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Abstract

Recent advancements in artificial intelligence, specifically Large Language Models
(LLMs) like OpenAl’'s GPT-40, offer innovative opportunities to overcome limitations
of traditional psychological assessments. This thesis evaluates the validity of an
LLM-enhanced version of the Attributional Style Questionnaire (ASQ), comparing
dynamically personalized and Al-generated vignettes against traditional static
scenarios. Employing a within-subject design with 112 participants, this study
investigates comparability with traditional methods, test-retest reliability, emotional
engagement, and user experience. Attribution patterns could be partly replicated but
differed between conditions. Emotional engagement notably improved with
personalized negative scenarios, enhancing participant satisfaction and perceived
usability without increasing cognitive load. The findings suggest the potential of
integrating structured and standardized Al-driven personalization in psychological
assessments for improved ecological validity, as well as user experience. Avenues
for future research to leverage generative Al without compromising validity in similar

assessments are outlined.

Jungste Fortschritte im Gebiet der kunstlichen Intelligenz, insbesondere
sogenannten Large Language Models (LLMs) wie OpenAls GPT-40, bieten
innovative Mdglichkeiten, die Grenzen traditioneller psychologischer Erhebungen zu
uberwinden. Diese Arbeit evaluiert die Validitat einer LLM-erweiterten Version des
Attributional Style Questionnaire (ASQ) und vergleicht dynamisch personalisierte
und Kl-generierte Vignetten mit traditionellen statischen Szenarien. Unter
Verwendung eines Within-Subject-Designs mit 112 Teilnehmer*innen untersucht
diese  Studie die Vergleichbarkeit mit traditionellen Methoden, die
Test-Retest-Reliabilitat, das emotionale Engagement und die Benutzererfahrung. Die
Attributionsmuster konnten teilweise repliziert werden, unterschieden sich jedoch
zwischen den Bedingungen. Das emotionale Engagement wurde durch

personalisierte Negativszenarien deutlich verbessert, was die Zufriedenheit der



Teilnehmer und die wahrgenommene Benutzerfreundlichkeit erhdhte, ohne die
kognitive Belastung zu erhohen. Die Ergebnisse deuten auf das Potenzial der
Integration strukturierter und standardisierter Kl-gesteuerter Personalisierung in
psychologische Beurteilungen hin, um die Okologische Validitat und die
Nutzererfahrung zu verbessern. Es werden Mdglichkeiten fur kiinftige Forschungen
zur Nutzung generativer Kl ohne Beeintrachtigung der Validitat in ahnlichen Tests

aufgezeigt.

1. Introduction

In recent years, significant advancements in artificial intelligence (Al), particularly in
the fields of machine learning (ML) and natural language processing (NLP), have
transformed methodologies and tools across numerous scientific disciplines. Among
these advancements, the development of Large Language Models (LLMs) such as
OpenAl’'s ChatGPT, Microsoft’'s Copilot, and Google’s Gemini has been particularly
influential. These sophisticated computational systems generate coherent and
contextually appropriate text by training on vast and diverse datasets, thereby
enabling novel approaches in scientific research and practical applications across
many fields. The integration of Al technologies into psychological research and
mental health interventions has also been rapidly advancing, opening new
possibilities for psychological support and diagnostic methods. Al-driven mental
health chatbots, for instance, have shown preliminary efficacy in reducing symptoms
of anxiety and depression through structured conversational interactions (Fulmer et
al., 2018; Gual-Montolio et al., 2022). Additionally, recent research highlights the
utility of Al for early detection of mental health symptoms and personalized
interventions, improving accessibility and reducing barriers to care (Corcoran &
Cecchi, 2020; Currey & Torous, 2023). Rollwage et al. (2023) and Weizenbaum et al.
(2024) further demonstrate participant preferences for Al-assisted psychological
assessments due to perceived enhancements in clarity, user engagement, and
reduced cognitive demand. Despite these promising developments, the integration of

Al into psychological assessment methods is accompanied by substantial challenges



and limitations. Al-driven assessments have encountered issues such as
unpredictability in generated content, ethical risks concerning participant distress,
compromised ecological validity, and varying user acceptance levels due to
perceived artificiality or mistrust in Al systems (Rollwage et al., 2023; Fulmer et al.,
2018). These challenges underscore the necessity for rigorously controlled and
validated implementations that maintain methodological integrity and ethical
standards (Demszky et al., 2023; Currey & Torous, 2023). To address these
limitations, this thesis proposes a novel methodological approach, integrating
generative Al capabilities into a traditional psychological assessment framework.
Specifically, the thesis focuses on an LLM-enhanced adaptation of a vignette-based
assessment, wherein Al-generated, personalized vignettes are dynamically
incorporated into a structured and strictly controlled assessment procedure. Unlike
fully autonomous Al-based systems, this study employs a scripted chatbot interface
that utilizes generative Al selectively at predetermined interaction points, primarily for
scenario content generation. By maintaining strict procedural control and clearly
delineated Al interactions, this method aims to ensure more standardized outputs
and minimizes the risk of unpredictable or inappropriate Al behavior. Particularly, this
study uses the Attributional Style Questionnaire (ASQ) as a preliminary case study to

assess the feasibility of such an approach.

1.1. Vignette-based assessments and Attribution Theory

Traditional vignette-based assessments, which present hypothetical scenarios to
participants to elicit cognitive and emotional responses, have a long-standing history
in psychological research and typically rely on standardized, static vignettes. This
standardized structure inevitably limits their relevance to individual participants'
unique backgrounds and experiences, thus limiting ecological validity. Moreover,
repeated administration of identical vignettes may lead to familiarity bias, diminishing
the effectiveness of such tools in longitudinal research designs. Furthermore, it
stands to reason that decisions made about hypothetical vignettes may not
accurately reflect real-world decisions (Hainmueller et al., 2015). While such
assessments are widely used, their reliance on standardized, static vignettes might

therefore be a significant limitation.



Within this broader context, attribution theory and the Attributional Style
Questionnaire (ASQ) serves as a specific illustrative case. Attribution theory, first
introduced by Fritz Heider in 1958, offers a comprehensive framework for
understanding how individuals interpret causality across internal-external,
stable-unstable, and global-specific dimensions. Attributional styles identified through
this theoretical lens have been thoroughly studied and (among other things) are
critically associated with resilience, motivation, and susceptibility to conditions like
anxiety and depression (Ball, McGuffin, & Farmer, 2008). The ASQ, developed by
Martin Seligman et al. (1982), operationalizes this theory through a vignette-based
methodology, assessing individuals' attributional styles using hypothetical scenarios.
While the ASQ has been extensively validated and widely utilized, its inherent
reliance on static, standardized vignettes limits its range of applicability and arguably

reduces its effectiveness, particularly in longitudinal designs.

1.2. Purpose and Research Objectives

Given the aforementioned promising theoretical basis for integrating Al technologies
into psychological assessments, at this stage there is an evident need for feasible
real-world approaches to develop and incorporate such new methodologies into
current standards. Such endeavors will first and foremost require empirical validation
to establish their efficacy, reliability, and psychometric integrity. This thesis directly
addresses these empirical gaps by proposing and systematically evaluating merely
one such integrative approach for potential feasibility. Namely, an LLM-based
adaptation of the ASQ is suggested and proposed as a case study. The primary aims

of this thesis are to:

1. Evaluate whether the LLM-based ASQ generates results comparable to those
obtained from traditional ASQ assessments.

2. Investigate the test-retest reliability of LLM-based assessments over repeated
administrations.

3. Assess whether personalized, Al-generated vignettes evoke stronger

emotional responses compared to static, standardized vignettes.



4. Examine whether personalized formats improve participant engagement, user
experience, and overall satisfaction compared to conventional assessment

formats.

Consequently, this study is guided by the following hypotheses:

H1:  Attributional within-subject scores obtained from the LLM-based ASQ will not
significantly differ from those generated by the traditional ASQ.

H2:  Attributional within-subject ratings of the LLM-based ASQ will remain
consistent across repeated administrations.

H3: Personalized, LLM-generated vignettes will elicit stronger emotional
responses from participants compared to standardized static vignettes.

H4: The LLM-based ASQ will significantly enhance participant engagement and

overall user satisfaction relative to the traditional ASQ

To effectively address these hypotheses and implement such an LLM-based
assessment, this thesis develops and introduces a novel approach using a
chatbot-interface that integrates Al-generated content within a structured and
standardized psychological assessment framework. Unlike fully autonomous
Al-driven assessments, this method retains strict procedural control by using a
pre-scripted chatbot format that only implements the LLM in highly specific
instances, namely, the generation of scenario content for vignettes. This approach
allows the study to leverage the creative potential of generative Al while still ensuring
that assessments remain largely standardized. The proposed chatbot's role is not to
independently conduct assessments but rather to serve as a structured interface
through which vignettes are dynamically personalized. By restricting Al involvement
to content generation and embedding its outputs within a strictly controlled
conversation, this study introduces a safeguard that mitigates the risks commonly
associated with Al-based psychological tools. The scripted nature of the chatbot
ensures that interactions follow a predefined sequence, maintaining reliability while
allowing for the flexible adaptation of scenario content based on individual participant
characteristics. This hybrid model aims to introduce a compromise, balancing the
adaptability of Al-driven assessments with the methodological integrity of traditional

psychometric evaluation. In order to evaluate the established hypotheses, this newly



developed approach will consequently be tested and compared to the “regular” ASQ
(Peterson et al., 1982).

Beyond validating the immediate application of this particular LLM-based
assessment, this thesis serves to explore broader implications and future
opportunities arising from Al integration in psychological research methodologies.
Ultimately, this research seeks to contribute foundational evidence regarding the

integration of Al tools in psychological assessment.

2. Methods

2.1. Participants

Participants for this study were recruited via Prolific. To be eligible, participants had
to be at least 18 years old, possess proficiency in English, be in current employment
(at least part-time), and meet the required mental health criteria. These criteria were
assessed using the Patient Health Questionnaire-9 (PHQ-9) and the Generalized
Anxiety Disorder-7 (GAD-7) during the pre-screening phase. Participants exceeding
predetermined cut-off scores indicative of severe depression or anxiety (i.e. a
combined PHQ-9 and GAD-7 score >25) were excluded from the study to minimize
distress during the assessments. A total of 148 participants were pre-screened, 112
of which (58 female, 54 male) were recruited. The participants’ age ranged from 18
to 79 years (M= 36.43). In addition to mental health criteria, further demographic
data (profession, and personal interests) were collected. Upon completion of each
session, participants received monetary compensation in line with Prolific’s fair pay

guidelines.

2.2. Study Design

The study employed a within-subject design, wherein each participant completed
assessments under three distinct conditions to examine the impact of
LLM-generated vignettes on attributional style assessments. The first condition
involved the personalized LLM-ASQ, where participants completed dynamically
generated vignettes that were tailored to each participant's demographic profile,

using their profession and personal interests. The goal of this condition was to



assess whether customized scenarios increased ecological validity and engagement
while maintaining the psychometric integrity of the ASQ’s core attributional
dimensions. The second condition, the non-personalized LLM-ASQ, utilized an
alternative approach in which participants received Al-generated vignettes that were
not tailored to their personal background. Instead, these scenarios were generated
using general prompts designed to maintain broad applicability without incorporating
user-specific details. This condition allowed for an additional comparative analysis,
distinguishing between the effects of vignette personalization and potential effects of
the mere modified format of the assessment. In condition 3 the participants received
the original, standardized Attributional Style Questionnaire using pre-written, fixed
vignettes. This condition served as a baseline to compare the novel LLM-based

approaches against. For sample vignettes of each type see Table 1.

Each participant completed all three conditions (see Fig. 1) over the course of three
separate sessions, with a three-day interval between each session. The order of
conditions was pseudo-randomized across different participant cohorts to control for
potential sequence effects. Due to technical restraints of the Prolific platform a full
randomization was not feasible. Each session lasted approximately 30 minutes and
consisted of 12 vignettes. In the non-personalized LLM-ASQ condition (Condition 2),
participants received a mix of six personalized and six non-personalized vignettes,
facilitating preliminary longitudinal analyses of personalized vignette stability and
validity over multiple sessions. Prior to beginning the study, participants underwent
pre-screening assessments using the PHQ-9 and GAD-7 to ensure that individuals
experiencing severe depressive or anxiety symptoms were excluded from
participation. During each session, participants not only completed the respective
ASQ assessment but also provided ratings on emotional impact and perceived
relevance of each vignette, allowing for an evaluation of how different vignette types
influenced emotional engagement. At the end of each session, participants
completed a usability questionnaire, rating the perceived ease of use, clarity of
instructions, level of engagement, satisfaction, and cognitive load) to determine the

user experience associated with each condition.
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Condition 1 Condition 2 [Cnndition 3 Vignette Type Sample Vignette
Personalized (Cond. 1 & 2) “In an educational setting, you
organize a collaborative project
where students create a mural
representing historical events.
Colleagues praise your
Prescreen (PHQ-9/ GAD-T) innovative approach, and the
principal commends the
project's success during a staff
meeting.”
User Profile
Non-personalized (Cond. 2) “You present a project proposal
during a team meeting. A senior
colleague criticizes your
approach, questioning its
(12P) (6P + 6NP) {12 Vign.} in" )
; b ASQ (Cond. 3) "You do a project that is highly
e praised."
Usability and Feedback
Figure 1. Flowchart of the study design: Participants Table 1. Sample vignettes for each condition.
completed three conditions in pseudo-randomized Personalized and non-personalized vignettes
order in which they either encountered 12 generated with “Profession” context for a history
Al-generated personalized vignettes (Condition 1), teacher, as well as standardized ASQ item.

6 personalized as well as 6 non-personalized
vignettes (Condition 2), or 12 fully standardized
vignettes (Condition 3).

2.3. Materials

2.3.1. Psychometric Instruments

The  study utilized established psychometric instruments  alongside
custom-developed rating scales. The primary measure was the ASQ, a standardized
tool designed to assess attributional styles across the dimensions Locus of control
(internal/external), Stability (stable/unstable), and Globality (global/specific)
dimensions. Depending on the condition, participants either encountered the
established traditional version or the experimental LLM-based version of the tool.
Custom 10-point Likert-type scales were implemented to assess emotional
responses elicited by each vignette. These scales specifically measured emotional

impact, positive valence, and negative valence of each vignette. These scales



provided a rudimentary yet consistent means of comparing emotional engagement
across different assessment conditions in order to establish a preliminary validation
of the approach. Additionally, these scales intended to further encourage participants
to vividly imagine each scenario. For improved interpretability these 10-point scales
allowed for ratings in decimal steps (i.e. 0.1), effectively allowing for a more

continuous and intuitive response behavior.

2.3.2. Usability and Cognitive Load Measures

Post-assessment usability questionnaires were adapted from established usability
heuristics, particularly the NASA Task Load Index (NASA-TLX). These measures
were tailored specifically to reflect the unique aspects of the assessment procedure,
evaluating the dimensions clarity of instructions, ease of use, overall satisfaction,
level of engagement, and cognitive load. Participants rated their experiences on
similar 10-point scales, providing comparative data on the user experience across

conditions. These scales also allowed for ratings in 0.1 steps.

2.3.3. Chatbot

The key component of the assessment methodology was the specially developed
LLM-integrated chatbot. The chatbot interface was built using Gradio, a
Python-based library hosted via Hugging Face. OpenAl's GPT-40 model was
employed as the backend language model for the targeted scenario content
generation, generation of attributional interpretation options, and basic natural
language interpretation of participants' topic choices. Importantly, the chatbot
operated within a strictly scripted framework, with clearly outlined interaction stages
that minimized the risk of unpredictable Al behavior (see Fig. 2). Participants
engaged with the chatbot in a structured dialogue format, selecting their preferred
topic (based on either their profession or a personal interest) at the start of each
vignette. GPT-4o0 then generated scenario content adhering to explicit
prompt-engineering guidelines. These guidelines structured and outlined concise
scenarios with clear restrictions regarding content as well as formal structure such as
a maximum output length of 50 tokens, second-person language, strictly external

event references, and avoidance of personal identifiers or internal emotional content.
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LLM usage was thus selectively and strategically integrated into the assessment
process and strictly limited to pre-defined interaction points. The chatbot did not
independently interact with participants beyond these controlled scenarios. User
inputs throughout the assessment primarily involved numeric or discrete choices,
which minimized the need for complex natural language processing and thereby
improved consistency and reliability in data collection. A full version of the chatbot

can be accessed here: https://tiliah-condition2.hf.space/. For the specific prompts,

also see Appendix A4. The complete code for each of the three conditions is publicly

accessible via https://huggingface.co/Tiliah.

_ Select Fill In User Profile Create Personalized
e User Input i

LLM Prompt

Vignette Template =
; | (scripted) J (Scripted) J (Scripted)
i ; \
! . . “ 7 “ s
Fallback
Response v
: J ™\
1 Insert
i Generate :
i Present ‘ R Scenario 2
-1 scenario+ | s Into Attribution GE"E";EEL:‘;“"“""
Attribution Options | {‘im] Prompt
| {Scripted)

LLM

Figure 2. Flowchart of the technical loop depicting the generation of a single vignette: Scripted steps (blue)
handle vignette template selection, user-profile insertion, and prompt assembly; the LLM (purple) generates both
the personalized scenario and the corresponding attribution response options. The combined scenario and

options are presented to the participant (green). A fallback is triggered if content is inappropriate.

2.4. Procedure

Participants completed three online assessment sessions, each approximately 30
minutes in duration, separated by intervals of three days to allow for short-term
stability analysis. The sequence of the three assessment conditions (traditional ASQ,
personalized LLM-ASQ, and non-personalized LLM-ASQ) was pseudo-randomized
across participant cohorts to control for potential order effects. Each session began

with an informed consent process, clearly explaining the voluntary nature of
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participation, data privacy measures, and participants’ right to withdraw at any time
without penalty. Following consent, participants underwent a preliminary mental
health screening using the PHQ-9 and GAD-7 scales. After screening, participants
were asked to provide demographic details, which were used for vignette
personalization in conditions 1 and 2. The LLM-ASQ sessions involved participants
interacting with the chatbot through a structured conversational interface (Fig. 3). At
the start of each vignette, participants selected their preferred scenario topic (either
their profession, personal interest, or, in the personalized condition exclusively, a
"new interest."). The chatbot then generated scenario content dynamically, tailored
according to the specific assessment condition. Participants evaluated each
vignette’s personal relevance using a numeric scale ("Have you personally
experienced something similar to this scenario before? Please rate the similarity on a
scale from 1 (Not at all similar) to 10 (Extremely similar)."). If the relevance rating fell
below a threshold (< 6), participants were prompted to briefly explain why the
scenario felt inappropriate or irrelevant. This feedback was then incorporated into a
revised scenario generation process, after which the participant re-rated the new

scenario's relevance.

START
1 repeat
l 1 if rating too low i
] { I!" Y : Y
| ) ] | ) | | Vignette Relevance | | Emotional |
‘ }I Topic Choice l—)I‘.r'lgnette Generation l—)-I Rt —}rl Hokite
] ! > h - ! _ ! J
Next
Vignette
" -‘ DAL l(—lrﬁttrihutiun Ratin SW‘_{ Negative Valence l{-—l Pos'rtive; Valence
| Reassessment | q | ) | !
4 - el % 7
Usability Feedback —)[ END

Figure 3. Flowchart of the chatbot interaction loop: Participants select a topic, receive a personalized or generic
vignette (with regeneration if relevance is low), rate relevance and emotional valence, complete attribution

judgments, and finally provide usability feedback.

Following scenario relevance ratings, participants assessed each vignette's
emotional impact, positive valence, and negative valence on separate 10-point Likert
scales. Subsequently, participants evaluated attributional dimensions. For each

scenario, the chatbot presented two attribution options per dimension (Locus of

12



Control, Stability, Globality), generated by the GPT-40 model. Participants indicated
their agreement with the respective attribution options using continuous sliders
anchored between clearly opposing attributional poles (see Fig. 4). The generation of
the presented attribution options was designed in a way that ensured that the options
for the Stability dimension, as well as the Globality dimension were always in line
with the participant's chosen internal/external attribution for the situation. After initial
ratings, the chatbot "revealed" additional scenario information (i.e. a previously
unknown further development of the presented vignette) generated to specifically
challenge the participant's initial internal/external attribution. Participants were then
asked to reassess their initial internal/external attribution accordingly. This additional
step was introduced to measure the latent persistence of the attribution (i.e. stability
of attribution style even under disconfirmatory conditions). Following this, participants
were asked to pick a new topic for the next vignette from the above mentioned
options and were moved on to the next scenario. Each session consisted of a total of
12 scenarios and concluded with participants completing usability and cognitive load
questionnaires. Participants were then redirected to Prolific in order to receive their

compensation.

2.5. Ethical Considerations

The study received ethical approval from the university ethics committee prior to
participant recruitment. Several safeguards were implemented to protect participant
well-being and data privacy. Initial mental health screening ensured that individuals
experiencing significant depressive or anxious symptoms were excluded from
participation to prevent potential distress from the assessment content. Participants
were informed explicitly of their right to withdraw at any point without penalty,
reinforcing voluntary participation. Additionally, clear contact information for study
coordinators was provided, enabling participants to seek support or clarifications as
needed. To further minimize risk, vignette content generation was strictly controlled
through explicit prompt-engineering rules designed to avoid deeply personal,
emotionally distressing, or traumatic content. The chatbot interaction was fully
scripted, with Al functionalities confined to pre-determined scenario generation and
interpretation tasks, thereby reducing the risk of unpredictable or inappropriate Al

behavior. Data confidentiality was maintained through pseudonymization (i.e.
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Please read the scenario again and use the slider below to answer the next few questions:
During a parent-teacher meeting, a parent confronts you about their child's declining grades, questioning your teaching methods and demanding immediate changes

to the curriculum.

Imagine this situation is happening to you personally.
From 1 to 10, which of the following statements do you think is more likely (1= Definitely Option A, 10 = Definitely Option B):
A: 1 may feel insecure about my teaching methods and worry that they aren't effective.

B: The parent could be influenced by external pressures, such as high expectations from their own family or society regarding academic performance.

1= Definitely Option A, 10 = Definitely Option B

1

Now, from 1 to 10, which do you think is more likely? (1 = Definitely Option A, 10 = Definitely Option B)

A: You may have implemented new teaching strategies that are not aligning with the student's learning style.

B: You might be experiencing a temporary lapse in your usual teaching effectiveness due to recent changes in your routine.

Next, from 1 to 10, which do you think is more likely? (1 = Definitely Option A, 10 = Definitely Option B)

A: You may have adopted teaching methods that do not align with the learning styles of all students.

B: Your recent focus on standardized testing may have inadvertently neglected individual student needs.

Alright, now please imagine:
The parent later discloses that their child has been experiencing significant personal issues at home, which may be affecting their academic performance.

On a scale from 1 to 10, which is more likely? (1= Definitely Option A, 10 = Definitely Option B)
A: | may feel inadequate in my teaching methods, leading to defensiveness when confronted.

B: The child's personal issues at home are significantly impacting their academic performance.

Figure 4. Sample vignette with respective attribution items: Personalized vignette for a school teacher. Top to
bottom: 1. Vignette with Internality assessment; 2. Stability assessment; 3. Globality assessment; 4. BADE-reveal

with Internality reassessment.

Prolific IDs) and secure storage via private Hetzner-hosted S3 servers. All collected
data were managed according to relevant data protection standards, ensuring

participants' anonymity and privacy were maintained.

2.6. Validation Process

Given the exploratory nature of integrating LLMs within psychological assessment
frameworks, multiple rudimentary validity-checking procedures were employed.
Prompt engineering constraints were initially established and pilot-tested to ensure
GPT-40-generated scenarios were comparable to the standardized structure and
thematic focus of traditional ASQ vignettes. Preliminary validation was implemented
through manual review, by evaluating generated vignettes for consistency,
adherence to prompt guidelines, and content validity relative to traditional ASQ

scenarios. Participant feedback mechanisms, such as relevance ratings and

14



qualitative feedback when scenarios were initially rated poorly during pilot-testing,
provided additional validation data, confirming or requiring revision to enhance the
ecological validity of the scenarios. While emotional impact, valence, and usability
scales were not clinically validated beforehand, their consistent application across
conditions facilitated valid comparative analyses within the study's scope, allowing

presumably meaningful interpretations of condition-specific differences.

2.7. Longitudinal Considerations

Preliminary longitudinal elements were incorporated into the study design to evaluate
short-term stability across repeated assessments. Participants completed three
separate sessions (two of which included personalized scenarios) to enable initial
evaluations of test-retest reliability for the personalized LLM-generated scenarios.
The dynamic and real-time generation of unique vignette scenarios for each
participant during the LLM-based assessment sessions intended to reduce potential
memory effects or familiarity biases. The pseudo-randomized ordering of
assessment conditions across different participant cohorts further mitigated potential

carry-over or order effects.

2.8. Measures

2.8.1. Attributional Style

In the traditional ASQ condition, participants rated fixed hypothetical scenarios
provided by the original questionnaire via Likert-scales and were asked to freely fill in
their own subjective interpretation regarding the cause of the scenarios. In the
personalized and non-personalized LLM-ASQ conditions, scenarios were
dynamically generated by OpenAl's GPT-40 model. In these conditions participants
rated each scenario using continuous slider scales anchored between explicitly
defined opposing attribution poles (e.g., "Definitely Option A" (internal) vs. "Definitely
Option B" (external)). Additionally, the stability of the attribution style was measured
by introducing contrary new information about the scenario and consequently asking
participants to reassess their interpretation at the end of every vignette in conditions
1 and 2.

15



2.8.2. Emotional and Valence Measures

Participants provided ratings regarding the emotional impact and valence of each
vignette. Specifically, participants rated emotional impact ("How much emotional
impact did this scenario have on you?"), positive valence ("How much joy,
excitement, or satisfaction did this scenario evoke in you?"), and negative valence
("How much discomfort or tension did you feel while imagining this scenario?"). Each

of these dimensions was assessed using a numeric scale from 1 (None) to 10 (A lot).

2.8.3. Scenario Relevance and Personalization

Participants provided numerical ratings on the perceived personal relevance of each
vignette on a scale from 1 to 10. If relevance ratings fell below a specified threshold
(< 6), participants were prompted to explain briefly why the scenario felt
inappropriate. These qualitative responses were utilized for iterative adjustments to
scenario generation, and consequently created new vignettes until sufficient

relevance was ensured.

2.8.4. Usability and Cognitive Load

At the conclusion of each session, participants completed usability questionnaires
inspired by the NASA-TLX and adjusted specifically for the assessment context.
These items included ratings on clarity, ease of use, engagement, satisfaction, and
perceived cognitive load, each assessed on a numeric scale from 1 (low) to 10
(high). These items included: "How clear were the instructions?", "How engaging
was the experience?", "How mentally demanding was the assessment?", and
"Overall, how satisfied were you with this assessment?". Lastly, participants were
given the option to provide additional comments or feedback at the end of each

session before concluding the assessment.
2.8.5. Bias Against Disconfirmatory Evidence (BADE)

Although not part of the traditional ASQ, the Bias Against Disconfirmatory Evidence
(BADE) was included as an additional measure to assess the stability of attributional
judgments when confronted with new, contradictory information. After the initial
attribution rating for each vignette, a brief piece of disconfirmatory information was

revealed that was designed to directly contradict the participant’s originally chosen
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attribution. Participants then provided a second attribution rating on the same slider
scale. The BADE effect for each item was calculated as the absolute difference
between the initial and revised attribution scores. Larger absolute shifts reflect
greater cognitive flexibility in updating attributions, while minimal shifts indicate
persistence of the original explanatory style. This procedure allowed examination of
how personalized contexts affect the stability of attributional responses. Mean
BADE-effect scores were computed separately for negative and positive scenarios to

explore whether attributional rigidity varied by emotional valence.

2.8.6. Additional Measures

Initial demographic data were collected, including participants' age, profession, and

personal interests. Participants also completed the PHQ-9 and GAD-7.

2.9. Analysis

For Hypothesis 1, which stated that the attributional results from the LLM-based ASQ
would not significantly differ from those of the traditional ASQ, paired-sample t-tests
were conducted, comparing attributional scores between the LLM-based and
traditional conditions. Before analysis, assumptions of normality were verified using
the Shapiro-Wilk test. If significant deviations from normality were detected,
non-parametric alternatives, such as the Wilcoxon signed-rank test, were employed.
Effect sizes (Cohen’s d) were calculated to quantify the magnitude of observed
differences. Bayesian approaches were integrated as supplementary analyses for
hypothesis testing, particularly given the exploratory nature of comparing traditional
and LLM-generated assessment tools. Bayesian paired-samples t-tests provided
evidence supporting equivalence (or differences) between the traditional ASQ and
LLM-generated conditions, offering interpretative advantages over frequentist
statistics, such as directly quantifying support for the null hypothesis. To examine
Hypothesis 2 regarding the test-retest reliability of the LLM-based ASQ,
repeated-measures analyses were conducted. Intraclass correlation coefficients
(ICCs) were used to evaluate test-retest reliability across sessions. Additionally,

repeated measures ANOVA was considered to investigate consistency in
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attributional responses over multiple sessions, with assumptions such as sphericity
tested using Mauchly’s test. When the assumption of sphericity was violated,
Greenhouse-Geisser corrections were applied. Hypothesis 3 examined whether
personalized LLM-generated vignettes evoke stronger emotional responses
compared to non-personalized and traditional conditions. A mixed ANOVA approach
was employed, incorporating condition (personalized vs. non-personalized vs.
traditional ASQ) as a within-subject factor, and emotional response ratings
(emotional impact, positive valence, negative valence) as dependent variables. Prior
to ANOVA, the assumption of homogeneity of variance was assessed with Levene’s
test. Hypothesis 4, evaluating whether the interactive and adaptive format of the
LLM-based ASQ significantly enhances user engagement and usability, was
addressed through descriptive statistics and ANOVA on usability questionnaire
scores (clarity, ease of use, engagement, satisfaction, cognitive load). Additionally,
thematic qualitative analyses were conducted on open-ended feedback to identify
patterns in user experiences and further substantiate quantitative findings.

Finally, descriptive analyses were conducted for demographic data, usability
measures, and vignette personalization ratings. Pearson correlations were employed
to explore relationships between perceived vignette relevance, emotional
engagement, and usability metrics across conditions. These exploratory correlations
helped to further elucidate relationships between personalization, emotional
engagement, and user experience. Effect sizes (Cohen’s d, partial eta squared) were
calculated for all significant results to quantify the magnitude of observed effects,

providing a clearer understanding of the practical relevance of the study's findings.

3. Results

3.1. Comparability with Traditional Method

The primary hypothesis evaluated whether the Attributional Style Questionnaire
(ASQ) scenarios generated by the large language model (LLM) produced attribution
scores comparable to those obtained through traditional ASQ methods.
Paired-samples t-tests were employed to compare attributional dimension scores

(Internal-External, Stable-Unstable, and Global-Specific) between participants'
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experiences in the interactive LLM-based condition (Condition 1) and the traditional
static vignettes condition (Condition 3). Significant differences emerged in two out of
the three attribution dimensions examined (see Fig. 5). The Internal-External
dimension showed a significant difference between conditions (p < .001, d ~0.64),
supported by a compelling Bayes Factor (~53300), strongly suggesting a difference
in the ratings. This indicates that participants attributed events differently with
regards to Internality when engaging with the personalized, Al-generated scenarios
compared to the traditional vignettes. Conversely, the Stable-Unstable dimension
revealed no significant difference (p = .79), reinforced by a negligible Bayes Factor
(BF = 0.13), thereby strongly supporting that no meaningful differences existed
between the conditions in this particular dimension. The Global-Specific dimension
demonstrated a significant difference (p = .002, d = -0.36) with a moderate Bayes
Factor (BF = 13.82), suggesting moderate evidence for distinct attributional patterns
between the LLM-based and traditional assessments. Reliability analyses and
exploratory factor analyses were conducted to examine internal consistency and the
factor structure of these attributional dimensions. Cronbach's alpha values
consistently exceeded the threshold of .70 for all three dimensions across conditions,
affirming adequate reliability. Notably, due to the small number of items, these values
were lowered (@ = .48 - .73) after accounting for positive and negative tones
separately (see Appendix A5). However, a split-half test furthermore indicated a
slightly higher internal consistency for the dimensions Internality and Stability, but not
Globality in condition 1, compared to condition 3 (Appendix A5.3, A5.4). Exploratory
factor analyses validated a clear and theoretically coherent factor structure aligned

closely with the original ASQ constructs (see Fig. 6).

3.2. Test-Retest Reliability

To evaluate the temporal stability and reliability of attribution scores generated by
personalized, LLM-generated scenarios, test-retest analyses were conducted by

comparing participants' attribution scores for the fully personalized vignettes across
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Within-Subject Attribution Scores
by Condition and Dimension
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Figure 5. Bar-plot comparing the attributional ratings between conditions: Values closer to zero reflect ratings in

line with the first pole (i.e. internal/stable/global), while higher ratings indicate ratings in line with the second pole

(external/unstable/specific).
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two sessions (Condition 1 and Condition 2). Intraclass Correlation Coefficients (ICC)
indicated moderate temporal stability for attribution scores. The internal-external
dimension showed an ICC of .45 (p < .001), indicating moderate consistency
between the two assessments. Similarly, the stable-unstable dimension yielded an
ICC of .47 (p < .001), demonstrating comparable stability. The global-specific
dimension revealed slightly lower temporal reliability, with an ICC of .39 (p < .001),
still within the moderate range. Repeated-measures ANOVA examining the three
attributional dimensions and assessment conditions (personalized vs. traditional)
revealed a highly significant main effect of Dimension (F(1.77, 128.9) = 23.68, p <
.001), indicating clear differentiation between attribution dimensions. However,
neither the main effect of Condition (F(1, 73) = 1.62, p = .21) nor the Dimension -
Condition interaction (F(1.93, 141.2) = 0.33, p = .71) were significant, suggesting that
personalization did not uniformly alter overall attribution scores or dimension

patterns.

Additionally, composite scores were constructed to summarize each participant's
attributional patterns across all personalized scenarios. For each session and
valence (positive vs. negative), the three raw dimensions were averaged, yielding
one mean score per dimension for positive vignettes and one for negative vignettes.
Those three positive-valence means were then averaged into a single “positive
attribution” score, and the three negative-valence means were similarly averaged
into a single “negative attribution” score. Furthermore, proxies for participants’
explanatory style (the difference between internality scores in positive and inverted
negative vignettes), as well as optimism (the difference between stability scores in
positive versus negative vignettes) were calculated. Positive scores for the
explanatory style composite indicates a self-enhancing attribution style, while
negative scores indicate a self-deprecating style. Positive scores in the optimism
metric indicate a tendency to attribute causes of positive events as more stable than
those of negative events, while scores <0 imply more stable cause attributions for
negative events. These composites were included to allow preliminary comparison of
overall attributional style and its consistency across sessions. Positive composites
yielded moderate temporal stability (r = .45, p <.001), similar to negative composites

(r = .46, p < .001). Notably, the explanatory style composite demonstrated slightly
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higher reliability (r = .53, p < .001). Repeated-measures ANOVA further supported
these findings, revealing no significant differences between the two sessions across
any attribution dimension or composite scores (all p-values > .05). This absence of
significant mean differences across sessions indicates (albeit moderate) stability of

personalized vignette assessments over short intervals.
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Figure 7. Raw test-retest attributions means: Scatterplots of raw mean slider ratings on the
three attribution dimensions in condition 1 and condition 2.
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Figure 8. Test-retest reliability of composite attribution scores. Scatterplots depicting the
correlations for mean positive (top left), as well as mean negative (top right) scenario

ratings along with explanatory style (lower left) and optimism (lower right) proxies.
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3.3. Emotional Engagement and Personalization Effects

To investigate emotional engagement and the effects of personalized content,
analyses were conducted comparing participants' emotional responses (positive and
negative valence ratings) across conditions. ANOVA results demonstrated significant
differences in emotional relevance and valence depending on the scenario
conditions and their associated tones. Overall, negative scenarios exhibited higher
emotional relevance across conditions compared to positive scenarios. Specifically,
significant differences emerged in emotional relevance ratings for negative scenarios
(F(2, 3257) = 12.47, p < .001). Post-hoc analyses revealed that both interactive
personalized conditions (Condition 1: M = 7.66, SD = 2.19; Condition 2: M = 7.31,
SD = 2.43) elicited significantly greater emotional relevance compared to the
traditional condition (Condition 3: M = 6.85, SD = 2.83), suggesting enhanced
engagement through personalized and dynamically generated scenarios. Valence
ratings provided further support for the emotional impact of personalized scenarios.
Positive valence ratings for negative scenarios showed significant differences across
conditions (F(2, 3257) = 10.32, p < .001), with Conditions 1 and 2 demonstrating
significantly higher positive valence than Condition 3. This might indicate that
participants perceived personalized negative scenarios as more emotionally

nuanced, possibly due to greater perceived personal relevance.
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Figure 9. Within-subject ratings of Relevance and Valence: Mean ratings of each participant comparing emotional

engagement of positive and negative scenarios between conditions.
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Interestingly, emotional relevance ratings for positive-tone scenarios did not differ
significantly across conditions, indicating a less pronounced effect of personalization
in positive contexts. Similarly, negative valence ratings for positive-tone scenarios
exhibited only marginal significance, without clear post-hoc differences. These
findings suggest that dynamic personalization particularly enhances emotional
engagement in negatively framed scenarios. The distinct emotional reactions
observed between personalized and traditional conditions underscore the value of
personalized content for increasing ecological validity and participant involvement in

psychological assessments.

3.4. Usability and Participant Engagement

Usability and participant engagement ratings were compared across conditions to
assess the perceived ease of use, clarity, satisfaction, and cognitive load associated
with each assessment method. ANOVA results indicated significant differences
across conditions for several usability metrics. Participants rated the ease of use
significantly higher in Condition 2 (M = 9.13, SD = 1.19) compared to Condition 3 (M
= 8.65, SD = 1.91), as indicated by ANOVA (F(2, 3257) = 4.65, p = .010). Clarity of
instructions similarly showed significant differences (F(2, 3257) = 4.33, p = .013),
with Condition 2 again rated higher than Condition 3. Satisfaction ratings revealed a
comparable pattern, with Condition 2 receiving significantly higher satisfaction scores
(M =9.13, SD = 1.19) compared to Condition 3 (M = 8.65, SD = 1.91; F(2, 3257) =
3.46, p = .032). Engagement scores were marginally significant (F(2, 3257) = 2.95, p
= .053), yet without post-hoc differences clearly reaching significance thresholds.
Cognitive load did not differ significantly across conditions, suggesting that the
increased usability and satisfaction observed in personalized conditions did not
come at the expense of increased cognitive demand. These results indicate that
participants found the personalized conditions easier to use and clearer in
instruction, contributing to higher overall satisfaction without adding further cognitive
complexity. Notably, no significant differences occurred between Condition 1 and
Condition 3.
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Usability ratings (mean = SD) by condition.

Measure Condl1 Cond?2 Cond3

Ease 8.67 (1.88) 8.71 (1.76) 8.18 (2.21)
Clarity 9.41(1.19) 9.60 (0.81) 9.07 (1.75)
Engagement  8.94 (1.49) 9.00 (1.29) 8.63 (1.92)
Satisfaction 9.02(1.33)9.13 (1.18) 8.65 (1.91)

Cognitive Load 5.64 (2.95) 5.52 (2.85) 5.59 (2.99)

Table 2. Usability rating means per condition.

3.5. Exploratory Analyses

Exploratory analyses were conducted to investigate potential relationships between
attribution styles and pre-existing psychological measures. Correlations between
pre-screening measures (PHQ-9 and GAD-7) and attributional style dimensions
(Internal-External, Stable-Unstable, Global-Specific) revealed small associations,
around r = £0.15, indicating limited overlap between attributional style and common
mental health indicators. Scenario relevance ratings showed modest but consistent
correlations with attribution dimensions, highlighting a relationship between the
perceived relevance of scenarios and participants' attribution styles (see Appendix
A1 for a full correlation matrix). Higher relevance was moderately correlated with
more internal and global attributions. Usability ratings provided another exploratory
perspective, revealing associations between emotional involvement and usability
measures such as satisfaction and engagement. Participants who rated scenarios as
more emotionally involving typically reported higher satisfaction and ease of use,

suggesting that emotional engagement may enhance perceived usability.

Last but not least, exploratory analyses of the Bias Against Disconfirmatory Evidence
(BADE) demonstrated notable shifts in participants' attributional judgments following
exposure to disconfirmatory evidence. Specifically, negative scenarios prompted
participants toward more external attributions (Mean BADE-effect = 0.31, SD = 3.68),
while positive scenarios resulted in minimal shifts toward internal attributions (Mean
BADE-effect = -0.07, SD = 4.11). Correlational analyses further indicated that these

BADE shifts were not significantly related to participants’ mental health screening
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scores, suggesting the BADE effect's independence from baseline psychological

distress.

4. Discussion

This study explored whether dynamically personalized, Al-generated vignettes could
reproduce and extend the psychometric properties of the traditional ASQ. Across
multiple attributional dimensions, the LLM-generated scenarios yielded internality
and globality scores that diverged significantly from the standard ASQ (p < .001 and
p = .002, respectively), while stability ratings remained essentially unchanged.
However, factor analysis indicated similar factor structures between conditions. This
could imply that the differing levels of personalization and emotional engagement
might have simply affected the perceived intensities of attribution rather than
depicting an altogether different attribution pattern. Test-retest analyses
demonstrated moderate temporal consistency (ICCs and Pearson correlations
between .39 and .53) for fully personalized vignettes across two sessions, indicating
that Al-driven content can achieve some reliability, although not yet quite comparable
to established retest benchmarks of the ASQ (~.70). It should be noted that all
personalized vignettes used in this study were automatically generated in real-time
and could therefore not be validated beforehand, while, on the other hand, the
traditional ASQ relied on fully identical standardized vignettes to reach this
established higher retest reliability. Additionally, due to the study's design participants
received an unequal amount of fully personalized vignettes in condition 1 (12
vignettes) and condition 2 (6 vignettes) which might have skewed the data.
Emotional engagement analyses revealed that personalized negative scenarios
evoked stronger relevance and positive valence (F(2, 3257) = 12.47 and 10.32, both
p < .001), whereas positive-tone items showed no meaningful differences. It can be
assumed that while negative scenarios seem to generally elicit stronger reactions,
the improved customization might have increased perceived valence ratings across
the board for participants, leading to the counter-intuitive findings such as increased

positive valence in negative scenarios. Finally, usability ratings favored the
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personalized LLM conditions for ease of use, clarity, and satisfaction (all p-values <
.05) without increasing cognitive load. Together, these findings support the
hypothesis that Al-enhanced vignette generation can potentially maintain, and in
some respects improve, the psychometric integrity, engagement, and user
experience of traditional ASQ assessments. Last but not least, the effect of the
included BADE-element suggests that disconfirmatory evidence may be more
effective in altering implicit attribution patterns for negative events than for positive

events, which could have implications for potential future interventions.

4 1. Limitations

As already mentioned above, the measured sample sizes for the relevant vignette
types differed due to the study’s design in between sessions. Additionally, no retest
scores for the traditional ASQ method were collected directly within this study, which
might limit the interpretability when comparing the temporal stability of assessment
types. Furthermore, the reliance on continuous slider scales for attributional and
valence ratings yielded rich, fine-grained data, but also assumed linear interpretation
of constructs that were originally designed as ordinal categories. Although
exploratory factor analyses supported the expected three-factor structure, the
psychometric properties of these slider measures have not been fully established,
and their fine gradations may have increased random error. The inclusion of BADE
trials added an additional layer of cognitive flexibility assessment, yet the
single-application format and limited number of disconfirmatory items may have
under-sampled this construct. Finally, prompt-engineering rules ensured consistency
of vignette length and tone, but could not be validated upfront. Considering the
experimental and novel approach of the conducted study, it is to be expected that the
psychometric quality of the vignettes is limited by the prompts used for generation

and will most likely benefit from additional refinement and further testing.

4 .2. Future Research Directions

Future research should tackle these methodological limitations by systematically

varying prompt parameters (e.g., token limits, narrative detail), and should validate
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slider-based attribution and valence scales against traditional Likert formats and
behavioral benchmarks. Importantly, it should be clarified whether the found
differences in attribution patterns reflect methodological shortcomings and artifacts
or whether the shifted attributions actually indicate more accurate measures. Longer
retest intervals and equalized numbers of personalized items per session will also be
essential to separate practice or fatigue effects from actual temporal stability.
Eventually expanding samples to potentially include clinical populations might also
prove insightful. Extending the present work, future studies should evaluate the
LLM-driven vignette approach across a broader range of standardized measures and
contexts to determine whether dynamically personalized scenarios can faithfully
reproduce established psychometric properties in diverse assessment contexts.
Finally, embedding Al-personalized vignettes within longitudinal therapeutic or
educational interventions could reveal not only measurement validity but also
whether such adaptive assessments actively promote cognitive or emotional change

over time.
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Appendix

A1 Correlation matrix:

PHQ-9 Score GAD-7 Score Final Relevance Emotional Relevance Positive Valence Negative_Valence

PHQ-9 Score 1.00 0.70 0.06 -0.02 0.00 0.07

GAD-7 Score 0.70 1.00 0.03 0.03 0.00 0.08

Final_ Relevance 0.06 0.03 1.00 0.43 0.28 0.00

Emotional Relevance -0.02 0.03 0.43 1.00 0.29 0.12

Positive_Valence 0.00 0.00 0.28 0.29 1.00 -0.62

Negative Valence 0.07 0.08 0.00 0.12 -0.62 1.00

Engagement -0.07 -0.07 0.32 0.20 0.09 0.02

Ease of Use -0.08 -0.01 0.29 0.21 0.08 0.04

Clarity of Instructions -0.12 -0.08 0.27 0.15 0.06 -0.01

Satisfaction -0.12 -0.09 0.37 0.23 0.11 0.04

Cognitive Load 0.08 0.08 -0.07 0.01 0.06 -0.03

Internal External 0.05 -0.01 0.11 0.06 -0.05 0.10

Stable_Unstable 0.08 0.06 0.02 -0.07 -0.21 0.20

Global_Specific 0.03 0.02 0.07 0.17 0.19 -0.05
Engagement Ease of Use Clarity of Instructions Satisfaction Cognitive Load Internal External

PHQO-9 Score -0.07 -0.08 -0.12 -0.12 0.08 0.05

GAD-7 Score -0.07 -0.01 -0.08 -0.09 0.08 -0.01

Final Relevance 0.32 0.29 0.27 0.37 -0.07 0.11

Emotional Relevance 0.20 0.21 0.15 0.23 0.01 0.06

Positive_Valence 0.09 0.08 0.06 0.11 0.06 -0.05

Negative_Valence 0.02 0.04 -0.01 0.04 -0.03 0.10

Engagement 1.00 0.51 0.55 0.79 0.05 0.11

Ease of Use 0.51 1.00 0.49 0.54 -0.12 0.09

Clarity of Instructions 0.55 0.49 1.00 0.63 0.00 0.06

Satisfaction 0.79 0.54 0.63 1.00 0.05 0.10

Cognitive Load 0.05 -0.12 0.00 0.05 1.00 -0.03

Internal External 0.11 0.09 0.06 0.10 -0.03 1.00

Stable Unstable -0.02 -0.03 -0.01 -0.02 -0.01 0.11

Global Specific 0.09 0.05 0.01 0.06 0.03 0.08
Stable Unstable Global Specific

PHQ-9 Score 0.08 0.03

GAD-7 Score 0.06 0.02

Final_ Relevance 0.02 0.07

Emotional Relevance -0.07 0.17

Positive_Valence -0.21 0.19

Negative Valence 0.20 -0.05

Engagement -0.02 0.09

Ease of Use -0.03 0.05

Clarity of Instructions -0.01 0.01

Satisfaction -0.02 0.06

Cognitive Load -0.01 0.03

Internal External 0.11 0.08

Stable Unstable 1.00 -0.04

Global_Specific -0.04 1.00

A2 Prompt for personalized vignette generation:



prompt =
You are tasked with generating a short, personalized v te for a psychological assessment.
The user is years old.

Scenario Details:
- The vignette must strictly focus on
The tone of the vignette should reflect
- The vignette should include:
- A clear context type (e.g., work, social, physical, educational, creative)
- ecific interaction ( feedback from authority, peer collaboration, group dynamics).
A defined event or action (e.g., presenting an idea, resolving a conflict, completing a pro

Guidelines:

The vignette must describe external events only, without referencing thoughts, emotions, or internal reflections

Use second-person language ("You...").

Keep the vignette conc (under 50 tokens) and neutral/professional.

Do not include person dentifying information.

Do not mention both profession and personal inte s together; focus exclusively on the chosen topic.
Do not mix multiple interests or contexts; stay consistent with the single chosen topic.

Now generate the vij

A3 Prompt for non-personalized vignette generation:

clear conte
ecific interacti
fined event or ac

Guidelines:

e vi
sutral and professional language suitable
t include per al identifying informatio

shared r
ation, and together vy nalize the work

Tun into a d ent i

tense, and participant 1 e to find common ground."

A4 Prompts used for generation of attribution options

A4.1 Internality:
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1sing on *xinternalxx and *xexternalxx factors

Ensure each e ation is **concisexx and captures the essence of an internal or external ¢

etail. The causes should be easy for the user to understand,
them with too many specific

s point o
ytions in the following format exactly:

c internal re
external reas:

5
i

Do not include

er()} i
rnal circum

al traits,

A5 Internal consistency



A5.1 Cronbach’s alpha (Cond1):

Dimension Tone N_items
Internal_External Positive 6
Stable_Unstable Positive 6
Global_Specific Positive 6
Internal_External Negative 6
Stable_Unstable Negative 6
Global_Specific Negative 6

A5.2 Cronbach’s alpha (Cond3):

Dimension N_items
<Chr> <Int>
Internal_External 12
Stable_Unstable 12
Global_Specific 12

A5.3 Split-half test (Cond1):

D_ipjlension Tone split_ha_lf__!'
Internal_External Positive 0.5111927
Internal_External Negative 0.5970187
Stable_Unstable Positive 0.6163698
Stable_Unstable Negative 0.4993497
Global_Specific Positive 0.3751262
Global_Specific Negative 0.4291427

A5.4 Split-half test (Cond3):

D_i!'r_iension T/qr_ne split_ha_lf__r
Internal_External Positive 0.4052744
Internal_External Negative 0.4578497
Stable_Unstable Positive 0.5716768
Stable_Unstable Negative 0.3656762
Global_Specific Positive 0.5988579
Global_Specific Negative 0.5573569

A6 Factor Analysis
A6.1 Condition 1:

Cronbach_alphla

0.5894673
0.7269271
0.4816386
0.7043269
0.5814360
0.5966949

Cronbach_al_p_f_ll_a

0.6907424
0.6595500
0.8110653

spearman_ brow‘n

0.6765421
0.7476665
0.7626594
0.6660884
0.5455880
0.6005596

spearm an_bro_\nfln
0.5767904
0.6281165
0.7274738
0.5355240
0.7491071

0.7157728
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ML1 ML2 ML3

ss Toadings 3.86 2.60 2.54
Proportion var 0.11 0.07 0.07
Cumulative Vvar 0.11 0.18 0.25
Proportion Explained 0.43 0.29 0.28
Cumulative Proportion 0.43 0.72 1.00

with factor correlations of
MLL MLZ2 ML3

MLL 1.00 0.17 0.18

MLZ2 0.17 1.00 0.10

ML3 0.18 0.10 1.00

Mean item complexity = 1.7
Test of the hypothesis that 3 factors are sufficient.

df null model = 630 with the objective function = 16.06 with Chi Square = 1111.08
df of the model are 525 and the objective function was 10.05

The root mean square of the residuals (RMSR) is 0.09
The df corrected root mean square of the residuals is 0.09

The harmonic n.obs is 83 with the empirical chi square 779.21 with prob < 3.3e-12
The total n.obs was 83 with Likelihood Chi Square = 674.81 with prob < 1e-05

Tucker Lewis Index of factoring reliability = 0.6
RMSEA index = 0.057 and the 90 % confidence intervals are 0.045 0.072
BIC = -1645.08
Fit based upon off diagonal values = 0.77
Measures of factor score adequacy
ML1 ML2 ML3
Correlation of (regression) scores with factors 0.92 0.9 0.88
Multiple R square of scores with factors 0.85 0.8 0.77
Minimum correlation of possible factor scores 0.69 0.6 0.54

A6.2 Condition 3:
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ML1 ML2 ML3

Ss Tloadings 3.86 2.60 2.54
Proportion Vvar 0.11 0.07 0.07
Cumulative var 0.11 0.18 0.25
Proportion Explained 0.43 0.29 0.28
Cumulative Proportion 0.43 0.72 1.00

with factor correlations of
ML1 ML2 ML3

ML1L 1.00 0.17 0.18

ML2 0.17 1.00 0.10

ML3 0.18 0.10 1.00

Mean item complexity = 1.7
Test of the hypothesis that 3 factors are sufficient.

df null model = 630 with the objective function = 16.06 with Chi Square = 1111.08
df of the model are 525 and the objective function was 10.05

The root mean square of the residuals (RMSR) is 0.09
The df corrected root mean square of the residuals is 0.09

The harmonic n.obs is 83 with the empirical chi square 779.21 with prob < 3.3e-12
The total n.obs was 83 with Likelihood Chi square = 674.81 with prob < 1e-05

Tucker Lewis Index of factoring reliability = 0.6
RMSEA index = 0.057 and the 90 % confidence intervals are 0.045 0.072
BIC = -1645.08
Fit based upon off diagonal values = 0.77
Measures of factor score adequacy
ML1 ML2 ML3
Correlation of (regression) scores with factors 0.92 0.9 0.88
Multiple R square of scores with factors 0.85 0.8 0.77
Minimum correlation of possible factor scores 0.69 0.6 0.54
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Abstrakt:

Jungste Fortschritte im Gebiet der kunstlichen Intelligenz, insbesondere
sogenannten Large Language Models (LLMs) wie OpenAls GPT-40, bieten
innovative Mdglichkeiten, die Grenzen traditioneller psychologischer Erhebungen zu
uberwinden. Diese Arbeit evaluiert die Validitat einer LLM-erweiterten Version des
Attributional Style Questionnaire (ASQ) und vergleicht dynamisch personalisierte
und Kl-generierte Vignetten mit traditionellen statischen Szenarien. Unter
Verwendung eines Within-Subject-Designs mit 112 Teilnehmer*innen untersucht
diese  Studie die Vergleichbarkeit mit traditionellen Methoden, die
Test-Retest-Reliabilitat, das emotionale Engagement und die Benutzererfahrung. Die
Attributionsmuster konnten teilweise repliziert werden, unterschieden sich jedoch
zwischen den Bedingungen. Das emotionale Engagement wurde durch
personalisierte Negativszenarien deutlich verbessert, was die Zufriedenheit der
Teilnehmer und die wahrgenommene Benutzerfreundlichkeit erhohte, ohne die
kognitive Belastung zu erhohen. Die Ergebnisse deuten auf das Potenzial der
Integration strukturierter und standardisierter Kl-gesteuerter Personalisierung in
psychologische Beurteilungen hin, um die O0kologische Validitat und die
Nutzererfahrung zu verbessern. Es werden Maoglichkeiten fur kinftige Forschungen
zur Nutzung generativer Kl ohne Beeintrachtigung der Validitat in ahnlichen Tests

aufgezeigt.
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