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Abstract 

Recent advancements in artificial intelligence, specifically Large Language Models 

(LLMs) like OpenAI’s GPT-4o, 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 AI-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 AI-driven personalization in psychological 

assessments for improved ecological validity, as well as user experience. Avenues 

for future research to leverage generative AI without compromising validity in similar 

assessments are outlined. 

 

 

Jüngste Fortschritte im Gebiet der künstlichen Intelligenz, insbesondere 

sogenannten Large Language Models (LLMs) wie OpenAIs GPT-4o, bieten 

innovative Möglichkeiten, die Grenzen traditioneller psychologischer Erhebungen zu 

überwinden. Diese Arbeit evaluiert die Validität einer LLM-erweiterten Version des 

Attributional Style Questionnaire (ASQ) und vergleicht dynamisch personalisierte 

und KI-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-Reliabilität, 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 
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Teilnehmer und die wahrgenommene Benutzerfreundlichkeit erhöhte, ohne die 

kognitive Belastung zu erhöhen. Die Ergebnisse deuten auf das Potenzial der 

Integration strukturierter und standardisierter KI-gesteuerter Personalisierung in 

psychologische Beurteilungen hin, um die ökologische Validität und die 

Nutzererfahrung zu verbessern. Es werden Möglichkeiten für künftige Forschungen 

zur Nutzung generativer KI ohne Beeinträchtigung der Validität in ähnlichen Tests 

aufgezeigt. 

 

 

1. Introduction 
In recent years, significant advancements in artificial intelligence (AI), 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 

OpenAI’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 AI technologies into psychological research and 

mental health interventions has also been rapidly advancing, opening new 

possibilities for psychological support and diagnostic methods. AI-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 AI 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 AI-assisted psychological 

assessments due to perceived enhancements in clarity, user engagement, and 

reduced cognitive demand. Despite these promising developments, the integration of 

AI into psychological assessment methods is accompanied by substantial challenges 
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and limitations. AI-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 AI 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 AI capabilities into a traditional psychological assessment framework. 

Specifically, the thesis focuses on an LLM-enhanced adaptation of a vignette-based 

assessment, wherein AI-generated, personalized vignettes are dynamically 

incorporated into a structured and strictly controlled assessment procedure. Unlike 

fully autonomous AI-based systems, this study employs a scripted chatbot interface 

that utilizes generative AI selectively at predetermined interaction points, primarily for 

scenario content generation. By maintaining strict procedural control and clearly 

delineated AI interactions, this method aims to ensure more standardized outputs 

and minimizes the risk of unpredictable or inappropriate AI 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. 
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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 AI 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, AI-generated vignettes evoke stronger 

emotional responses compared to static, standardized vignettes. 
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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 AI-generated content within a structured and 

standardized psychological assessment framework. Unlike fully autonomous 

AI-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 AI 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 AI 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 AI-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 AI-driven assessments with the methodological integrity of traditional 

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

6 



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 AI integration in psychological research methodologies. 

Ultimately, this research seeks to contribute foundational evidence regarding the 

integration of AI 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 

7 



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 AI-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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Figure 1. Flowchart of the study design: Participants 

completed three conditions in pseudo-randomized 

order in which they either encountered 12 

AI-generated personalized vignettes (Condition 1), 

6 personalized as well as 6 non-personalized 

vignettes (Condition 2), or 12 fully standardized 

vignettes (Condition 3). 

Table 1. Sample vignettes for each condition. 

Personalized and non-personalized vignettes 

generated with “Profession” context for a history 

teacher, as well as standardized ASQ item.  

 

 

 

​

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 
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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. OpenAI’s GPT-4o 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 AI 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-4o 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. 

 

10 



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.  

 
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. 

 
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 
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Control, Stability, Globality), generated by the GPT-4o 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 AI functionalities confined to pre-determined scenario generation and 

interpretation tasks, thereby reducing the risk of unpredictable or inappropriate AI 

behavior. Data confidentiality was maintained through pseudonymization (i.e.  
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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-4o-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 
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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 OpenAI's GPT-4o 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. 
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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, AI-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 (𝜶 = .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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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). 

 
 

 

 
Figure 6. Exploratory factor analysis: Factor loadings and structure for condition 1 (top row) and condition 3 
(bottom row). Individual loadings for each attribution rating per vignette (1-12), labeled IE (Internality), SU 
(Stability) or GS (Globality) respectively. 
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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. 
 

​
Figure 7. Raw test-retest attributions means: Scatterplots of raw mean slider ratings on the​
three attribution dimensions in condition 1 and condition 2. 
 

 
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. 

 

 
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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​
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, AI‑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 AI‑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 AI‑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 AI-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 
PHQ-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: 
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A3 Prompt for non-personalized vignette generation: 

 

 

A4 Prompts used for generation of attribution options 
​ A4.1 Internality: 
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​ A4.2 Stability: 

 

​ A4.3 Globality: 

 

 

A5 Internal consistency 
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A5.1 Cronbach’s alpha (Cond1):

 

A5.2 Cronbach’s alpha (Cond3): 

 

 

A5.3 Split-half test (Cond1): 

 
 

A5.4 Split-half test (Cond3): 

 
 

A6 Factor Analysis 
​ A6.1 Condition 1: 
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​ A6.2 Condition 3: 

39 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

40 



Abstrakt: 

Jüngste Fortschritte im Gebiet der künstlichen Intelligenz, insbesondere 

sogenannten Large Language Models (LLMs) wie OpenAIs GPT-4o, bieten 

innovative Möglichkeiten, die Grenzen traditioneller psychologischer Erhebungen zu 

überwinden. Diese Arbeit evaluiert die Validität einer LLM-erweiterten Version des 

Attributional Style Questionnaire (ASQ) und vergleicht dynamisch personalisierte 

und KI-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-Reliabilität, 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 erhöhte, ohne die 

kognitive Belastung zu erhöhen. Die Ergebnisse deuten auf das Potenzial der 

Integration strukturierter und standardisierter KI-gesteuerter Personalisierung in 

psychologische Beurteilungen hin, um die ökologische Validität und die 

Nutzererfahrung zu verbessern. Es werden Möglichkeiten für künftige Forschungen 

zur Nutzung generativer KI ohne Beeinträchtigung der Validität in ähnlichen Tests 

aufgezeigt. 
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