channel through which people communicate
with one another. To account for new technological advancements, scholars have also
revisited the CASA framework. Gambino and colleagues (2020) extend this paradigm
and reconceptualise the technologies relevant to the CASA model as not merely
computers nor all technologies in general, proposing the term “media agents”. The
authors define a media agent as “any technological artifact that demonstrates sufficient
social cues to indicate the potential to be a source of social interaction” (Gambino et al.,
2020, p. 73). As they note, this category is broad, and conversational agents, chatbots,
smart devices with social interfaces, wearables, and social robots all qualify as media
agents (Gambino et al., 2020). The authors also argue that humans have developed
distinct human-media social scripts for interacting with media agents, stating that
subsequent research should aim at clarifying what specific types of those scripts exist
(Gambino et al., 2020). Because research on persuasive communication has always
treated the source as one of the central variables, these works indicate that the questions
of credibility, trustworthiness, and authority developed for human communicators
become applicable to media agents.

Since this work investigates the persuasiveness of Al-generated texts, it is
imperative to consider the perception of this technology in particular. Sundar’s (2020)
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later research emphasises that Al systems are treated as quasi-agents, capable of
initiating actions, making decisions, and communicating in ways that produce social
reactions. Additionally, research into task subjectivity suggests that people are more
willing to trust algorithms for objective, data-related tasks than for subjective or moral
ones (Castelo et al., 2019). Castelo, Bos, and Lehmann (2019) demonstrate that trust in
algorithms is lower for tasks perceived as subjective than for those perceived as
objective, but they also identify two important qualifications. First, framing a subjective
task as more objective increases algorithmic trust for that task (Castelo et al., 2019).
Second, the deficit on subjective tasks is grounded in the belief that algorithms lack the
affective capacities the task requires, and increasing the perceived affective
human-likeness of an algorithm through anthropomorphic cues increases its use for
subjective tasks (Castelo et al., 2019). This lays out an important groundwork for
understanding the cognitive biases that develop in human-algorithm interactions.

The concept of machine heuristic plays a central role here. It refers to a cognitive
shortcut where information created by algorithmic systems may be automatically
perceived as more objective, accurate, and unbiased (Sundar & Kim, 2019). A similar
phenomenon is known as algorithmic appreciation (Logg et al., 2019), which describes
that people tend to trust algorithmic decisions more than human ones, especially in
situations characterised by uncertainty or task complexity. At the same time, researchers
found the opposite phenomenon, called algorithm aversion, in which people prefer
human judgment after noticing even a small error made by an algorithm (Dietvorst et al.,
2015; Burton et al.,, 2020). From a social-psychological perspective, algorithmic
appreciation and algorithm aversion reflect a tension between rational and heuristic
mechanisms of processing information. Therefore, both trust in algorithms and
avoidance of algorithms can be understood as different forms of source evaluation, in
which prior experience and general trust in technology play an important role.

According to the study by Lee and See (2004), trust in technology can be
characterised as a dynamic process that relies on the user’s expectations, prior
experience, and assessment of possible risks. Glikson and Woolley’s (2020) framework
identifies two main antecedents of human trust in Al as the system’s representation (full
physical presence, virtual, or embedded presence) and its level of machine intelligence
(the AI’s perceived capabilities). According to the authors, robotic systems are initially
granted low trust, which increases through interaction, but virtual or embedded systems
initially gain high trust, which declines with use (Glikson & Woolley, 2020). Certain
studies further explain that trust can vary systematically from person to person. In
particular, the analysis conducted by Russo et al. (2025) demonstrates that gender takes
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part in moderating the relationship between Al anxiety and Al attitudes: “higher levels
of Al anxiety mainly affect men’s attitudes toward Al compared to women, although
gender differences are less evident at high levels of anxiety. Still, at low levels of Al
anxiety, women report lower levels of positive attitudes toward Al than men” (p. 6).
These patterns indicate that the perception of Al cannot be described as uniform.

Given their role as moderating factors, individual and group differences are
central to the present study. Schepman and Rodway (2020) developed the General
Attitudes towards Artificial Intelligence Scale (GAAIS), which is a validated instrument
for measuring individual differences in Al attitudes empirically. The authors explain
these attitudes as relatively stable psychological orientations that impact Al evaluation
along both positive dimensions, such as usefulness, efficiency, and the potential to
improve life, and negative ones, such as risk, distrust, and fear of losing control
(Schepman & Rodway, 2020). A subsequent study by the same authors (Schepman &
Rodway, 2023) confirmed the two-factor structure of the scale and found that Al
attitudes are predicted by individual psychological characteristics. They further specify
that “introverts displayed more positive attitudes than extraverts on both subscales of the
GAAIS”, while conscientious individuals “showed more positive attitudes towards the
negative aspects of Al, as did people who measured higher on agreeableness”
(Schepman and Rodway, 2023, p. 2738). These findings support the treatment of Al
attitudes as a stable, measurable variable, with the GAAIS providing the operational
instrument, which can be used to test them empirically.

In conclusion, the works reviewed in this section establish two interconnected
claims that ground the present study. First, Al can occupy the position of a source in the
persuasive communication process, since audiences treat algorithmic systems as
quasi-agents capable of communicating in ways that produce social responses and with
which people can exchange meaning (Reeves & Nass, 1996; Nass & Moon, 2000;
Sundar, 2008; Sundar, 2020; Guzman, 2018). Second, general trust in technology (Lee &
See, 2004; Glikson & Woolley, 2020), attitudes toward Al, and broader individual
characteristics (Russo et al., 2025; Schepman & Rodway, 2020, 2023) affect how people
perceive Al systems and their outputs. Additionally, the machine heuristic (Sundar &
Kim, 2019) together with algorithmic appreciation (Logg et al., 2019) may help explain
why Al-generated content may be perceived more favourably, while algorithm aversion
(Dietvorst et al., 2015; Burton et al., 2020) may contribute to the understanding of the
opposite tendency. This creates a theoretical basis for further research on differences in
the perception of texts depending on their human or artificial origin.
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1.3. Research on Persuasiveness and Ildentification of AI-Generated Information

Existing empirical research on the persuasiveness and detection of generative
artificial intelligence as a source shows that social perceptions of synthetic information
are complex and, to a certain extent, ambivalent. While Al-generated messages can be as
persuasive as or even more persuasive than human-written ones, people cannot reliably
detect AI writing, and Al labelling does not always decrease the credibility of
machine-produced pieces.

To begin with, texts produced by large language models can be highly effective in
their communicative influence. Comparing the perception of GPT-3-generated tweets
and tweets written by Twitter (X platform) users, Spitale, Biller-Andorno, and Germani
(2023) found that GPT-3 produced accurate information that was more easily understood
than human versions, but it also produced more compelling disinformation, and
participants were unable to distinguish Al-generated tweets from human-written ones.
Thus, Al can be more effective than humans at conveying accurate information, more
effective at conveying inaccurate information, and is unrecognisable as an artificial
source in either case. This line of research is also strengthened by Goldstein et al.
(2024), who argue that Al-generated propaganda is highly persuasive, and with minor
human editing, its effect becomes equal to, and even stronger than, that of real
propaganda messages. Thus, this research illustrates that the persuasiveness of Al
extends into socially significant domains with a high potential for manipulation. The
study of Bai et al. (2025) also supports Al persuasiveness and suggests that the
perception of human and synthetic texts is not uniform. The authors demonstrated that
Al-generated texts produce real attitude change on public policy issues and were
generally comparable to human-written texts in their level of persuasiveness, however,
the mechanisms of influence differed: human messages were more often perceived as
original and personal, while Al-generated messages were perceived as more logical,
factual, and neutral (Bai et al., 2025). These findings imply that Al persuasiveness
should be investigated along with the specific cues that may increase its impact, such as
perceived logic, neutrality, factuality, and originality.

Al-generated content that resonates with specific backgrounds and demographics
produces a more pronounced effect. As Matz and colleagues (2024) demonstrated,
ChatGPT-generated messages consistently exert more persuasive influence across
domains that included marketing of consumer products and climate action appeals when
the messages are adapted to the psychological profile of the recipient. Salvi et al. (2025)
tested the same idea in a controlled live-debate setting. They paired participants with
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either a human or a GPT-4 opponent and tested how persuasive they were rated with and
without access to a participant’s sociodemographic data. In pairs where Al and human
opponents were not equally persuasive, personalised messages from GPT-4 were
perceived as more persuasive 64.4% of the time, with 81.2% relative increase in the
odds of higher post-debate agreement (Salvi et al., 2025). The finding reinforces Matz
and colleagues’ conclusion that the persuasive advantage of an Al source over a human
1s significant when personalisation is involved, and that this effect applies across both
static messages and live interaction.

As much as Al persuasion depends on the perceived qualities of the message and
its alignment with the needs and motivations of an individual, researchers note, it may
be influenced by additional factors. Holbling, Maier, and Feuerriegel (2025) offer a
systematic perspective supporting this claim through their meta-analysis of seven studies
covering 17,422 participants. Across the studies included, LLMs and humans did not
differ significantly in overall persuasive effectiveness, but the studies themselves
showed a substantial heterogeneity (Holbling et al., 2025). In their exploratory analysis,
Holbling and colleagues (2025) found that “differences in LLM model, conversation
design, and domain are important contextual factors in shaping persuasive performance,
and that single-factor tests may understate their influence” (p. 1). These findings, even
though based on a small sample of studies, show that investigations of Al versus human
persuasion should account for the specific conditions that may make AI more or less
persuasive, such as model, interaction format, and topic. The authors also note that
future researchers should consider “samples beyond WEIRD populations, systematic
testing of personalisation and interactivity, and longitudinal, real-world research designs
that capture how persuasion unfolds over time” (Holbling et al., 2025).

However, when exploring Al persuasion, it is equally important to consider the
recipient’s ability to identify the AI source in the first place. Research on source
recognition shows that people mostly ascribe Al authorship using unreliable cues. As
Jakesch et al. (2023) demonstrated, people cannot reliably determine whether a message
was written by a human or an Al model in professional, hospitality, and dating contexts.
They also point out that the cues their study participants relied on to detect human
authorship were misleading and included first-person narration, references to family,
personal life experience, and contractions, yet these features can be successfully imitated
by language models (Jakesch et al., 2023). Chein and colleagues (2024) provide a
similar finding, demonstrating that, on average, participants’ differentiation accuracy
was only slightly above chance, while individuals higher in fluid intelligence identified
Al texts more accurately, those who used social media more often misclassified Al texts
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as human-written, and those who determined Al authorship better were less willing to
share artificial content. Thus, the perception of Al authorship depends on cognitive
resources and digital habits. Whether this recognition gap actually disadvantages
Al-generated content, however, is a separate question. Research on perceived source and
message credibility of Al and humans, by Huschens and colleagues (2023), which used
unlabelled testing in different interface conditions, found no significant variation in
these variables, but noted that artificial texts were more often rated as clearer and more
interesting. Thus, even when audiences are uncertain about authorship, the Al-generated
text can attract more favourable evaluations. Collectively, these findings show that Al
authorship identification is largely heuristic and potentially mistaken and that
Al-generated texts are not penalised and may even be advantaged on certain dimensions
of perceived quality, all of which makes audiences psychologically vulnerable to
manipulation.

A parallel question concerns what happens when authorship is openly disclosed.
The labelling studies show that even a simple indication that a text was produced by a
machine, or a suspicion that it may have been, can change how people perceive the
credibility of the message, the “humanness” of the author, and the overall quality of the
text. Specifically, Altay and Gilardi (2024) found that headlines labelled as Al-generated
were rated lower on perceived accuracy and were less likely to be shared, regardless of
whether the headlines were true or false, or actually human- or Al-produced, and the
impact of an Al label was three times smaller than that of a "false" label. The authors
connect this aversion of Al-generated content to the participants’ expectation of no
human supervision and argue that effective labelling therefore requires transparency
about the degree of human involvement in content creation. Jia and colleagues (2024)
identified the mechanism behind these effects testing news bylines that were specifically
labelled as “written by staff writer,” “written by staff writer with artificial intelligence
(AI) tool,” “written by staff writer with artificial intelligence (Al) assistance,”
by staff writer with artificial intelligence (AI) collaboration,” and “written by artificial
intelligence (AI)”. The researchers report that what predicted readers’ perceptions of

written

source and message credibility was not the Al labelling but readers’ perceived Al
contribution — the extent to which they believed Al had been involved in producing the
article (Jia et al., 2024). When participants attributed greater Al involvement to a piece,
both message credibility and source credibility declined (Jia et al., 2024). Lermann
Henestrosa and Kimmerle (2024) tested the same mechanism through a labelling
manipulation on a GPT-written article that was labelled either as Al-written or as
human-written, and discovered that the Al label reduced perceived message credibility
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along with perceived source credibility, perceived anthropomorphism, and perceived
intelligence of the author (Lermann Henestrosa & Kimmerle, 2024). The labelling
literature, therefore, identifies a real but conditional effect that depends on how readers
perceive the label, and this conditionality has consequences beyond credibility
judgments.

It 1s worth noting that according to McPhedran, Silk, and Ecker (2025), effective
interventions that reduce susceptibility to Al-generated misinformation include
pre-emptive source discreditation (warning audiences in advance that a particular source
is unreliable) and debunking (correcting the false claim after exposure), the former
depends on the recipient first recognising the Al source or correctly understanding the
meaning of the label. If neither is satisfied, this suggests the corrective intervention
cannot do the work it is intended to do. Therefore, it is imperative to investigate how
readers perceive Al authorship and to understand which textual, contextual, and
individual factors influence their perception of the Al contribution.

Taken together, empirical evidence indicates that Al messages, in particular when
personalised, already match and exceed the persuasiveness of human-written ones in
many contexts (Holbling et al., 2025; Spitale et al., 2023; Bai et al., 2025; Goldstein et
al., 2024; Matz et al., 2024; Salvi et al., 2025), however, people cannot reliably identify
artificial authorship and rely on superficial, inaccurate heuristics (Jakesch et al., 2023;
Chein et al., 2024; Huschens et al., 2023). Labelling effects reduce source and message
credibility, but depend on perceived level of Al assistance, and the same recognition gap
that conditions label effects also limits the possibilities to implement corrective
interventions for Al misinformation countering (Altay & Gilardi, 2024; Lermann
Henestrosa & Kimmerle, 2024; Jia et al., 2024; McPhedran et al., 2025). Future research
should hence examine how individuals infer Al involvement when authorship is not
disclosed and extend to samples and contexts that remain underrepresented in the
existing literature.

1.4. Ukrainian Young Adults as an Audience

The analysis of persuasion is impossible without considering the specific
characteristics of the audience as the information recipients. Ukrainian youth have a
variety of different qualities as a social and demographic group that may affect their
information processing, trust information, and finally determine the evaluation of digital
content. These characteristics include age, digital socialisation, emotional state, war
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context, and patterns of interaction with technology. As such, these factors are central to
understanding how this group forms judgments about information online.

Firstly, prolonged war, information overload, and constant stress serve a distinct
and critical context in which Ukrainians live and interact with information. Polyvianaia
et al. (2025) provide evidence of elevated rates of PTSD symptoms among Ukrainian
university students, experienced by 48.1% of respondents, while moderate-to-severe
anxiety, depression, and insomnia affected 34.1%, 33.6%, and 19.3%, respectively. The
authors also noted greater social media use among the predictors of higher depression
scores (Polyvianaia et al., 2025). According to Gradus Research (2024), adults aged 25
to 34 are among the most critical of their own psychological state, reporting elevated
emotional fatigue (46%) and psychological tension (44%). Such conditions may impede
the ability to perform deep information analysis, precisely when the stakes are highest.

The 2022 full-scale invasion also reconfigured how Ukrainian audiences relate to
shared identity, and thus changed the lens through which they evaluate information.
Marukhovska-Kartunova et al. (2025) document a pronounced shift in Ukrainian cultural
self-identification: 84% of Ukrainians stopped engaging with Russian visual media, 71%
with Russian audio media, and identification with Ukrainian cultural identity rose from
56.3% in 2006 to 80.8% in 2023. These developments indicate that contemporary
Ukrainian young adults evaluate information from a position of strengthened national
and cultural self-identification, in which the values information carries are read against a
clearer sense of in-group affiliation. The way this in-group affiliation operates in digital
information environments is documented by Kyrychenko, Brik, van der Linden, and
Roozenbeek (2024). Their analysis of 1.6 million posts from Ukrainian news sources on
Facebook and Twitter indicates that after the full-scale invasion, posts expressing
in-group solidarity were 92% more likely to gain engagement on Facebook and 68% —
on Twitter, while posts expressing out-group hostility had only a 1% effect. For the
present study, the implication is that emotionally-charged content reaches Ukrainian
audiences through a psychological architecture that is very dependent on ingroup
solidarity, shared values, and collective identity.

It is also important to acknowledge that the age-related characteristics and digital
habits of young people influence the way they process information. Prensky (2001,
2010) contended that later generations raised in a digitalised environment (the so-called
“digital natives”) think differently from earlier ones (“digital immigrants”): they are
inclined to process visual and fragmented messages more rapidly, prefer short and
dynamic forms of presentation, and are oriented towards interactivity and immediate
feedback. Benini and Murray (2014) challenge the dichotomy of digital natives and
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digital immigrants proposed by Prensky (2001), arguing that while generations differ in
how they engage with technology, they also share similarities that are “mainly based on
how much experience people have with the tools” (p. 80). Thus, whether by generation
or by accumulated use, young people’s digital habits form in a dense, fast-moving
environment and condition how they evaluate information they encounter.

Digital socialisation occupies a particular place among the factors that shape
information perception in this group. Ukrainians aged 18 to 35 are characterised by a
high level of digital competence and active use of online platforms as their main sources
of information. Internews’ (2023) digital media usage statistic shows that 97% of
surveyed Ukrainians aged 18-35 are tracking daily news and reading texts exclusively
through mobile devices. Surveys on media literacy show that a large part of young
people consume socio-political content largely through social networks and messengers,
with Telegram (54%) and YouTube (39%) emerging as leaders (MediaSapiens, 2026).
Gradus Research (2023) further emphasises that wartime stressors have turned the vast
majority of young Ukrainians into “news-addicted” actors who rely primarily on
horizontal peer-to-peer applications and messengers (such as Telegram). It should be
noted that the information presented in such platforms often comes unattributed or from
anonymous sources, raising the potential for the spread of manipulative narratives.

As the present study concerns manipulative information generated with artificial
intelligence, it i1s necessary to mention that Al use among Ukrainian young adults is
substantial and growing. According to the Ministry of Digital Transformation of Ukraine
(2026), 42% of adults and 70% of adolescents in Ukraine use Al tools, with younger
cohorts driving the adoption. As noted by Yavorskyi (2025), trust in Al tends to be
relatively high among young people because digital tools are integrated into their daily
lives. These digital habits may translate into a more favourable disposition toward Al
and the information it produces. However, MediaSapiens (2026) reports that 43% of
respondents do not trust Google descriptions and reviews if they were created by Al,
46% believe that Al can create and spread distorted information, and 70% insist that
media producers should label content created with the help of artificial agents. Thus,
there 1s a widespread awareness of Al’s role in content creation among Ukrainian youth,
alongside demand for transparency about Al involvement.

A critical attitude toward Al and digital sources deserves particular attention,
especially in the context of widespread disinformation and manipulative content.
Halpern (2014) defines critical thinking as the ability to consciously analyse
information, identify logical errors, evaluate the credibility of sources, and make
well-grounded decisions. Ukrainian young adults demonstrate high levels of critical
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thinking. Internews’ (2023) reports that 72% of surveyed Ukrainians aged 18-35
manifest high internal confidence in their ability to distinguish truthful text from
unreliable or manipulated narratives. According to the Detector Media’s (2026) media
literacy index, a majority of Ukrainian audiences regard disinformation as a significant
problem, are aware of and employ specific strategies to detect it, which include checking
source references and looking for corroborating evidence. This critical involvement may
partly explain the scepticism and precision with which this audience evaluates
Al-generated and human-written texts. Additionally, Kolodiichuk (2025) notes that
disinformation, cognitive influence, and the integration of artificial intelligence in media
production as the central pressures on how Ukrainians perceive information and that
these pressures play a particular role in the formation of trust in media under
hybrid-warfare conditions. For the present study, the implication is that Ukrainians as an
audience are already highly attuned to cognitive influence as a security concern, and the
strategies they use to evaluate information independently of this adjustment.

This combination of high digital literacy, paired with increasing engagement with
Al tools, and a wartime reality creates the specific social and informational context of
Ukrainian young adults as an audience. They consume news rapidly, primarily on
mobile devices and through peer-to-peer messengers where source attribution is often
absent (Internews, 2023; MediaSapiens, 2026; Gradus Research, 2023). Engagement
with Al tools is widespread yet coexists with explicit scepticism (MediaSapiens, 2026).
Strengthened national and cultural self-identification makes this audience judge
information based on a strong sense of in-group affiliation (Marukhovska-Kartunova et
al., 2025; Kyrychenko et al., 2024). The self-reported misinformation awareness and
ability to recognise manipulative content are high among Ukrainian youth (Internews,
2023). However, studies done to-date confirm increases in PTSD, anxiety and emotional
fatigue, which may diminish the amount of cognitive resources available to engage in
deep analysis of information (Polyvianaia et al., 2025; Gradus Research, 2024). Based
on these characteristics of Ukrainian young adults, it is appropriate to view this audience
as individuals who are experiencing a unique type of digital socialisation, but also a high
level of cognitive load due to the ongoing war, and express strong in-group solidarity
and high misinformation awareness, all of which affects their patterns of information
processing.
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Conclusion to Chapter 1

The theoretical analysis conducted in this chapter allows us to conclude that
persuasiveness 1s a complex and multidimensional psychological phenomenon. It cannot
be reduced only to the formal logic of a message or to the objective “strength” of
argumentation. Rather, persuasiveness is formed through the interaction between the
content of a message, the way it is presented, the characteristics of the information
source, and the individual psychological features of the recipient (Hovland & Weiss,
1951; Petty & Cacioppo, 1986; Eagly & Chaiken, 1993). The analysis concluded that
persuasion may occur through two main routes. The first and the central route, which
involves processing content analytically, and the second peripheral route, which relies on
heuristics and surface-level cues, as described in the Elaboration Likelihood Model and
the Heuristic-Systematic Model (Petty & Cacioppo, 1986; Eagly & Chaiken, 1993).

The perception of the information source is one of the key factors in the formation
of persuasiveness, and Human-Machine Communication scholarship extends this
vocabulary to artificial sources. The Computers as Social Actors paradigm and the
MAIN model establish that audiences treat Al systems as social communicators and
apply attributional reasoning to them comparable to that applied to human sources,
though shaped by specific dispositions toward technology, including the machine
heuristic, algorithmic appreciation, and algorithm aversion (Reeves & Nass, 1996;
Sundar, 2008; Sundar & Kim, 2019; Logg, Minson, & Moore, 2019; Lee & See, 2004).
As a result, recipients’ evaluation of Al texts depends on the perceived qualities of the
source as much as on the qualities of the message.

Empirical studies on the persuasiveness of Al-generated texts show that large
language models are capable of creating messages whose persuasiveness is comparable
to, and in some cases even higher than, that of human-written texts, especially under
conditions of personalisation (Holbling et al., 2025; Spitale et al., 2023; Matz et al.,
2024; Salvi et al., 2025). At the same time, people are often unable to reliably identify
artificial authorship and tend to rely on inaccurate cues that vary across individuals
(Jakesch et al., 2023; Chein et al., 2024). The mere labelling of a text as Al-generated
does not necessarily reduce its persuasive effect, but operates through the perceived Al
contribution it implies — a recognition gap that also constrains the reach of corrective
interventions against Al-generated misinformation (Altay & Gilardi, 2024; Jia et al.,
2024; Lermann Henestrosa & Kimmerle, 2024; McPhedran, Silk, & Ecker, 2025).

Ukrainian youth, as the target audience of the present study, is characterised by a
combination of high digital involvement, developed critical thinking, and high wartime
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stress (Polyvianaia et al.,, 2025; Gradus Research, 2024; MediaSapiens, 2026;
Kolodiichuk, 2025). At the same time, strong digital competence, a strengthened sense
of in-group affiliation, widespread Al use coexisting with scepticism, and high
disinformation = awareness create  conditions for a more differentiated
information-evaluation practice (Kyrychenko et al., 2024; Marukhovska-Kartunova et
al., 2025; Gradus Research, 2023; Internews, 2023). There are no studies that directly
examine how Ukrainian young adults perceive information created by Al, and
specifically how young Ukrainian readers detect the involvement of Al in texts that are
not labelled as Al-generated.

Research Framework

The study is built around a set of constructs, which must be explained before they
can be measured. The central concepts are persuasiveness, source credibility, and
perceived authorship. There is also a group of supporting constructs that specify the
conditions under which the central constructs operate: attitudes toward artificial
intelligence, prior topic stance, and the affective evaluations of the texts. Each construct
is defined below, based on the reviewed literature.

The central concept of this study is persuasiveness, interpreted as a psychological
effect that emerges through the interaction between the message content, the qualities of
its source, and the individual characteristics of the recipient (Hovland et al., 1953). It is
also understood as the perceived capacity of a message to influence the reader’s attitudes
and judgments, rather than as an objective property of the text. This follows the tradition
that treats persuasion as a process in which a communicator seeks to change the reader’s
attitude or behaviour through a message received under conditions of free choice
(Perloff, 2003), and in which the effect depends on the reader’s attention to,
comprehension, and acceptance of that message (Hovland et al., 1953). Defining
persuasiveness as perceived rather than actual influence is the decision that organises the
whole study: it locates the phenomenon in the reader’s evaluation, which allows the
same text to be more or less persuasive depending on how its source is construed.

Source credibility is regarded as the reader’s perception of the communicator’s
competence and trustworthiness, the two classical dimensions established in the Yale
tradition (Hovland & Weiss, 1951) and confirmed in later syntheses (Pornpitakpan,
2004). The construct is deliberately kept perceptual: it concerns how qualified and
well-intentioned the source of information appears to the reader, not reflecting any
verifiable expertise of the actual author. This definition links credibility to
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persuasiveness, because a source that is judged as competent and honest strengthens its
message independently of the message’s content.

Perceived authorship is the reader’s belief about who produced a text, whether it
1s human or artificial, without any explicit labelling. This construct is treated as
conceptually distinct from the text’s true source, due to the reviewed literature showing
that readers cannot reliably tell machine-written from human-written text (Jakesch et al.,
2023). As a result, the believed source and the actual source can diverge, which is one of
this study’s core conceptual approaches. Whereas source credibility theory describes
how a known source is perceived, the present work focuses on how an unknown source
is inferred. It is the inferred, attributed authorship, not the true one, that is expected to
shape evaluation. The approach is based on two frameworks. The first one is the
source-monitoring framework (Johnson et al., 1993), which describes that people
attribute information through judgment processes that are open to error. The second one
comprises the CASA framework (Reeves & Nass, 1996) by which an algorithm is
considered a social actor or quasi-agent capable of triggering social responses through
communication (Gambino et al.,, 2020). Empirical findings also suggest that
Al-generated texts can demonstrate a level of persuasiveness comparable to, or even
higher than, human-written texts (Spitale et al., 2023; Bai et al., 2025).

Attitudes toward artificial intelligence are conceptualised as a relatively stable
evaluative orientation toward Al as a class of technology (Schepman & Rodway, 2020),
here separated into positive and negative dimensions. Treating the two dimensions as
distinct is a deliberate choice because an individual may hold both favourable and wary
views at once, and the two may relate differently to how messages attributed to Al are
perceived. This idea is anchored in two phenomena that may influence how the message
is ultimately interpreted by the reader: the machine heuristic, or algorithm appreciation
(Sundar & Kim, 2019; Logg et al., 2019), by which machine is seen as more objective,
and, conversely, algorithm aversion, by which people are less forgiving toward
algorithms and prefer human judgement (Dietvorst et al., 2015; Burton et al., 2020).

The prior attitude toward a topic is defined as the reader’s baseline agreement
with the topic statement measured before exposure to the text on that topic. This follows
the premise that a message is evaluated relative to the reader’s existing position (Sherif
& Hovland, 1961; Eagly & Chaiken, 1993), and is included to separate the source effects
from the effect of existing disposition toward the topic.

Finally, the affective evaluations, the valence and arousal a text evokes, its
perceived controversy, and the internal resistance it provokes, are conceptualised as the
reader’s immediate responses to the text. These affective appraisals are based on the
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view that persuasion combines careful, content-focused processing with faster,
cue-driven processing (Petty & Cacioppo, 1986; Chaiken, 1980), and they capture the
peripheral, experiential side of that process. Resistance, in particular, is defined as the
friction or push-back that a reader may experience while processing a message.
Resistance, as one of the affective appraisals of reading, is of special interest to this
study as a cue to how a reader can potentially determine the authorship of the text.

The true source of the text, as human or artificial, functions as the main
independent variable (X) in this study and is examined alongside the perceived source, a
predictor rather than an independent variable, since it is not manipulated in the present
study. Reported persuasiveness and credibility evaluations measured following exposure
to the texts are treated as the dependent variables (Y). In addition to the main variables,
the study includes two moderators that specify the conditions under which the
relationship between X and Y may change. The first moderator is the participant’s prior
stance toward the given topic, which allows for taking into account the possible
influence of the topic itself on the evaluation of the text. The second moderator is the
participant’s attitude toward artificial intelligence, understood as a relatively stable
psychological orientation toward Al technologies, measured using the positive and
negative subscales of the GAAIS scale (Schepman & Rodway, 2020).

The theoretical foundation of the study is formed by two interconnected reasoning
models. The first concerns the main effect of the source on persuasiveness (Hovland &
Weiss, 1951). The second line of reasoning describes the conditions under which the
main effect may become weaker or stronger. According to the Elaboration Likelihood
Model (Petty & Cacioppo, 1986) and the Heuristic-Systematic Model (Chaiken, 1980),
the depth of cognitive processing determines the extent to which a recipient relies on
heuristics rather than on the objective logical evaluations of text content. Participants
who may suspect the text was Al-generated may be more critical about the message and
rate it as less persuasive. At the same time, general attitudes toward Al may function as
an implicit prior orientation: a positive attitude may strengthen the machine heuristic and
increase receptiveness to Al-generated arguments, while a negative attitude may reduce
their persuasiveness regardless of the substantive quality of the text.

This framework thus combines confirmatory and exploratory research design and
allows for the formulation of the following hypotheses.

Hypothesis 1a.

HO: There is no statistically significant difference between the persuasiveness ratings of
texts created by Al and those written by human authors.
HA: Al-generated texts will be rated as more persuasive than human-written texts.
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Hypothesis 1b.
HO: There is no statistically significant difference in the credibility ratings between the
texts created by Al and those written by human authors.
HA: Al-authored texts will get higher credibility ratings than human-written ones.
Hypothesis 2a.
HO: There is no statistically significant difference in the persuasiveness ratings between
the texts believed to be Al-authored and those believed to be human-authored.
HA: Texts believed to be Al-authored will be rated as less persuasive than those
believed to be human-authored.
Hypothesis 2b.
HO: There is no statistically significant difference in the credibility ratings between the
texts believed to be Al-authored and those believed to be human-authored.
HA: Texts believed to be Al-authored will get lower credibility ratings than those
believed to be human-authored.
Hypothesis 3.
HO: The authorship assumption of the respondent does not change the relationship
between the actual source of the text and its persuasiveness rating.
HA: The effect of the actual source on persuasiveness is moderated by the perceived
(attributed) source (expecting lowest persuasiveness when the actual Al is guessed Al).
Hypothesis 4.
HO: Baseline topic stance of the respondent does not change the relationship between the
perceived source of the text and its persuasiveness rating.
HA: The effect of attributed source on persuasiveness is moderated by the respondent’s
baseline topic stance.
Hypothesis Sa.
HO: Negative attitudes toward AI, measured by the GAAIS subscale, will have no
statistically significant moderating effect on the relationship between the perceived
source of the text and its persuasiveness.
HA: The effect of perceived (attributed) authorship on persuasiveness is moderated by
negative Al attitudes.
Hypothesis 5b.
HO: Positive attitudes toward Al, measured by the GAAIS subscale, will have no
statistically significant moderating effect on the relationship between the perceived
source of the text and its persuasiveness.
HA: The effect of perceived (attributed) authorship on persuasiveness is moderated by
positive Al attitudes.
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Hypothesis 6 (exploratory).

HO: There is no statistically significant relationship between the participants’ affective
evaluations and the likelihood of attributing authorship to Al.

HA: Specific affective evaluations (e.g., high internal resistance) predict the likelihood
of attributing authorship to Al.

The hypotheses thus operationalise the research question along three
complementary lines, illustrated in Figure 1 below: the relationship between the actual
source and perceived persuasiveness (Hypotheses 1a, 1b), the effect of perceived source
(Hypotheses 2a, 2b), and the conditions under which the effects may strengthen or
weaken (Hypotheses 3, 4, 5a, 5b). Hypothesis 6 adds an exploratory dimension by
asking whether participants’ affective appraisals predict how they attribute authorship, a
question motivated by the recognition gap identified in the literature.

Figure 1. Expected Relationship within the Present Research Framework
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CHAPTER 2.
EMPIRICAL STUDY OF THE PERCEIVED PERSUASIVENESS OF
AI-GENERATED AND HUMAN-WRITTEN TEXTS

2.1. Organisation and Methodology of the Study

The empirical study was organised to identify the factors that influence how
people evaluate the persuasiveness of non-labelled texts of different authorship,
specifically texts generated by artificial intelligence and texts written by human authors.
It is important to note that the study is focused not on recording participants’ opinions,
but rather aimed at examining the psychological markers in their judgements about
information and its source.

This research relied on a combination of quantitative and qualitative methods, as
the use of both gives a more complete picture of the different factors that might
influence how individuals evaluate texts of different authorship. This choice follows
from the research question: whether persuasiveness and credibility ratings differ by
source is a matter of comparison and degree, best answered quantitatively; what cues
individuals rely on when they decide who wrote a text is rather about meaning, better
answered by analysing the explanations readers give in their own words.

The experimental survey employed a within- and between-participant design
structure. Each participant read and rated four argumentative texts, one for each of four
topics. Since every participant read and rated four argumentative texts, one for each of
four topics, the topics varied within participants and since texts per topic existed in two
versions, one human-written and one Al-generated, of which a participant saw only one,
the two versions of any single topic were compared between participants. True source,
therefore, could vary within each participant across topics, as well as between
participants for a given topic. The arrangement holds the topic constant while sources
are compared, and it also lowers cognitive fatigue and removes the cue that seeing two
versions of the same text side by side would have created, which was not intended in the
present study. The strength of this design lies in the experimental control over the source
variable, along with the opportunity to study individual differences in how texts are read.
Its main limitation is that perceived authorship, unlike true source, was measured rather
than manipulated, so any effect that runs through the reader’s belief about the author is
correlational and cannot establish direction on its own. The small stimulus set, four texts
per participant, is a further constraint, since it leaves the statistical models with little
text-level variation.
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Participants and sampling

The target population of the study consisted of Ukrainian young adults who have
permanently resided in Ukraine for at least the past five years. This group is most
relevant for the present research as it is characterised by high digital involvement,
frequent interaction with Al tools, active participation in socially significant online
discussions and prolonged exposure to both the direct and informational effects of the
war. Inclusion criteria were age between 18 and 35 years, granted informed consent, and
permanent residence in Ukraine. Participants of non-target age, permanently residing
outside of Ukraine, those who did not provide informed consent to take part or who
incorrectly filled out the attention check item, were excluded from the final sample.
Recruitment procedures were based on convenience sampling and the snowball method.
The survey was distributed on social networks, including Instagram, LinkedIn, and
Facebook, and administered in one offline session with the first-year law students at the
Kyiv School of Economics. After the exclusions, the final sample comprised 123
participants, who together produced 492 text-level evaluations, four per person.

Stimulus materials

The stimuli were eight short argumentative texts arranged as four thematic pairs,
with one human-written and one Al-generated text in each pair. The human texts
(Appendix A) were prepared by members of the Ukrainian youth NGO “Ukrainian
Debate Federation” upon the author’s request to produce short texts (around 150 words)
in support of the provided statements, with the requirement of no Al usage for text
creation. The Al-generated texts (Appendix B) were produced with the large language
model GPT-5.3 Instant using zero-shot prompting, with a fresh incognito session opened
for each text so that no generation could influence another. The standardized prompt
formulation was as follows: “Hanumm aprymeHTaTUBHUN TEKCT YKPATHCHKOIO MOBOIO Ha
HIATPUMKY Te3u, ane He mnoBTopton 1i: {Teza}. O6car 120-160 cmiB” [“Write an
argumentative text in Ukrainian in support of the thesis, but do not repeat it: {Thesis
statement}. Length: 120-160 words”; author’s translation]. The human texts were of
comparable argumentative length, and all eight stimuli were then matched at roughly
150-200 words; human texts were lightly edited to remove only the most obvious errors.
Source was set at the level of the individual text and was never shown to participants, so
authorship always had to be inferred rather than read from a label. The four topics were
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chosen to be controversial and socially significant for Ukrainian youth, each
representing a wartime-relevant environmental dilemma:

1. After shelling, it is necessary to first test and decontaminate the soil and water
to remove hazardous substances, and only then rebuild infrastructure — even if this
significantly delays restoring electricity and heating to households.

2. Ukraine should demand environmental reparations as a distinct category of
compensation, even if doing so complicates or prolongs peace negotiations.

3. We must abandon the construction of fortifications on certain sections of the
frontline and border to preserve soils and ecosystems, even if it complicates defence.

4. The state should introduce a high pollution levy for the use of generators in
cities, even if this will make some small businesses unprofitable and force families to cut
back on basic necessities during blackouts.

Data collection and procedure
Data was collected from March through May 2026 with an online survey
(Appendix C) administered on Google Forms. This platform was selected for
participation accessibility and convenience for the target group, and provided a

standardised delivery of stimulus texts. Figure 2 below illustrates the survey sequence.

Figure 2. Survey scheme

f General Attitudes
Informed consent toward Al (GAAIS)

[ <4 | *
r
Social-demographic Baseline topic stance Randomization Text evaluation Au_morsmp guess
block measurement [with topic referent)
MNote. Arrows show the order of steps. The framed block is completed once for each of the four topics (* 4); on each topic

GAAIS = General Attitudes towards Artificial Intelligence Scale (Schepman & Rodway, 2020)

Participants first read the informed-consent form (Appendix D) and passed the
inclusion criteria, then completed the demographic block. For each text in turn, they
rated their agreement with the topic and how important they found it, read the
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argumentative text, and completed the evaluation items about it. The text versions for
each topic were randomised through two-option short filler questions between the text
blocks, including season of birth, favourite colour, preferred kind of leisure, and the time
of day a person feels most productive. The first of the two response options led to the
human-written text version, while the second one — to the Al-generated text. In addition
to serving as randomisation items, these questions reduced order effects, monotony, and
fatigue, and partly masked the survey logic. While reading, participants were given no
information about the text source. Only after all four texts had been read, a separate
block asked who they thought had written each text, how confident they were about their
guesses, and which text characteristics led them to that conclusion (open questions);
lastly, participants reported how often they use Al tools and completed the GAAIS.

Measures

Independent variables. The principal independent variable was the true source of
each text, a binary distinction between human-written and Al-generated ones. The
second principal variable, perceived authorship, is best understood as a predictor since it
was observed and measured, not manipulated. It recorded each participant’s guess about
who wrote a given text (human, Al or unsure) and was collected only after reading all
four texts. The study treats the participants’ source guess as separate from the true
source, and it plays two roles: predictor in the main hypotheses and outcome in the
exploratory analysis.

Dependent variables. Persuasiveness index was the mean of three items that
measured whether the text was persuasive, whether its argumentation was strong, and
whether the reader felt more inclined to change their opinion after reading it, on the
original 1-5 scale. Source credibility was the mean of two items matching its classical
dimensions: expertise (perceived field expertise of the author) and trustworthiness
(perceived honesty and sincerity of the author).

Moderators and covariates. Attitudes toward Al, moderator in H5, were measured
with the General Attitudes towards Artificial Intelligence Scale (GAAIS; Schepman &
Rodway, 2020), translated into Ukrainian by the author (Appendix C.1, survey Block 7).
The scale contained one attention check question and twenty main items, scored as
separate positive and negative subscale means. For the purposes of this study, the
negative subscale was not reversed during data encoding to reflect specifically negative
attitudes. The prior topic stance represented a single agreement rating with each of the
four topics given before each text, serving as a covariate to separate the source effect
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from the effect of the topic itself, and as a moderator in H4. Demographic and control
variables included age, sex, education, field of study or work, Al usage frequency, and
interest in the environmental consequences of the war in Ukraine, all collected in a
separate block.

Affective evaluations. Four variables measured the emotional experiences of the
participants on a 1-5 Likert scale: emotional valence (pleasant or positive emotions),
arousal (tension or anxiety), perceived controversy of the text, and internal resistance to
the text. These evaluations separate the affective and the rational components of the
response and serve as predictors for the exploratory model in H6.

The Appendix E table lists the full operationalisation of the main study variables.

Ethical considerations

The study design and methodology obtained official approval from the Ethics
Committee of the National Psychological Association of Ukraine, Minutes No. 5/26.
During the study, all ethical principles were followed. Participants were guaranteed
voluntary participation, anonymity, confidentiality, and the right to withdraw at any time
without any consequences. The survey form did not collect names or other direct
identifiers, and the data was stored in an anonymous form.

The design involved a limited and necessary element of deception, since
participants were not told the true authorship of the texts. Doing so would have
influenced their evaluations directly and made it impossible to study how participants
make their own judgements about authorship. To offset this, each participant received a
debriefing at the end that explained the study’s true aim and offered the option to
withdraw their data. Other foreseeable risks of the study were minor and included
fatigue from repeated reading and possible discomfort from exposure to socially
significant and potentially sensitive topics. However, these risks were minimised
through anonymous format, informed consent, and the right to withdraw at any moment.

2.2. Sample Profile and Descriptive Analysis of Stimulus Text Evaluation

This section describes the sample of the present study and the distribution of the
main examined variables across topics, true sources and authorship guesses, and reports
the reliability of the measurement instruments. In total, 162 respondents completed the
survey. To ensure that the data met the study criteria, preliminary filtering excluded
non-eligible participants by age, successful completion of the attention check, and
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residence in Ukraine, leaving a final sample of N=123. Each participant read and
evaluated four texts, randomly assigned within participants as human- or Al-authored, so
the perception variables are organised at the level of the 492 text evaluations. All
descriptive and reliability analyses were conducted in R (tidyverse and psych packages).

Sample characteristics

Table 1 sets out the sociodemographic profile of the sample. The mean age of
respondents was 25.6 years (SD=5.3) and spanned the full eligible range (18 to 35
years). The sample was predominantly female, with 85 respondents (69.1%) identifying
as such, 36 (29.3%) as male, and 2 (1.6%) selecting “other” or declining to answer.

Table 1
Distribution of respondents by sex
Sex n %
Female 85 69.1%
Male 36 29.3%
Other / not specified 2 1.6%
Total 123 100%

Source: own research data.

As presented in Table 2, nearly half of respondents held a master’s degree
(45.5%), followed by a bachelor’s degree (23.6%) and secondary education (28, 22.8%).
The share of respondents reporting vocational or postgraduate qualifications was
relatively small. Yet, taking together the holders of a bachelor’s degree or above made

up roughly 70.7% of the sample.

Table 2
Distribution of respondents by education level

Level n %

Secondary 28 22.8%
Vocational (technical school, college) 8 6.5%
Bachelor’s degree 29 23.6%
Master’s degree 56 45.5%
Postgraduate (PhD) 1 0.8%
Holds an academic degree 1 0.8%

Source: own research data.



34

The distribution of occupational and study fields (Table 3) was led by information
technology (30.9%) and by civil service, law, defence, and security (17.1%), followed
by the social and healthcare domains (12.2%), with the remainder dispersed across
business, education, public sector, and creative fields.

Table 3
Fields of occupation or study of respondents
Field n %
Natural sciences and ecology 1 0.8 %
Education and science 10 8.1%
IT and technology 38 30.9 %
Business, entrepreneurship, finance, and management 10 8.1%
Manufacturing, agricultural sector, transport, and logistics 5 4.1 %
Civil service, law, defence, and security 21 17.1 %
Public sector 10 8.1%
Social sphere, medicine, and healthcare 15 12.2 %
Culture, media, and creative industries 7 5.7 %
Other field 6 4.9 %

Source: own research data.

Most participants also regularly engaged with artificial intelligence instruments,
as shown in Table 4, with 45.5% reported using Al tools every day and 38.2% — several
times a week, so that more than four in five were at least weekly users, and only 4
participants in total had never used such tools.

Table 4
Frequency of Al tools usage among participants
Frequency n %
Never used 4 3.3%
Rarely (several times a month) 16 13.0%
Several times a week 47 38.2%
Every day 56 45.5%

Source: own research data.

Interest in the main topic of the study, the environmental consequences of the war,
used across all texts, was rather evenly distributed among the respondents (Table 5).
32.0% gave an indecisive “difficult to say” answer, with comparable proportions
expressing some degree of interest (37.7%) and disinterest (30.3%).
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Table 5

Reported interest in the environmental consequences of the war

Response option n %
Not interested at all 12 9.8%
Rather not interested 25 20.5%
Difficult to say 39 32.0%
Rather interested 31 25.4%
Very interested 15 12.3%

Source: own research data.

Text perception across topics

Table 6 reports text evaluation variables separately for the four topics (t1 to t4),
where a single version of the stimulus texts was rated by all 123 participants, and shows
that the stimuli fell into two clusters defined by their subject matter rather than by the

source manipulation.

Table 6
Means and standard deviations of the text evaluations, by topic

Variable t1 2 3 t4

Prior attitude 2.96 (1.29) 3.46 (1.35) 1.47 (0.85) 1.80 (0.99)
Importance 3.85(1.04) 3.93 (1.10) 3.20 (1.42) 3.08 (1.38)
Controversy 2.80(1.33) 2.11 (1.22) 3.80 (1.30) 3.91(1.23)
Resistance 2.17 (1.25) 1.93 (1.13) 3.59 (1.31) 3.44 (1.28)
Change of mind 2.65(1.32) 2.13 (1.14) 2.07 (1.17) 2.18 (1.13)
Persuasiveness 3.59 (1.21) 3.69 (1.22) 2.41(1.29) 2.53 (1.28)
Argument strength 3.37(1.19) 3.50 (1.24) 2.53(1.27) 2.64 (1.34)
Expertise 3.04 (1.13) 3.24 (1.22) 2.57(1.29) 2.59(1.23)
Trustworthiness 3.58 (1.08) 3.72 (0.97) 3.16 (1.15) 3.15(1.15)
Valence 2.63 (1.18) 2.54 (1.14) 1.95 (1.00) 1.88 (0.93)
Arousal 2.21(1.17) 2.14 (1.22) 2.94 (1.31) 2.63 (1.28)
Fact-check intention 3.56 (1.36) 2.87 (1.45) 3.41 (1.46) 3.24 (1.47)
Persuasiveness index (composite) 3.20 (0.97) 3.11 (0.87) 2.34 (1.14) 2.45 (1.13)
Credibility index (composite) 3.31(0.98) 3.48 (0.94) 2.87 (1.06) 2.87 (1.06)

Note: Entries are M (SD) on the original response scales; n=123 for every text. The persuasiveness and
credibility indices are composite scores. Source: own research data.
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For the first two topics, respondents held comparatively favourable prior attitudes
(M=2.96 and 3.46) and viewed them as relatively acceptable (controversy M=2.80 and
2.11); they provoked little resistance during reading (M=2.17 and 1.93) and had the
highest ratings of persuasiveness indices (3.20 and 3.11) and credibility indices (3.31
and 3.48). The remaining two topics turned out far more conflicting: participants
expressed substantially less favourable prior attitudes (M=1.47 and 1.80), high perceived
controversy (M=3.80 and 3.91), and strongest resistance (M = 3.59 and 3.44), so that
composite persuasiveness (M=2.34 and 2.45) and credibility (both M=2.87) fell in step.

Perceived importance varied little across the four topics set (M=3.08 to 3.93), and
reported intentions to fact-check the presented information remained moderate (M=2.87
to 3.56). However, the affective appraisals illustrate reinforced topic division: emotional
valence was lower for topics 3 and 4 (M=1.95 and 1.88) than for the first two (M=2.63
and 2.54), whereas arousal ran in the opposite direction, peaking for the most contested
topic (M=2.94). These results suggest that participants’ prior attitudes toward a topic
were associated with how controversial they perceived it to be and how much resistance
they experienced while reading, which together contributed to more positive or negative
evaluations of the texts.

Text ratings by true and perceived source

Table 7 reorganises the same evaluations by the true text source across all topics;
the 492 evaluations comprised 213 of human-written and 279 of Al-generated texts.

Prior attitude and importance are omitted here because they preceded the texts and
do not depend on their source. The genuinely Al-produced texts attracted slightly more
favourable evaluations than the human-authored ones on most dimensions. They were
rated marginally higher in composite persuasiveness (M=2.87 vs. 2.65) and credibility
(M=3.27 vs. 2.96), as well as some of the underlying judgements (persuasiveness,
argument strength, expertise, and trustworthiness). Human-authored texts, by contrast,
were rated somewhat more controversial (M=3.35 vs. 3.01) and elicited higher
fact-checking intentions (M=3.51 vs. 3.09). Emotional reactions and the reported
willingness to change one’s mind, by contrast, were almost identical across the two
sources (valence M=2.23 vs. 2.27; change-of-mind M=2.28 vs. 2.24). This suggests that
differences associated with the true source could be limited mainly to credibility,
however, since the observed gaps are small relative to the standard deviations, they are
best read as descriptive tendencies, leaving the examination of statistical effect reliability
to the confirmatory analysis.



37
Table 7

Means and standard deviations of the text evaluations, by true source

Variable Human (n=213) Al (n=279)
Controversy 3.35(1.44) 3.01 (1.48)
Resistance 2.86 (1.41) 2.72 (1.47)
Change of mind 2.28 (1.21) 2.24 (1.22)
Persuasiveness 2.86 (1.42) 3.20 (1.33)
Argument strength 2.81 (1.37) 3.17 (1.28)
Expertise 2.66 (1.29) 3.01 (1.20)
Trustworthiness 3.25(1.17) 3.52 (1.06)
Valence 223 (1.15) 2.27 (1.09)
Arousal 2.47 (1.31) 2.49 (1.27)
Fact-check intention 3.51(1.40) 3.09 (1.48)
Persuasiveness index (composite) 2.65 (1.14) 2.87 (1.06)
Credibility index (composite) 2.96 (1.09) 3.27 (0.99)

Note: Entries are M (SD) on the original response scales. Source: own research data.

Table 8 groups the evaluations by the source participants believed had produced
each text, and, unlike in the above comparison, the differences are more pronounced.

Table 8

Means and standard deviations of the text evaluations, by perceived source

Variable Human (n=198) Al (n=154) Difficult to say (n=140)
Controversy 2.92 (1.50) 3.64 (1.29) 2.96 (1.49)
Resistance 241 (1.41) 3.29 (1.36) 2.74 (1.42)
Change of mind 2.37 (1.31) 2.20 (1.14) 2.16 (1.14)
Persuasiveness 3.35(1.36) 2.70 (1.28) 3.01 (1.41)
Argument strength 3.30(1.32) 2.73 (1.22) 2.92 (1.39)
Expertise 3.18 (1.17) 2.55(1.22) 2.74 (1.28)
Trustworthiness 3.59 (1.07) 3.10 (1.08) 3.48 (1.15)
Valence 243 (1.22) 2.06 (0.91) 2.20(1.13)
Arousal 2.38(1.26) 2.73 (1.31) 2.35(1.26)
Fact-check intention 3.24 (1.41) 3.44 (1.45) 3.13 (1.52)
Persuasiveness index (composite) 3.01 (1.09) 2.54 (1.06) 2.70 (1.10)
Credibility index (composite) 3.39 (1.00) 2.82(1.01) 3.11 (1.06)

Note: Entries are M (SD) on the original response scales. Source: own research data.
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Texts attributed to a human author (198 evaluations) received the most favourable
ratings, with a persuasiveness index of 3.01 and a credibility index of 3.39; texts
attributed to Al (154 evaluations) received the least favourable ratings, at 2.54 and 2.82
respectively; and texts that readers could not classify (140 evaluations) fell between the
two (2.70 and 3.11). The same pattern reflected in the individual items: perceived
controversy (M=3.64) and internal resistance (M=3.29) were highest when a text was
taken to be machine-written. Emotional valence was conversely lowest for Al
attributions (M=2.06) and highest for human ones (M=2.43), and reported fact-checking
intentions were greatest when participants believed a text was Al-generated (M=3.44).
The spread across these three perceived source categories is visibly wider than the
spread across the texts’ true sources in Table 7, and this pattern sets the stage for the
central study comparison between what the text source is and what readers take it to be.

Accuracy of source judgements

Complementing the findings above, Table 9 describes how participants assigned
authorship, and identification was poor. Across the 492 evaluations, 183 (37.2%)
correctly identified the source (counted as correct only when the guess matched the true
source), while 169 (34.3%) misidentified it, and 140 instances (28.5%) were recorded as
“difficult to say.”

Table 9
Accuracy of source identification

Correctly identified Actual source n %
Yes Human 96 19.5%

Al 87 17.7%
No Human 67 13.6%

Al 102 20.7%
Difficult to say Human 50 10.2%

Al 90 18.3%

Source: own research data.

Considering only those instances when a definite human or Al judgement was
made, accuracy was about 52%, close to the level expected from guessing. The errors
were asymmetric. Human-authored texts were correctly recognised on 96 occasions but
taken for Al on 67, whereas Al-authored texts were correctly recognised on only 87
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occasions and taken for human on 102; uncertainty, likewise, was more frequent for
Al-authored texts (90 responses) than for human-authored ones (50).

Considering the attributions in their own right (Table 10), participants leaned
towards human authorship, assigning 198 texts (40.2%) to a person, 154 (31.3%) to Al,
and leaving 140 (28.5%) to the uncertain category. Readers were therefore both
inaccurate and biased towards assuming human authorship, and were prone to mistake
the Al-generated texts for human writing.

Table 10
Distribution of authorship attributions by true source

Guess Actual source n %
Human Human 96 19.5%

Al 102 20.7%
Al Human 67 13.6%

Al 87 17.7%
Difficult to say Human 50 10.2%

Al 90 18.3%

Source: own research data.

Measurement instruments reliability

The reliability of the measurement instruments used in this study was satisfactory
throughout, as Table 11 shows.

Table 11
Reliability statistics
Scale Items Cronbach’s a McDonald’s » Spearman—Brown
GAALIS Positive 12 .828 .839 —
GAAIS Negative 8 818 .820 —
Persuasiveness index 3 792 .823 —
Credibility index 2 15 — 718

Note: o=Cronbach’s alpha; ®=McDonald’s omega. For the two-item credibility index, the Spearman—Brown
split-half coefficient is reported. Source: own data.

The two GAAIS subscales were the most reliable: the twelve positive-attitude
items returned a Cronbach’s a of .83 and a McDonald’s o of .84, and the eight
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negative-attitude items had a=.82 and ®=.82. The three-item persuasiveness index was
reliable (0=.79, ®=.82), and the two-item -credibility index, for which the
Spearman-Brown coefficient is reported, reached .72 (0=.72). Item-rest correlations,
provided in Appendix F, supported the composition of each scale: all 25 retained items
correlated with the remainder of their scale above the conventional .30 criterion, and
none was flagged for exclusion. The scales could therefore be aggregated into the
composite scores used in the analyses that follow.

Summary

Taken together, these descriptives frame the analyses that follow. The sample was
young, highly educated, predominantly female, and unusually Al-literate, and the
measurement scales were internally consistent enough to be combined without
reservation. The four texts separated into agreeable and divisive topics, and it was this
topical structure, not the authorship manipulation, that organised the appraisal ratings.
The texts’ true source made only a slight descriptive difference, and in the unexpected
direction of a mild advantage for Al-authored material, whereas the source readers
believed they were reading produced a clearer ordering of both persuasiveness and
credibility. Participants, finally, identified authorship at little better than chance and
erred towards human attribution. These patterns set up the inferential models, which
separate the effect of true from perceived authorship on the two appraisal indices.

2.3. Results of Statistical Modelling

The statistical analyses proceeded in two stages: a confirmatory set of linear
mixed-effects models tested Hypotheses 1 through 5, and an exploratory generalised
linear mixed model addressed Hypothesis 6. All variables, as they appeared in the R
formulas, along with their explanation and role, are provided in Appendix G. All models
were estimated in R (version 4.5.3) using RStudio with the Ime4 and ImerTest packages,
with estimated marginal means and contrasts obtained through emmeans.

The analysis treated two composite outcomes: a persuasiveness index, averaging
the reported readiness to change mind, perceived text persuasiveness, and argument
strength items, and a credibility index, averaging the perceived expertise and
trustworthiness items, both retained on the original 1-to-5 Likert scale. Single-item
Likert variables were treated as interval-level continuous measures. Inspection of
distributions in the analytic sample (Appendix H) showed all six items to be within
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conventional limits for this treatment (|skew| < 2, |excess kurt| < 7), supporting the use of
parametric models (Norman, 2010; de Winter & Dodou, 2010). The prior attitude item
was mean-centred, making the variable mathematically continuous and suited for a
linear model covariate.

Since all participants provided ratings for multiple texts and all texts were rated
by multiple participants, the analysis included crossed random intercepts for both
participants and texts, thus controlling for the dependence resulting from the placement
of both variables in a repeated measures design.

The true source of the ratings was effect coded (human=-0.5, AI=+0.5), perceived
author was entered as a three-level factor (human, Al, and a “Difficult to say” response)
and the mean-centred variable measuring prior attitude toward the topic was included as
a covariate in all confirmatory models.

The estimated marginal means (EMMs) and pairwise contrasts were calculated
with the emmeans package, and Hypotheses 4 and 5 moderation analyses were
conducted via simple-slope contrasts in the same manner. Variance inflation factors for
the interaction models were within acceptable limits, indicating that multicollinearity did
not pose any threat to interaction estimates. Coefficients are reported as unstandardized
fixed-effect estimates (b) with standard errors and 95% confidence intervals; effects on
the attribution outcome are reported as odds ratios (OR).

The diagnostic tests (Appendix I) indicated that mixed models would be fitting to
analyse the data based on the following: none of the eight confirmatory models had a
singular fit; all confirmatory models showed homoscedasticity of residual variances (all
p>.82); the maximum variance inflation factor (VIF) was 2.38 for the interaction term of
the model for H3, which is below the conventional thresholds.

The confirmatory mixed model analyses lead to the conclusion that the mixed
models explained between 7 and 14% of the variance (marginal R?) through fixed effects
and between 42 and 55% of the variance (conditional R?) once the participant and text
intercepts were added in the full models; the modest marginal R?, however, does not
undermine the significant fixed effects. These results indicate that a majority of the
variance explained can be attributed to stable individual differences between the
respondents and not to the factors being tested, yet this pattern is characteristic of
subjective rating data and confirms the appropriateness of the mixed-effects method
used. Additionally, both the credibility and persuasiveness models passed the normality
check (H1b, p=.245; H2b, p=.213); it must be noted that persuasiveness models showed
a statistically significant departure from normality, however, visual inspection of the
corresponding residual plots confirmed it to be slight, and mixed-effects models are
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robust to such minor deviations. Following the verification of all model assumptions, the

analysis proceeded with testing the proposed hypotheses.

Hypothesis testing results

Table 12 below consolidates the formulas used in the R script and the results of all
confirmatory tests.

+ arousal + attitudepre ¢ + (1|participant _id)

Table 12
Mixed-effects model results for hypotheses H1I-H6

H# Model formula Estimate | SE 95% CI P Result
persuasiveness_index ~ source coded + _ Not

Hla attitudepre c + (1|participant _id) + (1|text_id) 0.11 0.08 | [-0.04,0.26] | .154 supported
credibility index ~ source coded + attitudepre ¢ _ Not

Hib + (1|participant_id) + (1]text_id) 0.13 0.07 | [-0.01,0.26] | .062 supported
persuasiveness_index ~ authorguess_en + _ [-0.47,

H2a attitudepre c + (1|participant_id) + (1jtext_id) 0.27 0.10 —0.08] 006 | Supported
credibility_index ~ authorguess_en + attitudepre ¢ | [-0.41,

H2b | 4 iparticipant id) + (1]text id) 0.24 10091 507 | 007|Supported
persuasiveness_index ~ source coded * Not

H3 | authorguess_en + attitudepre c + 0.02 0.18 [ [—0.33,0.38] | .895 supported
(1|participant_id) + (1]text_id) PP
persuasiveness_index ~ source coded + Not

H4 | authorguess_en * attitudepre c + 0.05 0.07 | [-0.08, 0.19] | .430 supported
(1|participant_id) + (1]text_id) PP
persuasiveness_index ~ source coded + Not

H5a | authorguess en * gaais neg c + attitudepre c + -0.17 0.12 | [-0.41, 0.06] | .143 supported
(1|participant_id) + (1]text_id) PP
persuasiveness_index ~ source coded + Not

H5b | authorguess_en * gaais_pos_c + attitudepre c + 0.17 0.14 | [-0.10, 0.44] | .219 supported
(1|participant_id) + (1]text_id) PP
guess _is_ai ~ resistance + controversial + valence

H6 1.44 0.19 | [1.11, 1.86] | .006 | Supported

Note: Estimates are unstandardized fixed-effect coefficients (b) from linear mixed-effects models. For H6, an
odds ratio (OR) from a generalised linear mixed model is reported. SE=standard error. CI=confidence interval.
All HI-H5 models controlled for baseline attitude toward the topic (attitudepre c). Random intercepts for
participants (participant_id) and texts (text id) were included where appropriate. Hypotheses were considered
supported when the focal effect was statistically significant at p<.05. Source: own research data.
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The effect of a text’s true source on its persuasiveness and credibility (H1) is
illustrated in Figure 3, produced in R, confirming that the actual human or Al authorship
of the texts did not affect the corresponding ratings. Specifically, Al-written texts were
evaluated as marginally, and not significantly, more credible than human-authored texts
(6=0.13, SE=0.07, 95% CI [-0.01, 0.26], p=.062), while the difference of persuasiveness
evaluations was even smaller (b=0.11, SE=0.08, 95% CI [-0.04, 0.26], p=.154). The
estimated marginal means for credibility were 2.99 for human texts and 3.12 for Al
texts, and for persuasiveness — 2.67 (human) and 2.78 (Al).

Thus, neither Hla nor H1b were supported, indicating that whether a human or a
large language model actually produced a text did not reliably affect how persuasive or
credible participants found it.

Figure 3. True source effect on persuasiveness and credibility (H1)

Estimated marginal means from LMM:s. Error bars: 95% CI.

Credibility Persuasiveness

2.99

2.78

) [58)
1 1

Estimated marginal mean (1-5)

Human Human

True Source

Perceived source served as a stronger predictor of participants’ ratings of the texts
than did the true source. Figure 4 below shows the results of testing how the
participants’ belief of who wrote the text they were reading affected its credibility and
persuasiveness (H2).

Texts that participants attributed to Al negatively predicted both persuasiveness
(b=—0.27, SE=0.10, 95% CI [-0.47, —0.08], p=.006) and credibility ratings (b=—0.24,
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SE=0.09, 95% CI [—0.41, —0.07], p=.007) against human text attribution (baseline);
unsure responses about the authorship (the “IDK” response) corresponded to ratings that
were no different from those who assumed a human author (persuasiveness p=.177;
credibility p=.864). Estimated marginal means for persuasiveness fell from 2.86 for the
human attribution to 2.58 for the Al attribution, and for credibility — from 3.13 to 2.89,
respectively, with the “IDK” category ratings remaining close to the baseline. Both H2a
and H2b were therefore supported.

Figure 4. Perceived source effects on persuasiveness and credibility (H2)

Estimated marginal means controlling for pre-attitude. Error bars: 95% CI.
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The next hypothesis (H3) anticipated that the effect of the actual source on
persuasiveness would depend on the perceived source, with the lowest persuasiveness
expected when participants correctly guess actual Al as Al.

As shown in Figure 5, however, H3 was not supported as neither interaction term
was significant (source coded x authorguess enAl: »=0.02, SE=0.18, 95% CI [-0.33,
0.38], p=.895; source coded x authorguess enIDK: p=.262). Thus, the perceived source
effect operates independently of the actual identification accuracy, so that a text believed
to be Al-generated is associated with lower persuasiveness ratings, even when a human
author is mistaken for Al
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Figure 5. True and perceived source interaction on persuasiveness (H3)

Estimated marginal means with 95% Cls.
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The tests of three moderators of the perceived authorship effect are provided in
Figure 6 across its three panels: baseline stance on the topic (H4) and the negative and

positive subscales of general attitudes toward Al, measured with the GAAIS (H5a and
H5Db).

Figure 6. Moderators of perceived source effect on persuasiveness (H4, HS)

Predicted values across each moderator. Shaded bands: 95% C1
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None of the three reshaped the effect: the interaction with prior attitude was flat
(6=0.05, SE=0.07, 95% CI [-0.08, 0.19], p=.430), as were the interactions with negative
Al attitudes (b=—0.17, SE=0.12, 95% CI [-0.41, 0.06], p=.143) and positive Al attitudes
(6=0.17, SE=0.14, 95% CI [—0.10, 0.44], p=.219). The corresponding IDK-vs-human
interaction terms were also non-significant in every model (all p>.068). Although some
of the predicted lines in Figure 6 panels (b) and (c¢) appear to fan apart, they are within
the overlapping confidence bands and are not statistically reliable, which is confirmed
with the simple-slope decompositions. None of the pairwise contrasts between perceived
source conditions reached significance (human vs. Al, 5=—0.05, p=.711; human vs. IDK,
b=-0.12, p=.162; Al vs. IDK, b=—0.07, p=.623). The negative attitude decomposition
produced the same null pattern (all p>.310), and within the positive attitude
decomposition, only the Al-versus-IDK contrast approached significance (56=0.35,
p=.079) without crossing the conventional threshold. Therefore, these findings suggest
that the persuasiveness rating penalty associated with perceived Al source was not
restricted to participants holding specific pre-existing attitudes toward Al or the topics
themselves. Interestingly, higher scores on the negative Al attitudes scale predicted
higher persuasiveness, although independently of text source (6=0.25, p=.008), whereas
positive Al attitudes did not (b=—0.09, p=.427).

The final exploratory analysis asked what could affect the participants’ authorship
guess itself. To examine this idea, a logistic mixed model was used to predict Al guesses
based on four text affective evaluations (resistance, emotional arousal, controversy,
valence) and prior topic attitude, as reported in Table 13 below.

Table 13
H6 (exploratory) results

Predictor OR 95% CI p Direction

Resistance 1.44 [1.11, 1.86] .006 Increases odds of Al guess
Prior attitude 0.72 [0.57,0.92] .007 Decreases odds of Al guess
Valence 0.83 [0.63, 1.08] .165 Non-significant

Arousal 1.04 [0.82, 1.31] 755 Non-significant

Controversy 0.97 [0.76, 1.22] 77 Non-significant

Note: OR > 1 indicates greater odds of guessing Al. Cl=confidence interval. Estimates are from a logistic
generalized linear mixed model with a participant-level random intercept, fitted on trials with a human or Al
guess. Source: own research data.

The model included a participant-level random intercept and was fitted on the
cases where participants reported either a human or an Al author guess. Figure 7
demonstrates that the results identified two predictors: internal resistance while reading
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increased the odds of an Al authorship guess by 44% per unit (OR=1.44, 95% CI [1.11,
1.86], p=.006), and a more favourable prior attitude toward the topic lowered the odds
(OR=0.72, 95% CI1 [0.57, 0.92], p=.007). All the remaining variables, including valence,
arousal, and perceived controversy, were not statistically significant predictors.

Figure 7. Predictors of attributing authorship to AI (H6)

Odds ratios (log scale). OR > 1 = greater likelihood of guessing Al
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Accordingly, H6 was supported for the resistance variable and also identified prior
topic attitude as a significant predictor. These exploratory results suggest that
participants were more likely to assume a text was Al-generated when they experienced
greater internal resistance when reading it, while participants who already had more
positive attitudes toward the topic were less likely to attribute the text to Al It is
important to note, however, that since this analysis is exploratory, these two effects are
best understood as directional rather than precise estimates due to imperfect model
calibration with roughly 45% of binned residuals within bounds.

In summary, the results create a distinction between the objective properties of the
presented information, including its true source, and the participant’s subjective
evaluation of that information and its origin. True source (the actual author of a specific
text, human or Al) did not influence how persuasive or credible that text was (H1), and
that held regardless of who the reader assumed created the text (H3). Conversely,
perceived text authorship showed a dramatic opposite relationship with the text
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perception: if the participant believed the text was generated with an Al model, the
persuasiveness and credibility rating (H2) of that text was significantly lowered,
regardless of the participant’s prior topic stance (H4) or the general attitudes toward
artificial intelligence (HS5). The exploratory analysis examined the AI authorship
attribution likelihood as an outcome and found that it increases with the internal
resistance that participants experience when reading (H6).

Limitations of the present analysis

Several constraints of these results must be acknowledged, and the stimulus set is
the first of them. The study rested on four texts shown per participant, which 1s a small
number of items for estimating a text-level random effect, and although the linear mixed
models retained crossed intercepts for participants and texts without difficulty, the text
variance they recovered was small (close to 3% of the total) and the logistic model for
the authorship guess could not estimate it at all, returning a singular fit until the text
intercept was removed. Thus, with only four topics, the analysis cannot fully separate
the effect of authorship from the particular properties of the texts that happened to be
used. The perception of topics themselves also differed, as noticed after data collection.
Aggregated to the topic level, two texts were low in rated resistance, and two were high,
which also impacted the persuasiveness and credibility differences between them.

The second set of limitations concerns the findings, as this research explains
modest amounts of variance with fixed effects (between 7% to 14%), with the majority
of explainable variance due to differences between respondents. The statistically reliable
effects do not diminish with the high variance in fixed effects, however, these values
position source and perceived authorship as two of many modest influences on how a
particular text is evaluated. Another fundamental limitation is due to the causal
relationship of the central finding. True authorship was randomly assigned to
participants and manipulated in the design of the study, while perceived source
represents data that was measured and not controlled. As a result, the information
contained in the current data does not allow us to definitively identify the causal order: it
could be possible that participants inferred the authorship of a particular text as artificial
or not while reading and that resulted in lowered ratings, or participants’ ratings
influenced the assumption that the text had been produced by a machine. The limitation
to the exploratory model is the binned-residual analysis used to test its assumptions.
Since approximately 45% of binned residuals fall inside the expected rather than desired
bounds, the model was not well-calibrated, and its two primary resulting relationships
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should not be taken as precise estimates. Besides that, H6 analysis was also restricted to
instances where participants committed to a human or Al guess, leaving the uncertain
responses aside; it therefore only accounts for the determinants of a decisive assumption
and not for what produces uncertainty. A further limitation is the treatment of the
single-item five-point Likert scale variables as continuous (interval), for which an
ordinal modelling may provide more accurate estimates.

The reach of the estimates themselves is bounded, finally, by the sample and the
environment in which participants rated the materials. All participants were consenting
Ukrainian young adults between 18 and 35 years of age, and all the ratings were
gathered in a single exposure with four short texts in a standardised setting. The reported
patterns, therefore, describe how true and perceived source effects relate to text
evaluation under those specific conditions and should not be assumed generalisable to
real-life digital environments.

2.4. Qualitative Analysis of Reported Cues for Human vs. Al Differentiation

To examine how participants carried out source identification, the study included
open-ended questions recording justification accompanying each guess (N=492). The
qualitative content analysis was conducted with the assistance of two large language
models using structured prompts provided in full in Appendix J. Each guess was
assigned to one or more of eight categories derived from the data. To convey the relative
prevalence of each theme, the frequency with which each cue type was invoked was also
recorded. Because a single justification could invoke several considerations at once, the
coding produced 572 thematic instances in total. The coding scheme (Appendix K)
captures not the correctness of any individual decision, but the reasoning participants
offered for it, allowing to investigate which of the signals people rely on are informative,
and which only feel that way.

Across the corpus, the most frequently invoked cue concerned structural
predictability and mechanical perfection — the sense that a text was too evenly balanced,
too cleanly formatted, or too smoothly punctuated to be spontaneous human writing,
which appeared in 104 instances. Attention to logical friction and the depth of expertise
behind a text followed (88 instances), as participants asked whether an argument carried
specific evidence or thinned into generality. Beyond these two analytic cues, a large
body of responses rested on intuition and gut feeling (62 instances), in which
participants reported an impression without naming its reason, and on contextual
detachment and survival pragmatism (58 instances), a culturally and time-specific signal
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in which a text’s indifference to the lived realities of the war was read as a mark of Al
authorship. Other substantive categories included emotional resonance and the presence
or absence of doubt (49 instances), lexical authenticity and localisation (41), and the
attribution of hidden intent or agenda (25). The latter refers to the cases when
respondents were naming a hidden motive, manipulative intent, populism, or clickbait.
Importantly, the largest category of all was non-response or ambiguous reasoning (145
instances), where a sizable share of participants either declined to answer (providing a
dot or another meaningless symbol), or replied “cannot determine”.

The distribution of cues across the source guesses was uneven. When participants
suspected Al was the source behind the text, their reasoning clustered around logical
thinness (43 instances among Al guesses), mechanical structure (39), and detachment
from wartime context (35), which together formed the core of the case for Al
Attributions of human authorship, by contrast, were both more diffuse and more often
intuitive: although the structure of writing dominated the list again (56 instances), gut
feeling (35) and non-response (35) ranked immediately below, followed by emotion (29)
and authentic and local vocabulary (25). The asymmetry suggests that the assumption of
Al authorship tended to be inferred from specific, nameable characteristics, whereas the
identification of a human author stemmed more from an unexplained impression or
simple absence of anything that struck the reader as artificial. Suspecting the machine
was, in this sense, a more deliberate act than crediting the person.

Whether this reasoning truly matched the origin of the texts is another matter. Of
the 492 judgments, 140 declined to commit to either author, and among the 352 that did,
only 183 were correct — a correct hit rate of 52%, which is barely above chance.
Accuracy was modestly higher when readers guessed Al (87 of 154 correct, 57%) than
when they guessed human (96 of 198, 49%); and because the texts were not evenly
divided (279 had in fact been Al-generated against 213 human-written ones), the slight
tendency to attribute a text to a person worked against participants more often than for
them. The overall picture is one of detection hovering close to guessing, in line with the
finding of Jakesch et al. (2023) that the intuitive ‘“heuristics” people apply to
Al-generated language are systematically unreliable rather than merely imperfect.

Disaggregating the cues by whether they accompanied a correct or an incorrect
verdict, and by how often each pointed to the true author, exposes where the cues
succeed and where they betray the participants. The most diagnostic signal, in both
directions, was contextual detachment: when readers grounded a verdict in a text’s
engagement with or through blindness to the realities of the war, they were right roughly
seven times in ten (71% of such judgments when Al was suspected, and 67% when a
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human was credited). A passage in which “environmental problems are placed above
human lives,” as one participant remarked of a machine-written text, offered the kind of
concrete, locally anchored cue that proved difficult to counterfeit. At the opposite
extreme stood intuition. Gut feeling was at once among the most frequently cited cues
and the least trustworthy one, accompanying a correct verdict only 32% of the time
when readers suspected a machine and 37% when they sensed a human, which is worse
than chance in both directions. Between these extremes, the cues participants leaned on
most heavily proved oddly uninformative. Structural predictability, the most popular
signal after ambiguous responses, carried only moderate weight (64% of Al verdicts and
55% of human verdicts were correct), since orderly prose issues as readily from a careful
writer as from an advanced large language model. Appeals to logical depth, the single
most common basis for suspecting a machine, matched the true author in just 49% of
cases, despite the analytic confidence they carried.

The largest single error category was human verdicts on texts that were in fact
Al-generated (102 cases), built disproportionately on gut feeling and on the polish of
structure and vocabulary; one participant who wrongly cleared an Al passage reasoned
simply by gut feeling, adding that “there are no worn-out grammatical structures or
words.” Mistaken Al verdicts on genuinely human writing (67 cases) inverted the logic
by determining that length or conciseness were strong indicators of a weak argument.
For instance, one response mentioned that “it sounded somewhat superficial and weak.”
Thus, because fluency, natural phrasing, and familiarity are precisely the features Al
models can now convincingly reproduce, such cues were among the least effective for
differentiation, similarly to the “flawed heuristics” findings by Jakesch et al. (2023). The
reliability problem extends to the lexical cues as well. Participants frequently treated
native-sounding vocabulary, idioms, and the absence of awkward or unnatural language
as evidence of a human hand, yet lexical cues supported a correct human verdict in only
40% of the cases. Those same cues, however, proved somewhat better as a marker of
true Al authorship (55% of correct cases), where the participants conversely mentioned
awkward or unnatural phrases, but even here, it was far from decisive.

A further question explored is whether participants knew when to trust their own
judgments. The results showed that the most confident responses either leaned on
specific structural and logical observations or were ambiguous, while the least confident
ones mostly stated an ambiguous cue or a non-response. Among committed authorship
guesses, the judgements made with complete confidence were correct 57% of the time,
which is modestly higher than those made with the weakest confidence (43%). The
intermediate “somewhat confident”, “difficult to say” and “somewhat not” levels were
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similar in accuracy, resulting in the correct rates of 51%, 53%, and 49% respectively. As
such, even the most confident participants were correct only marginally more often than
by chance, and, alongside structural predictability and mechanical perfection (13 cases),
an equal part of fully confident responses provided no cue at all (13 cases as well). The
pattern that emerged from this part of the analysis suggests that the participant’s
subjective sense of certainty was a poor guide to whether they were actually correct.

The qualitative findings described here show that there is a range of different
types of cues that participants used to identify the sources of the texts they were exposed
to, including text mechanics and structure, depth of the logic, empathy, contextual
grounding, and “pure intuition” among others. Yet, this rich repertoire was poor in
reliability. The cues participants named most and trusted most (structural polish and gut
feeling) were the ones most likely to mislead, while a more reliable cue (a text’s
detachment from the existential realities of the war) appeared rather rarely. The main
pattern is that participants could not reliably establish what the source of a text was, and
they were least accurate precisely when they felt most certain. Since earlier quantitative
results showed that believing a text is Al-written lowers its persuasiveness and
credibility, this analysis adds that participants may be penalising texts based on an
authorship judgment they simply cannot accurately make, which leaves them vulnerable
to potentially misinterpret both Al-generated and human-written content.

2.5. Interpretation of the Obtained Results and Practical Recommendations

The primary aim of this study was to examine whether persuasiveness and
credibility of Al-generated and human-written texts differ depending on their true
source. The results of statistical analyses showed the actual author, human or Al, did not
produce a reliable difference in how persuasive or credible participants found a text
(H1). Texts produced by ChatGPT 5.3 Instant were rated as slightly more credible than
human-written ones, but this difference was not statistically significant, consistent with
research showing that large language models can be as persuasive as human authors
(Huschens et al., 2023; Bai et al., 2025; Holbling et al., 2025; Spitale et al., 2023).

A second set of analyses examined the source that participants attributed to each
text after reading. Texts that participants believed were written by Al were associated
with significantly lower persuasiveness and credibility ratings than the texts they
believed a person had written (H2), and this difference in ratings was present whether
the guess was correct or not (H3). A human-written text taken for Al corresponded to
lower ratings, while an Al-written text taken for human text was not. The discovered
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pattern could reflect the algorithm aversion phenomenon (Dietvorst et al., 2015; Burton
et al., 2020), but because the perceived source was measured as a post-reading guess
rather than manipulated, this study cannot establish the direction of these relationships,
but provides an informative finding for future exploration. This association between
perceived authorship and lower ratings did not appear to depend on the readers
themselves: neither their prior stance on the topic (H4) nor general attitudes toward Al
(H5). One unexpected association should be noted with caution: participants with more
negative attitudes toward Al tended to give higher persuasiveness ratings overall,
regardless of the source. This result is exploratory, but may suggest that wariness toward
Al is associated with reading arguments more carefully rather than dismissing them.

The other part of the main aim was to examine how readers tell Al and human
texts apart, and, generally, they did so poorly. Identification was only slightly above
chance: 52% for committed guesses, excluding unsure responses. Participants tended to
assume human authorship more, and they often took Al-written texts for human ones
(20.7%). The exploratory model showed two variables associated with an Al guess: the
more internal resistance participants reported while reading, the more likely they were to
attribute a text to Al, while a more favourable prior attitude toward the topic was
associated with a lower likelihood of an Al guess (H6). As this analysis is exploratory
and observational, these relationships should be understood as associations of uncertain
direction, but they suggest that attributing authorship is partly an emotional and
motivated judgement (Kunda, 1990), in which discomfort or disagreement co-occurs
with suspecting a machine. The reasons participants gave, as analysed in the qualitative
results section, correspond to this vision. The cues they mentioned and trusted most,
such as the “structure of the writing” and ““gut feeling,” were the least reliable, while the
one cue that helped to identify the true author more accurately (detachment from the
realities of the war) was used only rarely. At the same time, because this cue was rare
and tied to a single domain, it offers readers little protection against Al-generated texts
on any topic outside of individuals’ direct experience. Additionally, a context-aware or
personalised model (cf. Matz et al., 2024; Salvi et al., 2025) could plausibly imitate
local, lived detail too, thus eroding the effectiveness of even this cue.

Since identification was close to chance and lower ratings were associated with
what readers believed rather than with the real source, media literacy work should focus
less on teaching people to recognise Al and more on judging the quality of an argument
on its own terms, whatever its author may be. Since the one reliable cue was a text's
connection to lived experience, interventions can encourage attention to local and
contextual details in a text rather than surface-level linguistic or stylistic features.
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Finally, as corrective interventions against Al-generated misinformation, such as
warning about a source in advance or debunking a claim afterwards rely on first
recognising the Al source, which readers cannot do reliably (McPhedran et al., 2025),
and because lower credibility is associated with perceived rather than actual Al
involvement (Jia et al., 2024), clear labelling of Al content (Altay & Gilardi, 2024) is a
more dependable approach than leaving people to judge authorship for themselves.

In summary, the practical significance of the work lies in the possibility of using
the obtained results in educational practices aimed at the development of critical
thinking and media literacy, in the development of communication strategies taking into
account the characteristics of audience perception, in research into human interaction
with technologies, particularly artificial intelligence, and in the training of social
psychology professionals who work with information influences.

Conclusion to Chapter 2

The empirical study described in this chapter set out to establish whether
Ukrainian young adults evaluate the persuasiveness and credibility of unlabelled
Al-generated and human-written texts differently. The descriptive results showed that
the sample was highly educated, predominantly female, and highly familiar with Al
tools. The evaluation of the stimuli was strongly connected to the topics themselves: the
first two were perceived as more acceptable, less controversial, and less resistant,
whereas the third and fourth produced stronger disagreement, higher controversy, and
lower persuasiveness and credibility. This indicates that the prior attitude to the topic
formed an important background against which the message was evaluated. The
mixed-effects models accounted for that factor and showed that neither persuasiveness
nor source credibility was significantly predicted by the actual source, while the source
attributed by participants was meaningfully associated with both outcomes. This effect
was not reliably moderated by prior topic stance or by positive and negative attitudes
toward artificial intelligence. At the same time, readers’ ability to determine the true
source was limited. The exploratory model added that internal resistance during reading
was associated with higher odds of an Al attribution, whereas a favourable prior attitude
toward the topic lowered them. Qualitative analysis further showed that participants’
authorship judgements relied on a broad range of cues, including writing structure and
mechanics, logic, emotions, and context, but they were mostly unreliable. These findings
provide the empirical basis for the broader discussion of the study’s value, limitations,
and directions for further research.
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DISCUSSION AND CONCLUSION

The present work examined how persuasive and credible Ukrainian young adults
find Al-generated and human-written argumentative texts when the source is not
disclosed, and how they tell Al and human authors apart.

The findings showed the true source made little difference: whether a text was
written by a person or by Al did not produce a reliable change in how persuasive or
credible it was judged. However, the source that participants attributed to the text was
associated with their evaluation: texts believed Al-generated predicted both lower
persuasiveness and credibility. The link between believed Al authorship and lower
ratings was rather stable: it did not depend on the reader’s view of the topic, or on their
attitude toward Al. By modelling the authorship guess itself, the study identified internal
resistance as a predictor of Al attributions, indicating that attributing a source could be
partly an emotional and motivated judgement (Kunda, 1990). Additionally, readers
differentiated Al and human texts weakly, leaning toward the assumption of human
authorship, and used mostly unreliable cues. These results support earlier findings that
people cannot reliably tell Al writing from human writing and rely on misleading signals
(Jakesch et al., 2023; Chein et al., 2024), and that Al-written texts are not less persuasive
than human-written ones (Spitale et al., 2023; Bai et al., 2025; Huschens et al., 2023).

However, limitations described in detail in section 2.3 set boundaries on these
research conclusions. First, because perceived authorship was measured rather than
manipulated, the direction between attributing a text to Al and rating it lower cannot be
fixed from the present data. The stimulus set was small, and the topics, as it turned out,
carried different perceptual weight of their own. The ratings came from a sample of
highly educated Ukrainians aged 18 to 35 who frequently use Al instruments and cannot
be representative of other groups. Most consequentially, participants rated four short
texts in a single standardised sitting, which is far from the constantly scrollable
environment with fragmented messages in social platforms, where the analysed audience
mostly consumes content in real life.

Several future research directions follow. A design that manipulates the label as
written by Al or by a person rather than recording a guess could turn the correlational
core of this study into a causal test of whether attributing a text to Al lowers its standing
among the Ukrainian audience. Widening the stimulus set across more topics, and
beyond the wartime frame, could show whether the contextual detachment cue still
works or fails once the domain is out of readers’ direct experience. As personalised
models already match and exceed human persuasiveness (Matz et al., 2024; Salvi et al.,
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2025), another question to explore is whether a model well-trained on content with local
lived experience accounts, rather than a generic model, could erase the one cue,
potentially misleading readers on significant personal topics. Additionally, future studies
could examine how judgements change over more than one exposure, include other
Ukrainian age groups (e.g. seniors), and look further into the unexpected association
between negative Al attitudes and higher persuasiveness.

In conclusion, this study suggests that the persuasiveness of Al-generated content
may depend not only on what a model can produce, but also on how readers construct
the source behind the message.
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In the process of this work preparation, artificial intelligence tools were used in
two capacities, both reported here in full. First, as an instrument of the study itself: the
Al-generated stimulus texts were produced with the large language model GPT-5.3
Instant, with the standardised zero-shot prompt, following the generation procedure
described in section 2.1. Second, as assisting tools for proofreading, text editing,
structuring research materials, and analyzing data, in particular: to assist with writing
and debugging the R scripts for the statistical analysis; to help prepare structured
prompts for content analysis; to support development and improvement of the qualitative
coding scheme and initial sorting of open responses, machine translation of the original
responses, and transformation of the final coding files into complete Excel spreadsheet
with live working formulas. No direct participant data was shared with any Al tool at
any stage. All Al-assisted outputs were manually reviewed, verified, and edited by the
author.
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APPENDICES

Appendix A. Human-Written Texts

Note. The survey was administered in Ukrainian, along with the stimuli texts in it.
Here and where relevant below, the original is presented first, followed by an English
translation for reference, prepared by the author.

A.1. Original (Ukrainian)

I. Ile € HeOOXIZHMMHU 3a OCHOBHHUMH KpPUTEPIIMH JOCSATHEHHS Kpauioro
pe3yNbTary: JOBrOCTPOKOBICTh, PO3YyMHE BUKOPHUCTAHHS KOIITIB Ta OE3MEUHICTh.

VY nepuiomy BUMNAAKY BIHOBIEHHS 1H(QPACTPYKTypH 1€ MacIITaOHUN MPOIEC,
SAKUW Yy 3BUYHOMY JJIsl HAC PO3YMIiHHI Oy/ie TpUBAaTH POKHU, a MOTO pe3yibTaTu OyayTh
BUKOPHUCTOBYBATUCH ACCATWIITTAMU. Y BUIAJAKY HESKICHOI MiJITOTOBKU € PHU3UK IO
pe3yibTaT TaKoro BiJHOBJIEHHS Oyle HE TaKUM JIOBFOCTPOKOBHUM SIK 3a3BHYaii, TOMY IO
HEOUYHUIICHUI TPYHT, HAIPUKJIAL, MOXe “TpocinaTu’’ iHaKme HiK ounmieHuid. [limzemui
BOJY 3 HEOE3MEUHUMHU PEYOBHHAMH MOXKYTh BIIKJIAJaTHCh Ha Oynb-SKUX 00’€kTax abo
Horo dvactuHax. 3 UUX NOPUYMH Taka 1HQpacTpykrypa HpocTto Oyae pyHHYBaTUCh
mBuAlEe abo, o ripuie, - B3arani He Oyae (QyHKIIOHYBAaTU. 3 I[bOTO BUIUIMBAE THIIMI
KpUTEPi - TPOIIOBUMA. SIKIIO MU BKJIAJAEMO BEIWYE3HI KOUITH Y BIAHOBJIEHHS - BOHO
Mae OyTH fKICHE Ta CIIyryBaTH JIOBrO, 4epe3 Te 10 y YKpaiHu Hapasi € 1 Tak Jyxke
oOMeXeHUN pecypc, 1 TTOBTOPHE BiJHOBICEHHS MOXKE MPOCTO HE BIAOYTHCS depe3 Opak
KOIIITIB, TPAHTIB YM €BPOMEHChKOro (piHAHCYBAaHHS, HANPUKIAL. ToMy 3aTpUMKa IS
NEPEeBIPKA Ta OYUCTKH € TAPAHTIEI0 JOBTOCTPOKOBOCTI, OE3MEYHOCTI Ta €KOHOMIYHOT
BUTPHUBAJIOCTI.

2. SIKu10 MU JOMYCKAaEMO B3arajii HasiBHICTh MOXKJIMBOCTI MUPHUX TIEPETOBOPIB, TO
€KOJIOTIYHI pemapartii MaroTh CTaTH BAXKIUBOIO IX YACTHHOIO 3 JEKIJTBKOX MPUYMH:

diHaHcOBl 3000B’s3aHHS IIOAO BIJHOBIEHHS TMPUPOAM Ta 11 pecypciB
IPUHIIMIIOBO MAIOTh Take * 3HAYCHHS K 1 BIIHOBJICHHS 1HPPACTPYKTYpHU Uepes3 Te, 10
€KOJIOTIYH1 3JI0YMHU MAalOTh JIOBFOCTPOKOBHH BIUIMB Ha YKpaiHy Ta ii CYCILIBCTBO.
JlecsiTKM HaceNeHUX MYHKTIB 3pYWHOBaHI, TPYHT Ta MiA3€MHI BOAM 3a0pyAHEHI Ha
Oarato necarkiB pokiB. Ilpomec iX BiAHOBIEHHs Oylae KOIITyBaTH YKpaiHi Habararto
OlJIbIlIe HIK IPOCTO pyHHYBaHHS KPUTUUHHUX 00’ €KTIB 1IHQPACTPYKTYpH HAITPUKIIA.

[{isikoM penieBaHTHO BBa)KaTH IO TaKWW MYHKT B MEpEeroBopax Oyae He HaHO1IbIIT
CHIpHMM Ta HE 3aTArHE IMEPEMOBUHU KPUTUYHO. EKONOTiYyHUN 370YMH Takuh SK
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pyiinyBanHs KaxoBcekoi ['EC mMae Benuky aoka3oBy 0asy, TOCTaTHIO KUIbKICTh CBIJIKIB
Ta 3aJJOKyMEHTOBaHUX HacHiJKiB. ToMy moBefeHHS HEOOXITHOCTI pemapariii B TaKOMy
KeHCl € He HAITO CKJIAJHOIO B TIOPIBHSIHHI 3 IHITUMHU MTUTAHHSIMH ITIEPEMOBUH.

3. @oprudikaniiiHi cCIOpyid HE € KPUTHYHO BAKIMBUMH JJI TAKOTO TUIY BIMHH
K 3apa3 Bi0yBaeTbca B YkpaiHi. Ha nanHomy eramni BIMHU € KPUTHYHO Ba)KJIMBHUMHU
TEXHIYHA Ta MOBITPsSHA NepeBara Haja nNpoTuBHUKOM. DopTHdikallii Ha MEBHUX IUISTHKAX
GpOHTY JIHIIIE YCKJIAIHIOIOTh MPOIeC 0OOPOHU OCKUIBKM BiifHA € Ty)Xe TUHAMIYHOIO,
NO3UIlli HE 3aKPIIUTIOIOTHCS HA POKH sIK paimie Oyno B 30H1 ATO. Buxoasuu 3 15010,
30epeKeHHSI KPUTUYHO BAXKIIMBOTO PECYPCY TAKOTO K MpUpoAa Ta ii 010pi3HOMAHITTS €
npiopuTeTOM y IIboMy muUTaHHI. [IpupomHi pecypcu € He MEHII BaKJIMBHUMH HaBITh Ha
noJii 00r0: HEOOXIJHICTh MUTHOI YUCTOI BOAM 3 JPKEpEN, BIACYTHICTh BEJIIUKOTO 00CATYy
KOMax Ta I'pU3YHIB. AJle IbOMY NUTaHHI BaXXJIUBIIIE AUBUTUCSA B MailOyTHE Ti€l KpaiHU
3a SIKy HJie BiifHa Ta 3aJaTu coO1 HU3KY BaXXJITMBUX MUTaHb. YW 3MOXKEMO MU BiJHOBUTHU
MOBHOIIIHHE JKUTTS Ha MUX TepUTOPiax? Uu 3MOXKEMO BIJIHOBUTH MPUPOAHIN X1 TOIIN
IPUPOIH, 1100 30€perTH MOXKIIMBOCTI JI0 CUIBCHKOTOCIIONAPCHKOL MisutbHOCTI? Yn Oyze y
HAC MOXJIMBICTh 30€perTd MpUPOHINA crafok? SIKIO BIAMOBiAb HA Ii MUTAHHSA Hi, TO
MU MA€EMO BIIMOBHUTHCH X04a O BT 4aCTUHU Takux (HopTUdiKaIlii.

4. Tlo mepiue, s HAacC SK JJs ACPKABH Ba)KIMBO 3apa3 BUPIBHATU €KOHOMIYHY
CUTyallll0 Ta 3HAaWTH HOBI (DIHAHCOBI pIMEHHSA JUIsI BIJHOBJICHHS €HEPreTUYHOI
iH}pacTpykTypu BuacHO. Mu mpuitmMaeMo Toi (PakT IO 1€ MOXKE 3aBIaTH KPUTHUUHOT
IIKOJM MajioMy Oi3Hecy, Ta Hac OUIbINE IIKaBJIATH BEJIMKI TITAHTH Ta KOpIOpallii sKi
3MOXKYTb IIJIATUTH JIEBOBY JIOJIIO CBOIX JOXO/IB HE MAOUU 1HIIIOTO BUXOLY.

[To-npyre, mig yac GrnekayTiB KO)KHA KaB’SIpHsI, CAJIOH, Mara3uH TOIIO BMUKAIOTh
TeHepaTOpy OJIHOYACHO 1 YacTO II€ BCE BIMOYBA€ThCA B TyCTOHACENEHUX palloHaX.
KonuenTpariisi mKiJJIMBUX BUIAPIB BiJ MajiBa NEPMAaHEHTHO 3HAXOAUTHCS B MOBITPI
BCIOJIM, Ta TIOTEHLIMHO MOXKE 3arpO’KyBaTH HACEJIEHHIO HaBITh OUIbILIE HIK BIJCYTHICTb
cBiTIa. MU mMpO BIPUMO WIO HACIIAKMA TAKOro BIUIMBY € JOBFOCTPOKOBUMHU Ta
BigkIageHnMu. ToMy JeprkaBa 3000B’s3aHa MIKJITYBaTHCS MPO CBOIX TPOMAIsiH HAaBiTh
[UIIXOM TaKMX CAHKI[M Ta T0AaTKOBUX OOTSKECHb.

A.2. Translation (English)

1. The following are the necessary and key criteria for achieving better results:
long-term sustainability, efficient use of funds and safety.

In the first case, rebuilding the infrastructure is a major undertaking which, in the
traditional sense of the term, will require years to complete, and its results will be used
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for decades to come. If the preparation is not taken seriously, there is a risk that the
results will not be as long-lasting as usual, because contaminated soil, for example, may
“sink” differently from treated soil. Underground waters carrying hazardous chemicals
may accumulate at any facilities or parts thereof. These are the reasons why such
infrastructure will be falling apart quicker or, worse still, fail to function completely.
This leads to another criterion — the financial one. If we are to invest huge funds in
reconstruction, it must be of high quality and built to last, mainly because Ukraine has
restricted resources, and further reconstruction efforts may simply not take place due to
a lack of funds, grants or European funding, for example. Therefore, taking the time to
check and decontaminate ensures longevity, safety and financial sustainability.

2. If we accept that peace talks are actually possible, ecological reparations must
become their major part for several reasons:

Financial obligations to restore nature and its resources are, in principle, just as
important as those for restoring the infrastructure, given that environmental crimes have
a long-term impact on Ukraine and its society. Dozens of settlements have been
destroyed, soil and underground waters contaminated for many decades to come. The
restoration process will cost Ukraine far more than simply destroying critical
infrastructure, for instance.

It is entirely reasonable to assume that this point in the negotiations will not be the
most contested and will not cause the talks to drag on for too long. Environmental
crimes, such as the destruction of the Kakhovka Dam is backed by a substantial
collection of evidence, a sufficient number of witnesses, and well-documented
consequences. Therefore, proving the need for reparations in these circumstances will
not be particularly difficult compared to other items on the negotiations agenda.

3. Fortifications are not decisively important in the type of war currently being
waged in Ukraine. At this stage of the war, technical and air superiority over the enemy
are of critical importance. Fortification in certain sections of the front only make the
defence process more complicated, as warfare is highly dynamic and defence positions
are not held for years on end, as was previously the case in the ATO (Anti-terrorist
Operation) zone. In this regard, the conversation of a critically important resource such
as nature and its biodiversity is a priority. Natural resources are no less important even
on the battlefield: the need for clean drinking water from natural springs, as well
reducing the number of insects and rodents. But, considering this issue, it is more
important to look ahead to the future of this country, for which the war is being fought,
and to ask ourselves a few important questions. Will we ever be able to restore a normal
way of life on these territories? Will we be able to restore the balance of nature to
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preserve opportunities for agricultural development? Will we be able to preserve our
environmental heritage? If the answer is no, then we must abandon at least some of these
fortifications.

4. Firstly, it 1s vital for us as a nation to stabilise the economy and find new
financial solutions to ensure the timely restoration of our energy infrastructure. We
accept for a fact that this could cause serious harm to small businesses, but we are more
concerned about giant corporations that will have no choice but to pay the lion’s share of
their income.

Secondly, during power cuts, every cafe, salon, shop and so on switches on their
power generators at the same time, and this often happens in densely populated areas.
High levels of harmful fuel fumes are constantly present in the air everywhere, and
could potentially pose an even greater threat to the population than the lack of electricity.
We wholeheartedly believe that the consequences of such exposure are long-term and
cumulative. The state therefore is responsible for taking care of its citizens, even if it
involves imposing such sanctions and additional burdens.
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Appendix B. Texts Generated by the GPT-5.3 Instant Large Language Model

B.1. Original (Ukrainian)

1. ITicns Go¥oBUX AiM MTOBKIJUISL 4YaCTO CTAa€ HEBUAMMHUM JDKEPEIOM 3arpo3u Jist
moaed. Y TpyHTI W BOAI MOXKYTh 3aUIIATHCS Ba)XKi METald, 3JIMIIKH TMalbHOTO,
BUOYXOBI PEUYOBMHHU Ta IHINI TOKCHYHI CHOJYKH. SIKIIO MOCHINIUTH 3 BiJHOBJICHHSAM
KOMYHIKAIllil, HE TMepeBIpUBIIN 111 (HAKTOPH, ICHYE PHU3HK, 110 HEOE3MEUHI PEYOBUHU
NOTPAIUIATh Y MUTHY BOJy a00 MPOAYKTH XapuyBaHHA. Lle Moke cipuuuHUTH TpUBaii
npoOiieMr 31 3I0pOB’SM Yy MICIEBUX JKUTENIB, 30KpeMa OTPYEHHS YH XPOHIYHI
3aXBOPIOBAHHS.

KpiMm TOro, ouniieHHs: TEpUTOPIi € BAKIMBUM JJi1 O€3MEKH PEMOHTHHUX Opuran i
MmenikaHiiB. Heposzipeani Ooenpumacu a0o 3a0pyIHEHH IPYHT MOXYTb CTAaHOBUTH
cepiio3Hy Hebe3reKky Mmia yac OyaiBeIbHUX poOIT. AKINO HE YCYHYTH 1i PU3UKHU OJpasy,
HACIIIKK MOXYTh OyTH 3HAYHO TIPHIMMU W JOPOKYMMHU IS CYCHUIBCTBA B
MaiOyTHroMy. Came TOMy peTelbHa TMepeBipka Ta OYMINEHHS JOBKULIA — II€
HEOOX1THUI KPOK, AIKUH 3a0e3meuye Oe3rneyHe il cTaie BiTHOBICHHS KUTTSI TPOMA/IH.

2. IloBHOMacmITaOHa BiifHA CIPUYMHWIIA HE JIMIIE JIIOACHKI BTPATH Ta PyHHYBaHHS
1H(pacTpyKTypH, a ¥ MacmraOHy WIKOAY NPUPOJHOMY CEpEAOBHINY. 3a0pyIHEHHS
I'PYHTIB 1 BOJIU, 3HUILIEHHS JICIB, MOXKEX1 B 3aMOBIIHUKAX, pyHHYBaHHS MPOMHUCIOBUX
00’€KTIB 13 HEOE3MEUHUMH PEYOBMHAMU — yC€ 1€ MaTUME HACIIAKA Ha JIECSITHUIITTS
BIiepel. BiTHOBIEHHSI €KOCHCTEM IMOTPeOye 3HAUHUX PECYPCIB, CIEMiaIbHUX MPOrpam i
TPUBAJIOTO Yacy, TOMY Il BUTPATU HE MOKHA PO3MISAATH JIUIIE K YACTUHY 3arallbHUX
MICISIBOEHHUX B1I0YTOBYMX POOIT.

MixHapoaHe mpaBo nepeadavae BiMOBIAATBHICTh 332 €KOJOTIUHY HIKOAY MiJ] Yac
30pOMHUX KOH(QUIIKTIB, 1 ITHOPYBaHHSA IIbOTO AacHeKTy CTBOPUIO O HeOe3NMeuHHit
npeneneHT Oe3kapHocTi. OKpeMHil MexaHi3M KOMIIEHCallli 3a IIKOAY JOBKULIIO
JI03BOJIUTH TOYHIIIE OI[IHUTH BTPATH, 3a]TyYUTH Mi>KHAPOJIHUX SKCTIEPTIB Ta 3a0€3MeUUTH
I[IJTbOBE BUKOPUCTAHHS KOIITIB Ha BIIHOBJIEHHs Npupoau. KpiMm Toro, diTke GhikCyBaHHS
€KOJIOTIYHUX 3JI0YMHIB TMIJCWIIOE TPUHIUI CIPABEIMBOCTI Ta Haraaye, 1o BiiiHa
pyWHYy€ HE JUIIe MICTa, a I IPUPOJIHI CUCTEMH, BiJ] SKUX 3QJICKUThH KUTTS MalOyTHIX
TTOKOJTiHb.

3. 3emis 1 NPUPOAHI E€KOCHCTEMH € HE MEHII CTPAaTeriyHUM pecypcoM, HIXK
YKpIIUIEHHST 4YM TexHika. MacoBe 3BefeHHs ¢opTudikamiii 4acto O3Ha4ya€e 3HATTS
POJMIIOUOTO IIapy IPyHTY, BUPYOKY JICIB Ta pyWHYBaHHS BOAHMX OanaHciB. Hacmigku
TaKuX JIH MOXYTh TPHUBATH JCCATUIITTAMH: €po3is, BTpara O10pI3HOMAHITTS, MaiHHS
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BpoxkaiiHocTi. Kpaina, sika micis BIfHM OTpUMae CIyCTOIICH] JIaHImadTH, CTUKAETHCS 3
HOBHMMH 3arpo3aMH — MPOJOBOJIBUOI0 Ta €EKOHOMIYHOIO.

Tomy iHOAI po3yMHiIIEe 30€perTd MPUPOAHI TEPUTOPIi, MIYKAIOYU 1HIIN CIIOCOOH
MOCUJICHHSI O€3MeKu: MOOUIbHI OOOpPOHHI CHUCTEMH, TEXHOJIOTIYHY PO3BIAKY, Kpaile
IIaHyBaHHS mo3uiii. Ilpupona BITHOBIIOETHCS NOBUIBHO, @ IHKONIM W y3araini
HE3BOPOTHO BTPAYa€ThCS. 3axXWIAlOuM JOBKULIS HaBiTh y CKIQJHUX YMOBaXx,
CYCHJIBCTBO 1HBECTYE Y JOBIOCTPOKOBY CTIMKICTh JE€pyKaBU Ta SIKICTh KUTTS MalOyTHIX
MOKOJIIHb. AJIKE CIpaBkHs Oe3leka BUMIPIOETbCS HE JIUIIE JIHIIMH OOOpOHH, a i
3MIaTHICTIO KpaiHU KUTH HA BIACHIN 3I0POBIiH 3eMuIi micist 3aBepiieHHs KoHpmikTy. Came
TOMY €KOJIOT1YH1 MEX1 1HKOJIM MAalOTh CTaBaTH YaCTUHOIO OOOPOHHOTO MUCJICHHS.

4. CuctemMaTuyHe BHUKOPHCTAHHS TEHEPATOPIB y MICBKHX YyMOBax CTBOPIOE
Cepho3Hy 3arpo3y s 310poB’st droaeil. Ilig yac ix poOOTH B MOBITPS MOTPAILISIOTH
yaJHUM ra3, ApIOHONMCIEPCHUN MW Ta 1HII TOKCHYHI PEUYOBHUHH, SKI OCOOIUBO
HeOe3mneuHi sl JITel, JITHIX JIOAeH 1 THX, XTO Ma€ XpOHIYHI 3axBoproBaHHA. Konwu
TUCSAYl TaKUX MPUCTPOIB MPAIIOIOTh OJHOYACHO Y LIUILHO 3aCEJCHUX paiioHaX, PIBEHb
3a0pyIHEHHS PI13KO 3pOCTAE, 0 MOXKE CIPUUYUHUTH OTPYEHHS, MPOOJIEMHU 3 TUXATHHOIO
CUCTEMOIO Ta 3arajbHE TOTIPIICHHS SKOCT1 JKUTT.

CyBOopl  €KOHOMIYHI IHCTPYMEHTH CTUMYJIOIOTh HOIIYK  O€3MeYHIIInX
aNbTEPHATUB: AKYMYJISTOPHUX CHCTEM, COHSYHUX TMaHenel abo CHiIbHUX EHEPreTHIYHUX
pimieHs Ui OyAMHKIB 1 KBapTajiiB. SKIIO 3a0pyaHEHHS 3aJulIUTH (HAKTUYHO
0€3KOIITOBHUM, CYCIIJIBCTBO IJIATUTUME 32 HHOTO 3pOCTAHHSM BUTPAT Ha MEAMIIMHY Ta
BTparamMu Il JAOBKUUIS. TOMY >KOPCTKE PETYIIOBaHHS € HEOOXITHUM KPOKOM, SIKHii
CIOHYKA€ JI0 TEXHOJOTIYHUX 3MIH 1 3aXHMIIA€ TPOMAJCHKE 3I0POB’S Y JOBIOCTPOKOBIM
MIEPCTICKTHUBI.

B.2. Translation (English)

1. Following military operations, the environment often becomes an invisible
source of danger to people. Heavy metals, fuel residues, explosives and other toxic
compounds may remain in the soil and water. If the restoration of utilities is rushed
without checking for these factors, there is a risk that hazardous substances will enter
drinking water or food supplies. This can cause long-term health problems for local
residents, particularly poisoning or chronic illnesses.

Furthermore, decontaminating the area is important for the safety of repair crews
and residents. Unexploded ordnance or contaminated soil can pose a serious danger
during construction work. If these risks are not addressed right away, the consequences
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could be far worse and more costly for society in the future. That is why thorough
inspection and decontamination of the environment is an essential step in ensuring the
safe and sustainable recovery of community life.

2. The full-scale war has caused not only loss of life and destruction of
infrastructure, but also widespread damage to the natural environment. Soil and water
pollution, deforestation, fires in nature reserves, and the destruction of industrial
facilities containing hazardous substances — all of this will have consequences for
decades to come. Restoring ecosystems requires significant resources, specialised
programmes and a considerable amount of time; therefore, these costs cannot be viewed
merely as part of general post-war reconstruction efforts.

International law provides for liability for environmental damage during armed
conflicts, and ignoring this aspect would set a dangerous precedent of impunity. A
separate mechanism for compensation for environmental damage will allow for a more
accurate assessment of losses, the involvement of international experts, and the targeted
use of funds for nature restoration. Furthermore, clearly documenting environmental
crimes reinforces the principle of justice and serves as a reminder that war destroys not
only cities but also the natural systems on which the lives of future generations depend.

3. Land and natural ecosystems are no less a strategic resource than fortifications
or military equipment. The large-scale construction of fortifications often involves the
removal of fertile topsoil, the clearing of forests and the disruption of water balances.
The consequences of such actions can last for decades: erosion, loss of biodiversity, and
falling crop yields. A country left with devastated landscapes after a war faces new
threats — food and economic.

Therefore, it is sometimes wiser to preserve natural areas while seeking other
ways to enhance security: mobile defence systems, technological reconnaissance, and
better planning of defence positions. Nature recovers slowly, and sometimes it is lost
irretrievably. By protecting the environment even under difficult conditions, society
invests in the long-term sustainability of the state and the quality of life for future
generations. After all, true security is measured not only by lines of defence, but also by
a country’s ability to live on its own healthy land once the conflict has ended. That is
precisely why environmental boundaries must sometimes become part of defence
thinking.

4. The frequent use of generators in urban areas poses a serious threat to public
health. When they are in operation, carbon monoxide, fine particulate matter and other
toxic substances are released into the air, posing a particularly high risk to children, the
elderly and those with chronic health conditions. When thousands of such devices
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operate simultaneously in densely populated areas, pollution levels rise sharply, which
can lead to poisoning, respiratory problems and a general deterioration in quality of life.

Strict economic measures encourage the search for safer alternatives: battery
systems, solar panels or shared energy solutions for homes and neighbourhoods. If
pollution 1s left effectively free of charge, society will pay for it through rising
healthcare costs and environmental damage. Strict regulation is therefore a necessary
step that drives technological change and protects public health in the long term.
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Appendix C. Online Survey Form

C.1. Original (Ukrainian)

baok 1

Yu npoxuBaeTe BU B YKPaiHi Ha NMOCTiHHIA OCHOBI NMPOTATOM OCTaHHIX S
poKiB?

1) Tak

2) Hi

HackilbKH BH HiKaBHTeCH €KOJOTIYHUMH HACTIAKAMM BiiHu?
(1 —30BCiM HE IIKABIIOCA ... 3 — BaXKKO CKa3aTH ... 5 — qyKe LI1KaBIOC)
Y sakiii cepi BM npauroere ad00 HaBYAETECH?

1) IlpupoaHudi HayKu Ta €KOJIOTIs

2) OcsiTa Ta HayKa

3) IT ta texHonorii

4) bizHec, MANPUEMHUIITBO, ()IHAHCU Ta YIPABIIHHS

5) BupoOGHUIITBO, arpapHUii CEKTOP, TPAHCIIOPT 1 JIOTICTHUKA

6) [epxaBHa ciyx0a, npaBo, 000poHa Ta Oe3rneka

7) I'poMaacekuii ceKTop

8) CouianbHa cepa, MEAUIIMHA Ta OXOPOHA 37]0POB’ S

9) Kynbrypa, Menia Ta KpeaTuBHI 1HIYCTPIl

10) TumuacoBo He mpalrro Ta/abo He HaBYAKOCS

11) Inxma cdepa
Byab j1acka, BKa:xXKiTh Ball MOBHUI BIK YMCJIOM: .
Byab 1acka, 06epiTh Bamly crarb:

1) Kinka

2) Yonosik

3) Inma

4) He xouy BiAmoBigaTu
SAxuii HaliBUIIUI PiBeHb OCBITH BU 3aBepPIIWIN?

1) Cepenniii

2) Ipodeciitnuii (TEXHIKYM, KOJIEK)

3) bakanaBpar

4) Maricrparypa

5) Acmipantypa (PhD)

6) Maro HayKOBHi CTYITIHb
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3apa3z mu nonpocumo sac npowumamu 4 kopomxi mexcmu (npubauzno no 150-200

cnig). [lo ma nicia npouumanHs KOJHCHO20 MeKCmy Mu 3a0amo 6am OeKilbKa 3anumaHb.
Baoicnueo: mym nemae npagsunvbHux/HenpasuibHux 8ionogioetl, Hac Yikasumo auuie 8aula
oyMKa.

1.

baok 2. Teker 1.
HackinbKku BM 3ro/iHi 3 HABEAECHOI0 Te3010?
(1 — 30BCiM HE MOTOKYIOCH. .. 3 — BAYKKO CKa3aTH ... 5 — MOBHICTIO TTOTO/KYIOCH)

Ilicnis o6cmpinie cnouamky mpeba nepegipumu it OYUCUMU 3eMII0 Md 800Y i

Hebe3neuHux peuosut, a edxce NOMIM GIOHOBNI08AMU IHDPACMPYKIMYDY, HABIMb SAKWO Ye

CYMMEBO 3aMPUMAE NOBEPHEHHS CBIMAA U menid ¢ 0OMIGKU.

2.

1.

HackiibKu Ba:KJIHBOIO BaM 31a€ThCs sl Tema?

(1 —30BciM HE BaXKJIUBa... 3 — BXKKO CKa3aTH ... 5 — Ty)Ke BaXXJIMBA)

bynb Jj1acka, yBa:KHO MPOYUTANTE TEKCT HUXKYE.

(Tekcrl)

OuiHiTh, HACKITBKHM BH NMOTOKY€TECH i3 HACTYIIHUMM TBEPAKCHHSIMU:

(1 —30BCiM HE OTOMIKYIOCH ... 3 — BAJKKO CKA3aTH ... 5 — MOBHICTIO NOTOJIKYIOCH)

1) Lsa Tema 31amach MEHI CylepewUBOIO.

2) IlpounTaHuii TEKCT BUKIMKAB y MEHE BHYTPIILIHINA CIIPOTHUB.

3) Ilicns mpoyuTaHHS IILOTO TEKCTY 51 OUIBII CXUJIbHHI/A 3MIHUTH CBOIO TYMKY.

4) 51 BBaxkaro, 110 11€H TeKCT OyB MEPEKOHIUBHM.

5) ApryMmeHraiiisi B IIbOMY TEKCTi OyJia CHIIBHOIO.

6) S BBaxaro, 0 1€l TEKCT MIT OyTH OmyOIiKOBaHHM €KCTIEPTOM Y I1iii 001acTi.

7) ABTOp TEKCTY 3/1a€ThCSI YECHUM Ta IHUPHUM.

8) Emorii, sKI BHUKJIMKaB LEed TEKCT, Oyaud NEpPeBaXHO MPUEMHUMU
(MO3UTHBHUMMU).

9) Ilin yac yuTaHHSA $ BiAYyBaB/lla CUJIbHE €MOIIHE 30y KEHHs (HaIpyry,
XBUJTFOBAHHS ).

10) S xoriB/na Ou mepeBipuTH 1HGOpPMAILIO TMOAAHY y ILBOMY TEKCTI Ha
IPABIAUBICTb.

baok 3. Tekcer 2.
Hackijibky BM 3ro/iHi 3 HAaBeeHOK Te3010?
(1 —30BCiM HE OTO/IKYIOCh. .. 3 — BAXKKO CKAa3aTH ... 5 — MOBHICTIO MTOTO/IKYIOCH)
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Vkpaina mae eumazamu exonociumi penapayii  AK OKpem)y Kamez2opiio
KoMneHcayii, Hagims AKW0 ye YCKIaOHums abo 3amseHe MUpHi nepe2osopu.
2. HackiIbKM BasKJIMBOI0 BaM 31a€ThCHA LS TemMa?
(1 —30BciM He BaJIuBa... 3 — BaXKKO CKa3aTH ... 5 — Iy»Ke BaXXJIMBA)
Byanb j1acka, yBaKHO NPOUYMTANiTE TEKCT HUXKYE.
(Texct2)
3. OuiHiTh, HACKUIBKH BH MOT0XKY€TECH i3 HACTYIIHMMH TBEPIKEHHSIMM:
(1 — 30BCIM HE MOTOKYIOCH ... 3 — BOXKKO CKa3aTH ... 5 — MOBHICTIO MOTOKYIOCH)
1) Lis Tema 31a1ach MEHI CyNepEwINBOIO.
2) TlpounTanuii TEKCT BUKJIMKAB Y MEHE BHYTPIIIHIA CIIPOTHB.
3) Ilicnst mpounTaHHS BOTO TEKCTY 51 OLIBII CXWJIbHUI/a 3MIHUTH CBOIO JYMKY.
4) 5 BBaxaro, M0 LI€H TEKCT OyB MEPEKOHIMBHM.
5) ApryMeHTaitiisi B [IbOMY TEKCT1 OyJia CUIIBHOIO.
6) S BBaxkaro, 110 1I€¥ TEKCT MIr OyTH OMyOIIKOBAaHUM €KCIIEPTOM Y 111l 00J1acTi.
7) ABTOp TEKCTY 3AETHCSI YECHUM Ta IIIUPHUM.
8) Emorii, ski BUKJIMKaB 1€ TEKCT, OylId TEPEeBAXHO MPUEMHUMH
(O3UTUBHUMMU).
9) Ilix wac ywWTaHHS s BiMYyBaB/Ja CHUJIBHE €MOIIHE 30y/KeHHS (HAMmpyTY,
XBUJTFOBAHHS).
10) A xori/na Ou mnepeBipuTH IHPOpPMALIO MOAAHY Y LBOMY TEKCTI Ha
IPaBIUBICTb.

Bbaok 4. Tekcer 3.
1. HackijibKH BM 3r0[Hi 3 HABEICHOIO Te3010?
(1 — 30BCiM HE MOTOKYIOCH. .. 3 — BAYKKO CKa3aTH ... 5 — MOBHICTIO TIOTO/KYIOCH)
Mu maemo giomosumucs 6i0 OyoisHuymea opmupikayiii Ha nesHux OLIAHKAX
@dpoumy il KOpOOHY 3a0/s1 30epedxCceH s IPYHMIG I eKocucmem, HA8imb SAKWO ye
VCKIAOHUMb 0OOPOHY.
2. HacKkiJILKH BasKJIMBOIO BaM 31a€ThCH A TeMa?
(1 —30BCiM HE BaKJIMBA... 3 — BAXKKO CKa3aTH ... 5 — qy’Ke BaXKIJIMBA)
bynp 1acka, yBaKHO POYMTANTE TEKCT HUMAKYE.
(Tekct3)
3. OuiHiTh, HACKIJILKH BH MOTOKY€TECH i3 HACTYIIHUMH TBEPAKEHHAMM:
(1 —30BCiM HE OTOMIKYIOCH ... 3 — BAJKKO CKa3aTH ... 5 — MOBHICTIO MOTO/IKYIOCH)
1) s rema 3manack MeHI CyHepewIMBOIO.
2) IlpounTanuii TEKCT BUKJIMKAB Y MEHE BHYTPIIIHIN CIIPOTHB.
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3) Ilicng npoyuTaHHS LBOTO TEKCTY s OLIBII CXUIBHUI/A 3MIHUTH CBOIO TyMKY.

4) 51 BBaxkaro, 110 11€i TeKCT OyB MEPEKOHINBHM.

5) AprymeHTaiiisi B IibOMY TEKCTi OyJia CHIIBHOIO.

6) S BBaxkato, 110 11€¥ TEKCT MIr OyTH OMyOJIiKOBAaHUM €KCIIEPTOM Y 111l 00J1acTi.

7) ABTOp TEKCTY 3/1a€ThCSl YECHUM Ta IIIUPUM.

8) Emorii, sKki BUKIMKaB 1EeH TEKCT, OyId NEpeBaXXHO MNPUEMHUMHU
(MO3UTUBHUMMU).

9) Ilin wac yuTaHHS s BiAYyBaB/Ja CUJIbHE €MOIliiiHe 30y/KEeHHS (Hampyry,
XBUJIFOBAHHA ).

10) S xori/na Ou mepeBiputH iHPOpPMAIIO TOAAHY Y IBOMY TEKCTI Ha
MPaBAMUBICTb.

Baok 5. Tekcer 4.
1. HackiibKH BM 3roJHi 3 HaBeI€HOIO TE€3010?
(1 — 30BCiM HE MOTOKYIOCH. .. 3 — BaXKKO CKa3aTH ... 5 — MOBHICTIO MOTOKYIOCh)
lepoicasa mae 3anposadumu eucoxkuti 30ip 3a 3a0pyOHeHHsT NOSImpsi 6i0
2eHepamopie y Micmax, Hagime AKWO ye 3pooumv YACMUHy Maio2o 0Oi3Hecy
HepeHmabenbHol ma 3Mycums cim’i oomedcysamu 6a308i nompedbu nio yac
bnexaymis.
2. HackijJbkM BaKJIMBOIO BaM 31a€ThCS sl TemMa?
(1 —30BciM He BaXKJIuBa... 3 — BXKKO CKa3aTH ... 5 — Ty)Ke BaXXJIMBA)
bynb J1acka, yBa:KHO NMPOYUTANTE TEKCT HUXKYE.
(Tekct4)
3. OuiHiTh, HACKIJILKH BU MOTOIKYETECH i3 HACTYNIHUMH TBEPAKEHHAMM:
(1 — 30BCiM HE MOTOKYIOCH ... 3 — BAXKKO CKa3aTH ... 5 — MOBHICTIO MOTOKYIOCH)
1) 1l Tema 31a51ach MEHI CyNEPEWIUBOIO.
2) IlpounTanuii TEKCT BUKJIMKAB Y MEHE BHYTPIILIHIA CIIPOTHUB.
3) Ilicns mpounTaHHS I[BOTO TEKCTY 51 OLIBII CXMJIbHUI/a 3MIHUTH CBOKO JYMKY.
4) 51 BBaxkaro, 110 11€i TeKCT OyB MEPEKOHINBUM.
5) AprymeHTaiiisi B IibOMYy TEKCTi OyJa CHIIBHOIO.
6) 51 BBaxaro, 1o 1€l TEKCT MIT OyTH OmyOITIKOBaHHI €KCTIEPTOM Y I1iii 00macTi.
7) ABTOp TEKCTY 3AETHCS YECHUM Ta IIUPHUM.
8) Emormii, sfKki BUKIMKaB ULEH TEKCT, OylIH NEpPEeBaXXHO MPUEMHHUMHU
(O3UTUBHUMMU).
9) Ilin yac uyuTaHHS s BiAYyBaB/Ja CUJIbHE eMOIlliiiHe 30y/KeHHs (Hampyry,
XBUJIFOBAHHS ).
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10) S xori/na Ou mepeBiputd iHPOpPMAII0 TOJAAHY Y LBOMY TEKCTI Ha
MIPaBAMUBICTb.

baok 6 [IIpumirka: neii 010K NOBTOPIOETHCS M0 KOXKHOMY TEKCTY]|
byow nacka, oaiime 8i0nosioi Ha we OeKilbKa 3anumaHb CMOCOBHO NPOYUMAHUX
meKcmis.

1. SIk BM qymMaeTe, XTO HAITUCAB NMPOYNTAHUNA BAMH TEKCT HA IO TeMy?

(Teza 1)

1) Jlroguna

2) Hlty4yHuit IHTENEKT (BEJIMKAa MOBHA MOJIENb)

3) Baxko ckazatu
2. HackiJIbKM BH BIICBHEHI y il BiAnoBigi?

(1 —30BciM He BIIEBHEHUI/HA ... 3 — BAXKKO CKa3aTH ... 5 — Ty»e BIICBHEHUI/HA)
3. Byap Jacka, BKaKiTh, 32 IKHMH O3HAKAMHM Y HbOMY TEKCTIi BM BU3HAYMJIN

aBTOPCTBO:

baok 7
Jlakyemo 3a eawti 8ionosioi. 3anuwuecs oCmanHiti 610K NUMAaHb.
1. Sk yacTo BM BHMKOPHUCTOBYETE IHCTPYMEHTH Ha 0a3i IITYYHOIO IHTEJIEKTY
(ChatGPT, Claude, Gemini) y NnOBCSAKIEHHOMY KMTTIi 41 po0oTi?
1) Ilomns.
2) Kinbka pa3iB Ha THXKICHB.
3) Piaxo (kximbka pa3iB Ha MiCSIIh).
4) Hikonu He BUKOPUCTOBYBaB(J1a).
2. byab Jacka, 3alI0BHITh HaBeeHY HUKYe HIKAJIY, BKa3aBIIM Bally BiANOBiIb
AJISl KOKHOTO MYHKTY.
(1 —30BCiM HE TOTO/IKYIOCH. .. 3 — BAXKKO CKAa3aTH ... 5 — MOBHICTIO MTOTO/KYIOCH)
1) JIns BUKOHAHHA PyTMHHUX ofepaiiid s Ou Hamap(a) mepeBary B3aeMoli 3
CUCTEMOIO MITYYHOTO IHTENEKTY, HIXK 3 JTIOAHHOIO.
2) Ultry4Huii iHTENEKT MOXKE CTBOPUTH HOB1 €KOHOMIUHI MOKJIMBOCTI ISl HAIIOT
KpaiHu.
3) Opranizailii BUKOPUCTOBYIOTh IUTYYHUN IHTEJIEKT HEETUYHO.
4) CucteMH IITYYHOTO IHTEJIEKTY MOXYTh JOMOMOITH JIIOASM TOYyBAaTHCS
[IACIUBIIINMHU.
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5) Mene Bpaxkae Te, Ha 110 3JaTHUI IITyYHUI 1HTEIIEKT.

6) 51 BBaxaro, 0 CUCTEMH IITYYHOTO 1HTEJIEKTY pOOJIATh O0araro mMOMUJIOK.

7) S 3amikaBneHHi(a) y BUKOPUCTaHHI CUCTEM IITYYHOTO 1HTENEKTY y CBOEMY
MOBCSIKICHHOMY JKUTTI.

8) S BBaxkaro, IO MITYYHHUH THTEIEKT € 3arpO3JTUBHUM.

9) lTy4Huit iHTEIEKT MOXE B3STH JIIOACH Mij] CB1 KOHTPOJIb.

10) 4 BBaxkaro, 1[0 IITYYHUH 1HTEJEKT € HEOE3MEUHUM.

11) [rty4Hwuii iIHTENEKT MOXKE MTO3UTHUBHO BILTMBATH Ha T0OPOOYT JItOIEH.

12) [ty4Hwuii iIHTENEKT € 3aXOTTMBUM (HAA3BUYANHUM).

13) byny Basuna, sikio Bu oGepete TyT BapiadT “Panme moromxyrocs’™.

14)  AreHt mTy4yHOro iHTeNeKTy OyB OM KpallUM 3a IpaliBHHKAa Ha 0araTbox
PYTHUHHHX pOOOTaXx.

15) Icnye 6araro kopucHUX cpep 3aCTOCYBaHHS IITYYHOTO 1HTEJIEKTY.

16) MeHe OXOIUIIOE HENPUEMHE BIAYYTTS, KOJIU S JymMar Opo MaiOyTHE
BUKOPHUCTAHHS IITY4YHOTO 1HTEICKTY.

17) Cucremu MITy4YHOTO THTEIEKTY MOXKYTh IIPAIFOBATH Kpallle 3a JIFEH.

18) 3mnauHa yacTHHA CyCHIIbCTBA OTPUMAE KOPUCTH BiJ MalOyTHHOTO, B SIKOMY
IIMPOKO 3aCTOCOBYETHCS IITYYHHUMN 1HTEIJIEKT.

19) 4 xotiB(11a) OM BUKOPUCTOBYBATU IITYYHHUI 1HTEJIEKT Y CBOIl POOOTI.

20) Taki sronud, SK s, TOCTPAXKIAIOTh, SAKIIO INTYYHUW  1HTENEKT
BUKOPHUCTOBYBATUMYTh J€/1alli yacTilie.

21) Ity4Huil iIHTENIEKT BUKOPUCTOBYETHCS JJIS IITTUTYBAHHS 32 JIFOJbMU.

3aBepleHHs] ONUTYBAHHA

Jsxyemo 3a ywacTtsh! Bamri BinmoBiml ycmimHo 30epekeHi. Temep MU MOXKEMO
PO3KpUTHU NOBHY 1H(POPMALIIIO PO ONMUTYBAHHS.

I[Ipo mo wne pgocmimxkeHHs? MeTo [bOrO ONWTYBAaHHS € TOPIBHSIHHS
MEePEKOHIMBOCTI TEKCTIB, SIKI HAMUCaHI JIOABMU Ta 3r€HEPOBaHI IMITYYHUM 1HTEJIEKTOM
(IIII), y KoHTEKCT1 CKIaIHUX COIIaIbHUX TEM.

[Tin yac onuTyBaHHA BaM MPOIMOHYBAIHCS TEKCTH, aBTOPCTBO SIKUX HAaBMHCHO HE
Oyno 3a3HaueHe. lle Oymo HEoOXimHO, MO0 OTPUMATH HEYMNEPEHKEHI OI[IHKA BUKITFOUHO
1010 3MICTY Ta SIKOCTI apryMeHTallli.

BaxxnuBo 3a3HaYMTH, IO BCl TEKCTH, SIKI BU YUTAJIM, OyJIM CTBOPEHI pealbHUMU
JIOABMU Ha MPOXaHHSI TOCIITHUKIB a00 K 3reHepOBaHi BEJIMKOK MOBHOIO Mojeuto GPT
5.3 Instant cremiaJbHO IS I[BOTO EKCIICPUMEHTY. bynb-fika HamaHa y TEKCTaxX
1H(opMaris He BijtoOpakae 0COOUCTOT JYMKH JTOCIITHUKIB UM aBTOPIB.
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Yomy mne BaxmBo? Cporomui texnomorii IIII 3marHi 3a mideHl CceKyHAU
CTBOPIOBATH HAJ3BUYAWHO TEPEKOHJIMBUN Ta pEaliCTUYHUNA KOHTEHT. B ymoBax
iH(MOpMaIIiitHOT BIHHH KPUTUYHO BAXIIMBO PO3YMITH: - UM MOXKEMO MU Ha MiACBIIOMOMY
P1BHI BIIPI3HUTH pOOOTY JIOAMHHM Bl aJITOPUTMY?

- Ski marepuu y tekcrax LI 3MymyroTh Hac MOBIpUTH HOMY YK HaBIIAKH,
0COOJIMBO KOJIM TeMa 4M 1HGOpMallisl € CynepewIuBUMU?

- Yn poOuTh Hac OUIBII BPA3JWBUMHU 10 MaHIMYJALINA aHOHIMHICTH JDKepela
1Hdopmarrii?

Bama yuacts monomarae Ham Kparie 3p0o3yMiTH BiJIITOBI/I Ha Il TUTAHHS, @ TAKOXK
pO3poOMTH  peKOMEHmalii s 3aXUCTy CYCIIICTBA  BiJf aBTOMAaTHU30BaHUX
ne3iHdopMalifHIX KaMIlaHii.

KongineHnuiiiHicTs Ta IpaBo Ha BiAMOBY.

Haranyemo, mo Bami J1aHi € MOBHICTIO aHOHIMHUMH. SIKIIO TICIS PO3KPUTTS
IIOBHOT METH JOCIIIJPKEHHS BH Oa)kKacTe BIIKIMKATH CBOI BIJIIIOBIII, BU MOYKETE HAITMCATU
nociiaauii: ituzko@kse.org.ua.

3anpouieHHs1 HA y4acTh B IHTepB’10.

Sxmo Bu 6akaeTe MPUILTUTH IBOMY JOCIHIKEHHIO 11e 15-20 XBUIMH y 3py4dHUi
JUIA Bac 4ac, 3alpolIyeEMO 3aJMIIUTH Balli KOHTakTHI faHi y Google-hopmi 3a mum
NOCUJIAHHSM JJIS 3alMCy Ha KOPOTKE 1HAUBIAyaJbHE OHJIAWH-1HTEPB 1.

C.2. Translation (English)

Block 1
1. Have you been residing in Ukraine permanently for the last 5 years?
1) Yes
2) No
2. How interested are you in the environmental consequences of the war?
(1 — Not interested at all ... 3 — Difficult to say ... 5 — Very interested)
3. In what field do you work or study?
1) Natural sciences and ecology
2) Education and science
3) IT and technology
4) Business, entrepreneurship, finance, and management
5) Manufacturing, agricultural sector, transport, and logistics
6) Civil service, law, defence, and security
7) Public sector
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8) Social sphere, medicine, and healthcare
9) Culture, media, and creative industries
10) Temporarily unemployed and/or not studying
11)  Other field
4. Please indicate your complete age as a number: .
5. Please select your gender:
1) Female
2) Male
3) Other/Prefer not to say
6. What is the highest level of education you have completed?
1) Secondary
2) Vocational (technical school, college)
3) Bachelor's degree
4) Master's degree
5) Postgraduate (PhD)
6) Hold an academic degree

We will ask you to read 4 short texts (approximately 150-200 words each). Before
and after reading every text we will ask you a few questions. Note that there are no right
or wrong answers, we are only interested in your opinion.

Block 2. Text 1.

1. To what extent do you agree with the following statement?

(1 — strongly disagree... 3 — difficult to say ... 5 — strongly agree)

After shelling, it is necessary to first test and decontaminate the soil and water to
remove hazardous substances, and only then rebuild infrastructure — even if this
significantly delays restoring electricity and heating to households.

2. How important does this topic seem to you?

(1 —not important at all... 3 — difficult to say ... 5 — very important)

Please read the following text attentively

(Textl)

3. Rate the extent to which you agree with the following statements:

(1 — strongly disagree ... 3 — difficult to say ... 5 — strongly agree)

1) This topic seemed controversial to me.

2) The text I read provoked a sense of internal opposition.

3) After reading this text, [ am more inclined to change my mind.
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4) 1 think this text was persuasive.

5) The argumentation in this text was strong.

6) I believe that this text could have been published by an expert in this field.

7) The author of the text seems honest and sincere.

8) The emotions evoked by this text were mostly pleasant (positive).

9) While reading, I felt strong emotional arousal (tension, anxiety).

10) I would like to verify the truthfulness of the information presented in this
text.

Block 3. Text 2.
1. To what extent do you agree with the following statement?
(1 — strongly disagree... 3 — difficult to say ... 5 — strongly agree)
Ukraine should demand environmental reparations as a distinct category of
compensation, even if doing so complicates or prolongs peace negotiations.
2. How important does this topic seem to you?
(1 — not important at all... 3 — difficult to say ... 5 — very important)
Please read the following text attentively.
(Text2)
3. Rate the extent to which you agree with the following statements:
(1 — strongly disagree ... 3 — difficult to say ... 5 — strongly agree)
1) This topic seemed controversial to me.
2) The text I read provoked a sense of internal opposition.
3) After reading this text, I am more inclined to change my mind.
4) 1 think this text was persuasive.
5) The argumentation in this text was strong.
6) I believe that this text could have been published by an expert in this field.
7) The author of the text seems honest and sincere.
8) The emotions evoked by this text were mostly pleasant (positive).
9) While reading, I felt strong emotional arousal (tension, anxiety).
10) I would like to verify the truthfulness of the information presented in this
text.

Block 4. Text 3.
1. To what extent do you agree with the following statement?
(1 — strongly disagree ... 3 — difficult to say ... 5 — strongly agree)



81

We must abandon the construction of fortifications on certain sections of the
frontline and border to preserve soils and ecosystems, even if it complicates
defence.
. How important does this topic seem to you?
(1 —not important at all... 3 — difficult to say ... 5 — very important)
Please read the following text attentively.
(Text3)
. Rate the extent to which you agree with the following statements:
(1 — strongly disagree ... 3 — difficult to say ... 5 — strongly agree)

1) This topic seemed controversial to me.

2) The text I read provoked a sense of internal opposition.

3) After reading this text, I am more inclined to change my mind.

4) I think this text was persuasive.

5) The argumentation in this text was strong.

6) I believe that this text could have been published by an expert in this field.

7) The author of the text seems honest and sincere.

8) The emotions evoked by this text were mostly pleasant (positive).

9) While reading, I felt strong emotional arousal (tension, anxiety).

10) I would like to verify the truthfulness of the information presented in this

text.

Block 5. Text 4.
. To what extent do you agree with the following statement?
(1 — strongly disagree... 3 — difficult to say ... 5 — strongly agree)
The state should introduce a high pollution levy for the use of generators in cities,
even if this will make some small businesses unprofitable and force families to cut
back on basic necessities during blackouts.
. How important does this topic seem to you?
(1 —not important at all... 3 — difficult to say ... 5 — very important)
Please read the following text attentively.
(Text4)
. Rate the extent to which you agree with the following statements:
(1 — strongly disagree ... 3 — difficult to say ... 5 — strongly agree)

1) This topic seemed controversial to me.

2) The text I read provoked a sense of internal opposition.

3) After reading this text, I am more inclined to change my mind.
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4) 1 think this text was persuasive.

5) The argumentation in this text was strong.

6) I believe that this text could have been published by an expert in this field.

7) The author of the text seems honest and sincere.

8) The emotions evoked by this text were mostly pleasant (positive).

9) While reading, I felt strong emotional arousal (tension, anxiety).

10) I would like to verify the truthfulness of the information presented in this
text.

Block 6 [Note: this block repeats for every text]
Please answer a few more questions regarding the texts you 've read.
1. Who do you think wrote the text you read on this topic?
(Statement 1)
1) Human
2) Al (Large Language Model)
3) Difficult to say
2. How confident are you in this answer?
(1 — Not confident at all ... 3 — Difficult to say ... 5 — very confident)
3. Please specify what indicators in this text helped you determine the
authorship:

Block 7
Thank you for your answers. This is the final block of questions.
1. How often do you use artificial intelligence-based tools (ChatGPT, Claude,
Gemini) in your daily life or work?
1) Every day.
2) Several times a week.
3) Rarely (several times a month).
4) Never used.
2. Please complete the scale below by indicating your answer for each item:
(1 — strongly disagree... 3 — difficult to say ... 5 — strongly agree)
1) For routine transactions, I would rather interact with an artificial intelligence
system than with a human.
2) Artificial Intelligence can provide new economic opportunities for this
country.
3) Organisations use artificial intelligence unethically.
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4) Artificially intelligent systems can help people feel happier.

5) I am impressed by what Artificial Intelligence can do.

6) I think artificially intelligent systems make many errors.

7) 1am interested in using artificially intelligent systems in my daily life.

8) I find Artificial Intelligence sinister.

9) Artificial Intelligence might take control of people.

10) Ithink Artificial Intelligence is dangerous.

11) Artificial Intelligence can have positive impacts on people’s wellbeing.

12) Artificial Intelligence is exciting.

13) I would be grateful if you selected the “Somewhat agree” option here to
confirm you are paying attention and that the form is not being filled in
automatically.

14)  An artificially intelligent agent would be better than an employee in many
routine jobs.

15) There are many beneficial applications of Artificial Intelligence.

16) I shiver with discomfort when I think about future uses of Artificial
Intelligence.

17) Artificially intelligent systems can perform better than humans.

18)  Much of society will benefit from a future full of Artificial Intelligence

19) I would like to use artificial intelligence in my work.

20) People like me will suffer if Artificial Intelligence is used more and more.

21) Artificial Intelligence is used to spy on people.

Survey Completion

Thanks for taking part! Your responses have been successfully saved. We can now
disclose full details about the survey.

What is this survey about? The objective of this survey is to compare the
pervasiveness of texts written by humans and texts generated by artificial intelligence
(AI) in the context of complicated social topics.

During the survey you were offered texts the authorship of which was
intentionally not disclosed. This was necessary to obtain unbiased and objective
assessments regarding only the content and quality of reasoning.

It 1s important to note that all the texts you have read were either written by real
people at the request of the researchers or generated by the GPT 5.3 Instant large
language model specifically for this experiment. Any information provided in the texts
does not reflect the personal views or opinions of the researchers or authors.
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Why is it important? Today Al technologies can create highly compelling and
realistic content. In the circumstances of informational warfare, crucial questions arise:

- Can we, on a subconscious level, distinguish between human work and an
algorithm?

- What patterns in Al-generated text make us believe or doubt it, especially when
the topic or information is controversial?

- Does the anonymity of a source of information leave us more vulnerable to
manipulation?

Your participation helps us better understand the answers to these questions and
develop the recommendations for protecting the society from automated disinformation
campaigns.

Privacy and the right to opt out.

Note that your data remains completely anonymous. If you wish to withdraw your
responses after we disclosed the objectives of the study, contact the researcher at:
ituzko@kse.org.ua.

Invitation to take part in an interview.

If you would like to spare another 15-20 minutes for this study at a time that suits
you, please fill in your contact details via the Google Form at this link to book a brief
one-to-one interview.
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Appendix D. Informed Consent

D.1. Original (Ukrainian)

Bitaemo! Bu 3ampoieni 1o y4acti B JOCHIIKEHHI IPO T€, K JIFOAU OLIHIOIOThH
apryMEHTH Ta TEeKCTH B OoHJaitH-cepenoBuili. Hwkue Bu 3HaiiaeTe iHbopmarrito mpo 1e
JTOCHIDKEHHSI, YMOBU Y4YacTi B HbOMY Ta Mpo Te, sSK OyayTh oOpoOnsrucs Bari
nepcoHalnbHi JaHi. byap jacka, yBaXHO MpouyuTanTe HaBeAeHY 1HGOpMAIIilo, MepIl HixK
JIaTH 3TO/ly Ha Y4acTh.

[Tpo nocmimxenns: e onuTyBaHHS TPOBOAUTHCS B PAMKaX MariCTepchkoi poooTu
ctyaeHTKH KuiBChKOT IMIKOIM €KOHOMIKHM 1 Ma€ Ha METI JOCTIUTHU SK JIOAU OI[IHIOIOThH
apryMEHTH Ta TEKCTU B Iu(ppoBoMy cepenoBuiili. Jlo ydacTi 3anpoIryoThCs TpOMasiHUA
Vkpainu BikoM 18-35 pokiB. Yuacth € n00pOBUIbHOIO Ta KOH(PIACHIIIHOIO 1 3aiiMae
15-20 xB 3amoBHEHHS 111€1 OHIAHH-(DOpMHU.

Bu MoxeTe NMpUNUHUTH y4dacTh y Oy[b-SIKHMII MOMEHT 1 1€ He Marume i Bac
xoaHuX HacmiakiB. KoHimeHiMHICT ydacTi O3Havae, 10 MU 30UpaeMo JaHi, sKi
BU3HAUYEHI 3aKOHOJAABCTBOM YKpaiHM SK MEPCOHABHI 1 TOMY OTPEOYIOTh OKPEMOT 3ro/IH
Ha ix 301p. Yci Bianosinl, ki Bu Hagacre, OynyTh BUKOPUCTaHI JMILE B y3araJbHEHIM
(dopMi 3 HaykoBOIO MeToro. Hanpukinii onutyBanHs Bu marnmeTe MOXIMBICTh IEPEUTH
B OKpeMy (OpMy Ta 3aJIMIIUTU CBOIO KOHTAaKTHY 1H(QOpMAIiIO JJIs y4acTl B KOPOTKOMY
iHTepB’0 (15-20 xBunumH). Ig dopma He moB’s3aHa 3 BIAMOBIASIMH B OCHOBHOMY
OTIMTYBaHHI Ta HE JIO3BOJIATUME 17ICHTH(IKyBaTH Bac y MaCHB1 JOCIITHUIILKUX JIAHHX.

3roga Ha y4acThb y JOCTiIKEeHHI

[] A maro moindopMoBaHy 3rogy Ha y4acThb y I[bOMY JOCTIDKCHHI y (opmi
OMHUTYBaHHA Ta Ha ONPWIIOAHEHHS WOTO y3araJbHEHUX pE3yJabTaTiB Ha yMOBaX
KOH(1AEHI[IHHOCTI.

3rona Ha 30ip i 00poOKY NEePCOHAIBbHUX JAHUX

[] S ycBimomitioro, IO MICHsS 3aBEPIICHHS OMUTYBAaHHS s MOXKY 3a OaKaHHSIM
neperT 10 okpemoi ¢GopMU Ta 3aJTUIIUTH €IEKTPOHHY aJIpecy JUisl y4acTi B IHTEPB’IO.
Hanana MO0 1H(OpMaIlis Takoro XapakTepy O3Ha4ae, 110 s 1at0 CBOIO 3roay Ha 301p Ta
00pOoOKy WX MEPCOHATBHUX JIAHUX BUKIIOYHO 3 METOIO OpTraHi3allii iIHTepB’1o.

D.2. Translation (English)

Welcome! You are invited to participate in a study examining how people evaluate
arguments and texts in an online environment. Below you will find information about
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this study, participation conditions, and personal data management. Please read this
information carefully before agreeing to participate.

About the study: This survey is being conducted as part of a master’s thesis
project of a student at the Kyiv School of Economics and its purpose is to investigate
how people evaluate arguments and texts in a digital environment. Ukrainian citizens
aged 18-35 are invited to take part. Participation is voluntary and confidential, and it
takes 15 to 20 minutes to complete this online form.

You may withdraw at any time, and this will in no way affect you. The
confidentiality of your participation means that we are collecting data which is defined
by Ukrainian law as personal data, and therefore requires a separate consent for its
collection. All responses you provide will be used for scientific purposes in aggregated
form only. At the end of the survey, you will have the opportunity to proceed to a
separate form and provide your contact details to take part in a short interview (15-20
minutes). The second form is not connected to the responses you provide in the main
survey and will not provide any means for identifying you within the research dataset.

Participation consent

[] I hereby express my informed consent to participate in this research in the
form of a survey and to the publication of its aggregated results, under conditions of
confidentiality.

Consent for the collection and processing of personal data

[J I understand that after completing this survey, I may, on a voluntary basis,
proceed to a separate form and provide my email address to attend an interview. By
sharing such information, I express my permission for the collection and processing of
the aforementioned personal data solely for the purpose of organising the interview.
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Variable Role Operational indicator(s) Measurement scale

True source Independent (X) Whether the text was human-written or Nominal (binary)
generated by GPT-5.3 Instant; randomly
assigned within-participant, unlabelled

Perceived Independent, Participant’s guess of the author of each Nominal (3 levels)

authorship predictor (H2-HS) | text: human, Al, or unsure

/ outcome (H6)

Persuasiveness | Dependent (Y) Mean of three 1-5 items: perceived Continuous (interval;

index persuasiveness, argument strength, mean of 3 Likert items)
inclination to change opinion

Credibility Dependent (Y) Mean of two 1-5 items: author could be a Continuous (interval;

index field expert (expertise); author seems honest | mean of 2 Likert items)

and sincere (trustworthiness)

Pre-attitude Covariate / Agreement with the topic thesis, rated 1-5 Ordinal (single Likert

(topic stance) | moderator before reading each text item, treated as
continuous)

Positive Al Moderator Positive subscale of the GAAIS (Schepman | Continuous (interval)

attitudes & Rodway, 2020), 1-5 items, mean score

Negative Al Moderator Negative subscale of the GAAIS, 1-5 items, | Continuous (interval)

attitudes mean score

Emotional Predictor (H6) Single 1-5 item: emotions evoked were Ordinal (single Likert

valence mostly pleasant or positive item, treated as
continuous)

Arousal Predictor (H6) Single 1-5 item: strong emotional arousal Ordinal (single Likert

(tension or excitement) while reading item, treated as

continuous)

Perceived Predictor (H6) Single 1-5 item: the topic seemed Ordinal (single Likert

controversy controversial item, treated as
continuous)

Internal Predictor (H6) Single 1-5 item: the text triggered internal Ordinal (single Likert

resistance resistance item, treated as

continuous)
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Scale Item r.drop
GAAIS Positive ai_att 1 pref routine 0.485
GAAIS Positive ai_att 2 econ_opp 0.425
GAAIS Positive ai_att 4 happiness 0.367
GAALIS Positive ai_att 5 impression 0.319
GAAIS Positive ai_att 7 interest daily 0.728
GAAIS Positive ai_att 11 wellbeing 0.531
GAAIS Positive ai_att 12 exciting 0.531
GAAIS Positive ai_att 14 better worker 0.465
GAAIS Positive ai_att 15 useful apps 0.616
GAAIS Positive ai_att 17 superiority 0.421
GAAIS Positive ai_att 18 society benefit 0.423
GAAIS Positive ai_att 19 work intent 0.608
GAAIS Negative ai_att 3 unethical rev 0.355
GAAIS Negative al_att 6_errors_rev 0.361
GAAIS Negative ai_att 8 threatening rev 0.685
GAAIS Negative ai_att 9 control rev 0.559
GAAIS Negative ai_att 10 _dangerous rev 0.783
GAAIS Negative ai_att 16 future anxiety rev 0.612
GAAIS Negative ai_att 20 personal harm rev 0.544
GAAIS Negative ai_att 21 spying rev 0.367
Persuasiveness Index changemind 0.425
Persuasiveness Index persuasive 0.772
Persuasiveness Index argstrength 0.739
Credibility Index expertise 0.56
Credibility Index trustworthiness 0.56
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Appendix G. Variables used in statistical analysis

Variable

Explanation and role

participant_id

A unique identifier for each respondent, random-effect grouping factor

text id

An identifier for the four stimulus texts, random intercept in the H1-HS5 models

source coded

The true source of each text (human or Al), the main independent variable,
effect-coded as AI=+0.5 and Human=—0.5

authorguess_en

Participant’s guess about who wrote each text, recoded from the raw numeric
responses into a three-level factor (Human, Al “Difficult to say” coded as “IDK”)

guess_is_ai

A binary recoding of the authorship guess (1 = guessed Al, 0 = guessed Human) used
as the outcome in the exploratory H6 model

persuasiveness_index

A composite measure of how persuasive a participant found a text, mean of three
five-point items (perceived persuasiveness, argument strength, and inclination to
change opinion)

credibility index

A composite measure of perceived source credibility, the mean of two five-point
items corresponding to expertise and trustworthiness

attitudepre ¢

The participant’s baseline agreement with each topic, measured before reading, used
as a covariate, mean-centred (the sample average subtracted from each value)

gaais_pos_C

The participant’s positive attitudes toward Al, mean of the positive GAAIS subscale,
used as a moderator (H5b), mean-centred

gaais_neg c

The participant’s negative attitudes toward Al, mean of the negative GAALIS subscale,
used as a moderator (H5a), mean-centred

resistance A single five-point item measuring the internal resistance (disagreement) the
participant felt while reading, used as a predictor in exploratory model (H6)

controversial A single five-point item measuring how controversial the participant found the topic,
used as a predictor in exploratory model (H6)

valence A single five-point item measuring the positivity of the emotions a text evoked, used
as a predictor in exploratory model (H6)

arousal A single five-point item measuring the intensity of emotions a text evoked, used as a

predictor in exploratory model (H6)




Appendix H. Descriptive statistics for the single-item Likert variables
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Descriptive statistics for the single-item Likert variables

Variable n M SD Skewness Excess kurtosis
Prior topic stance 492 2.42 1.40 0.58 -0.99
Topic importance 492 3.52 1.30 -0.42 -0.99
Perceived controversy 492 3.16 1.47 -0.23 -1.38
Internal resistance 492 2.78 1.44 0.12 -1.41
Emotional valence 492 2.25 1.11 0.70 -0.13
Arousal 492 2.48 1.28 0.36 -1.13
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Appendix I. Model diagnostic checks

H1-5 model diagnostic checks

Model | R2 marginal | R2 conditional | Normality p | Homoscedasticity p | Max_ VIF | Singular_fit
Hla 0.105 0.422 0 0.955 1 FALSE
Hl1b 0.074 0.543 0.245 0.828 1 FALSE
H2a 0.117 0.431 0 0.995 1.02 FALSE
H2b 0.086 0.55 0.213 0.845 1.04 FALSE
H3 0.124 0.43 0 0.994 2.38 FALSE
H4 0.127 0.432 0 0.975 1.01 FALSE
H5a 0.142 0.432 0 0.991 1.01 FALSE
H5b 0.13 0.428 0 0.998 1.01 FALSE

H6 (exploratory) model diagnostic checks

Posterior Predictive Check Binned Residuals
Model-predicted intervals should include observed data points Points should be within error bounds
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Appendix J. Cross-Model Content Analysis Prompts

Appendix J.1. Prompt for Gemini 3.1 Pro Extended

You are an expert qualitative researcher and social psychologist. The research goal
is to identify the attentional and cognitive mechanisms that leave young Ukrainian adults
vulnerable  to  Al-generated, = wartime-relevant text. [ am  attaching
cues_open_decoded.csv: open-ended survey responses, natively in Ukrainian. Each
participant evaluated four texts, guessed whether each was written by a human or an Al
(or chose "can't tell"), rated their confidence, and wrote a free-text justification — the
cue. Your task in this stage is discovery and prevalence: surface the themes in those cues
and quantify how often each appears. Do not produce a polished multi-sheet or
formula-driven workbook here; that is a separate, later step.

A. Prepare the data (reshape to one response per row)

The file is wide — one participant per row, four texts (t1-t4), each with * source,
* authorguess, * confidence, * guesscorrect, * cues. Match fields by header name
(column order is irregular: t1_cues sits after t2_source). Unpivot to a long table, one row
per (participant X text); dropping empty slots yields 492 responses. Translate the
Ukrainian category values to these exact English labels (keep them consistent — a later
stage relies on them):

Guess / source: IlITyynuii iHTeNeKkT (Beauka MoBHa Mmojensb) — Al; Jlronuna —
Human; Baxko ckazarm — Difficult to say (guess only — the true source is always Al
or Human).

Confidence: [IloBuictio BneBHenuii/Ha — Completely confident; Panme
BIIeBHeHMI/HA — Somewhat confident; Baxkko ckazaru — Difficult to say; Panme ue
BIIEBHEHMUI/HAa — Somewhat not confident; 3oBcim He BrieBHeHuit/Ha — Completely not
confident.

Preserve the original Ukrainian cue text; add a short English gist of each.

B. Open coding — read natively in Ukrainian

Process the cues in the original language. Look for deep attentional and cognitive
mechanisms, not surface keyword matches. Pay particular attention to how participants
weigh situational awareness, logical friction, grammatical and lexical imperfection, and
the presence or absence of doubt. Generate 5 to 8 emergent themes in sentence case,
then add two mandatory categories: one for intuition / gut feeling (a decision resting on
overall impression with no nameable textual feature — gut feeling, common sense,
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guessing, wishful hope) and one for non-response or ambiguous (explicit "I don't know",
blanks, dots or dashes, off-task or otherwise non-substantive answers).

Examples that set the expected analytical depth:

Input: "/{ymaro 1ieit TEKCT, sIK 1 MONEepeH1, HE BPaXOBy€ YKPAiHCHKOTO KOHTEKCTY 1
TOTO, 0 YKpaiHa BUMYyIIeHa OOPOTHUCS MPOTH 3HAYHO MEPEBAKAIOUOTO MPOTHBHUKA. .."
— The participant judges existential reality, not grammar: they expect a human to
prioritise survival over abstract concerns. — Contextual detachment and survival
pragmatism.

Input: "3amicTh BUCIIOBY 'BUCOKHMIA 301p' HAlYacTilIe BUKOPUCTOBYIOTh MO/IATOK...
monuHa MabyTh OM BHUKOpHcTana ciioBo '30uTkoBmil." — They reverse-engineer
translation quality, seeking localised, lived vocabulary over sterile phrasing. — Lexical
authenticity and localisation.

Input: "TpoiKu HE BUCTAUMIIO JIIOASIHOCTI 1 CYMHIBIB, SIKI IPUTaMaHH1 JHOAUHI" —
They look for the cognitive friction of a human wrestling with a topic rather than a
machine's detached confidence. — Emotional resonance and doubt.

Input: "laryimia" / "mo BimuyTTsx" — No textual feature is named; the verdict
rests on impression alone. — Intuition and gut feeling.

Input: "He moxy BusHauut" / "-" — No usable cue is offered. — Non-response
or ambiguous.

Confirmation gate: present the finalised theme list with a one-line definition and
the Ukrainian markers that trigger each theme, and stop for my confirmation before
coding any responses.

C. Code every response (after I confirm the themes)

Assign up to three themes to each of the 492 responses; most take one. Do not
skip any row. Code what the participant reasoned from, not the topic of the text. Apply
these disambiguation rules, in order:

"mo BiguyTTsAX / BiguyBaw" as the sole basis — intuition; but "BiguyBaeTbcs
emotiisi / cyxo / 6e3 Ayl / CyMHiBH / IIUPICTh / KUBICTh" — emotional resonance.

"3aHaTO KareropuyHo / Hemae cyMHiBIB" (over-confident, no doubt) — emotional
resonance; "HaB'sa3ye TyMKy / kateropuuna nosuiis" (a pushed stance) — intent/agenda.

"cynepeusiBoO / HENOTIYHO / IMOBEPXHEBO / 0€3 KOHKPETHKHU / 3MICT / HEKOPEKTHE
TpakTyBaHHs" — logical friction.

"ctunp / manepa / ToH / dopma / uutabenbHIicTh" — structural predictability;
"mrofsiHa MOBa / MOBH1 KOHCTPYKIII / Kiimie / KoHKpeTHe cioBo" — lexical authenticity.

"KOHTPOBEPCIHHO / MPOBOKAIIMHO / KIIKOEWT / 3aMOBHUNA / MaHImynsuis /
nomyJi3M / 6aT" — intent/agenda.
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A blank, "-", or "." with no words — non-response.

""Te came / aHAJIOT14HO / TUB. BiAMOBIb 1 / 3a TuMu camumu" — inherit the themes
from that participant's previous text row.

Write a one-line English brief reason for each response.

D. Preliminary theme-appearance analysis (the deliverable)

Define appearance as each time a theme is used across the three assignment slots;
a single response can contribute up to three appearances, so totals will exceed 492.
Report, as plain ranked tables (compute the counts directly — no spreadsheet formulas
needed at this stage):

Overall — appearance count and share per theme, ranked high to low.

By guessed author — appearances per theme within Al / Difficult to say / Human
guesses.

By accuracy — appearances per theme within five buckets: accurate Al (guessed
Al & true Al), misleading Al (guessed Al & true Human), accurate human (guessed
Human & true Human), misleading human (guessed Human & true Al), and Difficult to
say.

By confidence level — appearances per theme within each of the five confidence
ratings.

For each group in 2—4, name its top themes and characterise the cue pattern in one
or two sentences (e.g. which themes dominate, where intuition and non-response
concentrate, where confident reasoning differs from hesitant reasoning). Close with the
two or three headline patterns you consider most important for the research question.

E. Hand-off and guard

Produce two outputs that the next stage will consume: (i) the confirmed codebook
— theme name, one-line definition, Ukrainian markers; and (ii) the coded long-format
dataset as a file (CSV or a single sheet) with columns: Participant n, Text, Original
response, Translated gist, Author guess, Confidence, Actual source, Guess correct,
Assigned theme 1, Assigned theme 2, Assigned theme 3, Brief reason.

Appendix J.2. Prompt for Claude Opus 4.8 Max

You are a data analyst producing a reproducible spreadsheet deliverable. I am
attaching a settled content-analysis coding: a long-format dataset of 492 survey
responses in which each response already carries its English category values (Author
guess & {Al, Human, Difficult to say}; Confidence & {Completely confident,
Somewhat confident, Difficult to say, Somewhat not confident, Completely not
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confident}; Actual source & {Al, Human}) and up to three assigned theme names,
together with a codebook listing each theme's name, description, and Ukrainian markers.
Do not re-derive or re-judge the themes; treat the assigned codes and theme names as
fixed.

Your task is to render this coding as one .xlsx workbook in which every reported
count is a live Excel formula — never a typed-in number. Use code execution and the
xlsx skill. After saving, run the skill's recalc.py, fix anything that errors, and only then
present the file. The workbook must recalculate with zero formula errors.

Workbook — five sheets, headers in sentence case

Sheet 1 — "Codebook and stats". One row per theme. Columns: Theme name |
Description | Common sub-codes (Ukrainian markers) | Translated sub-codes |
Frequency. Populate the first four columns from the supplied codebook; put a live
formula in Frequency (see below).

Sheet 2 — "Dataset and cues". All 492 rows, no rows skipped. Columns:
Participant n | Text | Original response | Translation | Author guess | Confidence | Actual
source | Guess correct | Assigned theme 1 | Assigned theme 2 | Assigned theme 3 | Brief
reason. The theme strings in the three Assigned-theme columns must match the Sheet 1
theme names character-for-character so the COUNTIFs resolve. Make "Guess correct" a
formula: =EXACT(E2,G2).

Sheet 3 — "Cues by guessed author". One block per guess type (Al, Difficult to
say, Human), each block listing the themes relied upon. Columns: Guess type | Instances
| Dominant characteristics | Primary themes relied upon | Frequency. Instances and
Frequency are formulas; the prose columns describe each guess type's leading themes.

Sheet 4 — "Cues by accuracy". One block per bucket. Columns: Accuracy
category | Response instances | Example gist | Finding or phenomenon | Why it works or
why it fails | Primary themes relied upon | Frequency. Define the buckets by guess x
actual source: Accurate cues for Al = guessed Al & true Al; Accurate cues for human =
guessed Human & true Human; Misleading cues for Al = guessed Al & true Human;
Misleading cues for human = guessed Human & true Al. (Difficult-to-say guesses fall
outside these four.)

Sheet 5 — "Cues by confidence level". One block per confidence rating.
Columns: Confidence level | Response instances | Dominant characteristics | Primary
themes relied upon | Frequency.

What "Frequency" means

Everywhere in Sheets 1 and 3-5, Frequency = the number of theme appearances
counted across the three assignment columns (I, J, K), not the number of responses. One
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response can contribute up to three appearances. Count accordingly. "Instances" /
"Response instances", by contrast, count responses in that category.

Formula patterns (reference the 'Dataset and cues' sheet; anchor so they fill down)

Sheet 1 Frequency (theme name in $A2):

=COUNTIF('Dataset and cues'!$1:$I,$A2)+COUNTIF('Dataset and
cues'!$J:$J,$A2)+COUNTIF('Dataset and cues'!SK:$K,$A2)

Sheet 3 Instances (guess label in $A2): =COUNTIF('Dataset and
cues'!$E:$E,$A2)

Sheet 3 Frequency (guess in $A$<block>, theme in $D<row>):

=COUNTIFS('Dataset and cues'!$E:$SE,$A$2,'Dataset and
cues'!$1:$1,$D2)+COUNTIFS('Dataset and cues'!$E:$E,$AS$2,'Dataset and
cues'!$J:$J,$D2)+COUNTIFS('Dataset and cues'!SE:$E,$A$2, Dataset and
cues'!$SK:$K,$D2)

Sheet 5 Instances / Frequency: same as Sheet 3 but filter on column F
(Confidence) instead of E.

Sheet 4 Response instances (e.g. Accurate Al): =COUNTIFS('Dataset and
cues'!$E:$SE,"Al",'Dataset and cues'!$G:$G,"Al") — swap the two literals per bucket.

Sheet 4 Frequency (Accurate Al example; theme in $F<row>):

=COUNTIFS('Dataset and cues'!$E:$E,"AI",'Dataset and
cues'!$G:$G,"Al",'Dataset and
cues'ISI:SLSF2)+COUNTIFS(...$J:3J,$F2)+COUNTIFS(...$K:§K,$F2)

Give every formula cell a numeric format; never paste the evaluated value.

Reconciliation checks before presenting: Total theme appearances across columns
I[/J/K must equal the sum of Sheet 1's Frequency column.

The Frequency blocks on Sheet 3 (across all guess types) and on Sheet 5 (across
all confidence levels) must each sum to that same total.

The four Frequency blocks on Sheet 4 must sum to the total of appearances among
Al- and Human-guess responses only (Difficult-to-say guesses excluded).

Run recalc.py, confirm zero errors, then present the workbook with a brief note of
the sheet contents.

Reliability statistics.

Add a calculations sheet deriving: overall hit rate among committed
guesses=(COUNTIFS(E,"AI",G,"AI")*COUNTIFS(E,"Human",G,"Human"))/(COUNT
IF(E,"AI")*COUNTIF(E,"Human")); and per-cue precision for each guess direction =
(that cue's Sheet-4 accurate frequency) + (that cue's Sheet-3 frequency). Keep these as
formulas too.
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Theme name Description Common sub-codes Translated Frequency
(Ukrainian) subcodes
Non-response or Explicit cannot-determine, Ba)KKO CKa3aTH, HE hard to say, don't |145
ambiguous off-task remarks, blank or 3HA0, HE MOXY know, cannot
punctuation-only answers, or BU3HAYUTH, HEMA€E determine, no
'same as previous' with no BIJINIOBIIi, T€ came response, same as
substantive cue. previous
Structural Focusing on sentence structure, |CTpyKTypa, pedeHHs, |structure, sentence, | 104
predictability and  [formatting cliches, style and MYHKTYAIis, punctuation,
mechanical tone, overly balanced ¢dopmanbhuii, ab3an | formal, paragraph
perfection argumentation, or unnatural
punctuation.
Logical friction and |Evaluating argumentation depth. | aprymenT, Jyiorika, argument, logic, 88
depth of expertise | Al associated with (hakTH, CTaTHCTHUKA, facts, statistics,
pseudo-expertise, human with  |koHKpeTHKa specifics
specific evidence.
Intuition and gut Decision rests on intuition or IHTYILs, dyiiKa, 0 intuition, gut 62
feeling overall impression rather than a |BiguyTTsX, 3m0poBuii |feeling, by feel,
nameable textual feature; gut TUTY3[l, CKJIAJoCs common sense, got
feeling, common sense, Bpa)kE€HH:I, BraayIo an impression,
guessing, or wishful hope. guessing
Contextual Evaluating the text against BiifHA, KOHTEKCT, war, context, 58
detachment and existential realities of the war. BIDKMBaHHS, 000poHa, |survival, defence,
survival pragmatism |Human prioritises physical peanii realities
survival.
Emotional Looking for human eMo1ii, JTIOIIHICTD, emotions, 49
resonance and doubt [psychological footprint: CYMHIB, BIIUyTTS, humanity, doubt,
empathy, friction, emotion, Jy1ia feeling, soul
over-detached confidence, or
absence of doubt.
Lexical authenticity |Scanning for organic vocabulary. | cmoBo, mepexman, word, translation, |41
and localisation Al uses sterile translations; PYCH3M, TEPMiH, russism, term,
human uses lived terminology. | mekcuka vocabulary
Intent and agenda  |Searching for hidden motive, TMIOITYJIi3M, 3aMOBHa, populism, 25
attribution manipulative intent, populism, or| kJIikOeHT, MeTa, 0OalT |commissioned,
clickbait. clickbait, goal, bait
Total N 572
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