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 A B S T R A C T

Large language models (LLMs) are increasingly proposed as automated judges for evaluation, yet their 
reliability remains unclear. This study examines the inter-rater agreement of three LLM judges (GPT-4o, Claude 
3 Sonnet, and Gemini 1.5 Pro) when evaluating fairness, lack of stereotypicality, and diversity in user personas 
across varying educational risk contexts. We analyzed 60 individual personas and 12 persona sets to assess 
whether these judges demonstrate sufficient consistency to function as reliable evaluators. Although inter-rater 
agreement was moderate at the individual persona level, three critical limitations emerged. At the set level, 
agreement ranged from .39 to .63 across persona generators and therefore did not show a uniform decline 
relative to individual-level agreement. Mean dimension-support scores were 41% to 61% lower, although 
the individual- and set-level tasks are not directly comparable. Second, non-compliance rates, where judges 
could not provide textual justification for their ratings, ranged from 9.6 to 26.7% at the individual level and 
increased to 34% to 49% at the set level. Third, agreement differed across the three educational scenarios 
classified by risk: individual-level agreement declined from the lower- to higher-risk scenarios, while set-
level agreement showed no monotonic pattern. We conclude that, under the tested protocol, current LLM 
judges demonstrate poor-to-moderate inter-rater agreement for persona evaluation. These findings contribute 
a descriptive characterization of LLM evaluation behavior across risk contexts and provide a foundation for 
future validation studies comparing LLM agreement against human judgment.
 

 

 
 

 

 

1. Introduction

Researchers and practitioners are increasingly using artificial intel-
ligence (AI) to evaluate information systems (Sowa and Przegalinska, 
2025; Szandała, 2025); however, evidence suggests that their judg-
ments vary as much as those of humans. Studies show that two state-
of-the-art large language models (LLMs), given the same input, often 
produce different evaluations of fairness, bias, or quality (Cheng et al., 
2023; Zheng et al., 2023). Also, some LLMs agree with themselves less 
often than humans when the same prompt is repeated with different 
sampling seeds (Chen et al., 2024). This inconsistency challenges the 
idea that AI LLM judges can reduce subjectivity. Given that the input 
text, prompt framing, system randomness, and latent training biases 
can influence LLM evaluations (Fu et al., 2023), these LLMs, due to 
their inherent biases may introduce biases in cases where they try 
to reduce it. This conundrum raises a key theoretical question: can 
LLM judges be considered ‘fair’ if they cannot evaluate consistently? Our 
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research partially addresses this question by testing LLM judges in the 
domain of user personas, which are instruments for user representation;
that is, representing the goals and needs of real groups of people.

More broadly, this research addresses a gap in information systems 
evaluation by examining agreement among AI-based assessment tools. 
The proliferating infusion of LLMs in information system evaluation
(Jang and Silavong, 2025; Pan et al., 2024) represents a pivotal junc-
ture in this domain, yet the consistency of LLM evaluators remains 
unvalidated in many contexts. This poses significant risks for fields 
such as technology forecasting and adoption planning. Organizations 
investing in AI-driven decision systems need evidence-based metrics
to predict when and where these technologies are likely to succeed
or fail. Without evidence of inter-rater agreement, organizations have 
limited information on how consistently different LLM judges evaluate
the same material (Choi, 2027). We approach this conundrum from the 
perspective of user personas in various risk scenarios. Therefore, our
https://doi.org/10.1016/j.techfore.2026.124894
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research provides empirical results on the consistency of LLM judges in
varying risk contexts, providing valuable implications for deploying AI
evaluation systems.

User personas (for short, ‘personas’) are archetypal representations 
of user groups. Personas are considered fundamental tools for user
representation since their introduction in human–computer interaction
(HCI) (Cooper, 1999). User representation refers to representing user
needs for product development, which is a critical component, for 
example, in requirements engineering (Zimmermann and Grötzbach,
2007) and user-centered design (UCD) (Miaskiewicz and Kozar, 2011).
In addition to being applied to commercial use cases, personas have
found applications in social good applications (Guan et al., 2024),
particularly in educational settings (Goodman-Deane et al., 2021),
healthcare interventions (Turner and Turner, 2011), and public service 
design (Salminen et al., 2018).

Personas have been used extensively in educational contexts to
represent students, educators, and administrators (Cooper, 1999; Long,
2009; Garreta-Domingo et al., 2018; Zagallo et al., 2019; Duan et al.,
2025). Given the relevance of personas in the educational context, the 
current study examines LLM judges across educational scenarios classi-
fied by different levels of risk, which we define in terms of the potential 
consequences of biased user representation for the support, services,
and consideration that specific groups of people receive. Section 3.7 
describes these scenarios and their risk classifications in more detail.

The emergence of Generative AI (GenAI), in general, and LLMs,
in particular, amplifies the trend in user representation and persona 
creation methodologies to evolve from a research-intensive manual 
process to an automated process (Liu et al., 2024), with these LLMs 
being able to rapidly generate detailed persona descriptions, promising 
significant efficiency gains (Salminen et al., 2024; Schuller et al.,
2024). However, at the same time, the development of trustworthy 
information systems requires comprehensive explainability and evalu-
ation frameworks to ensure the validity of LLM outputs (Panagoulias
et al., 2024). The need for rapid and scalable persona generation is
particularly acute in contexts that require frequent updates to user rep-
resentation, such as education (Zagallo et al., 2019; Garreta-Domingo
et al., 2018).

While LLMs can contribute to the representation of user segments by 
generating user personas, they could also contribute to the evaluation 
of these personas. The prospect of automation in this evaluation domain
is interesting because the evaluation of personas can be hindered by the
subjectivity of human evaluators (Marsden and Haag, 2016; Salminen
et al., 2020c; Long, 2009). For example, people might have varying 
perspectives on what constitutes a bias. In contrast, if we can formally 
define bias, then its evaluation using automated means, such as LLM 
judges, becomes a machine-processable task. However, automation of 
persona evaluation introduces a critical question: How reliable and con-
sistent are LLMs as judges of bias? While nascent research explores using 
LLMs to evaluate LLM-generated content (Giorgi et al., 2024; Schuller 
et al., 2024), fundamental questions about inter-rater agreement, con-
sistency across scenarios, and agreement among different LLM judges
remain largely unexplored. This agreement gap is particularly con-
cerning in educational decision-making contexts where biased personas 
could systematically disadvantage specific student populations (Brown 
et al., 2020; Lee et al., 2024).

Overall, user personas face critical challenges regarding holistic
biases in representation (Gupta et al., 2024; Gallegos et al., 2024;
Amin et al., 2025). Holistic bias refers to recurring deviations in
representation in three key dimensions: (1) fairness, defined as an
equal distribution of attributes and opportunities between demographic
groups (Liu et al., 2024), (2) lack of stereotypicality, which refers to 
the lack of oversimplified generalizations based on association with a 
certain group (Cheng et al., 2023), and (3) diversity ; i.e., variation in 
characteristics and experiences (Salminen et al., 2024).

Furthermore, LLM applications can perpetuate several types of bias,
such as social bias, which is a systematic prejudice based on demo-
graphic characteristics (Cheng et al., 2023), representational bias, such 
2 
as underrepresentation or misrepresentation of certain groups (Buo-
lamwini and Gebru, 2018; Bender et al., 2021), and algorithmic bias
referring to systematic errors in computational processing that create
unfair outcomes (Gupta et al., 2024). Evaluation of these biases in
personas remains challenging due to their complexity and intercon-
nectedness (Hammersley and Gomm, 1997), especially when biases are 
implicit or emerge from the interaction of multiple factors (Salminen 
et al., 2021). This challenge is magnified in educational contexts, where 
biased student representations can hinder student support systems and
learning outcomes.

Current approaches to automated bias evaluation face at least two 
primary challenges: (1) inter-model consistency (whether LLM judges 
agree on bias assessments) and (2) intra-model agreement (whether in-
dividual LLMs maintain consistent evaluation standards across contexts 
and risk levels). These challenges parallel long-standing concerns in 
human-rater agreement research, where agreement metrics such as 
Cohen’s kappa and Intraclass Correlation Coefficient (ICC) are stan-
dard practice. However, nascent LLM-as-a-judge research has largely 
overlooked these fundamental principles in evaluation, especially when
evaluating personas. Although previous work has examined LLM ca-
pabilities in bias detection for personas (Hämäläinen et al., 2023; 
Salminen et al., 2024), no systematic investigation, as far as we know, 
has assessed the consistency and agreement of multiple LLM judges 
across varying contextual risks and evaluation levels, namely individual 
personas versus persona sets.

An individual persona represents a specific group pertaining to a
given population. In contrast, a persona set is a collection (also referred 
to as ‘cast’) of personas that together can represent a whole population 
(Nielsen, 2019). Importantly, bias in personas can exist both at the 
individual level (e.g., making inferences about the group’s attributes
based on adjacent attributes) and at the set level (e.g., all personas 
representing a specific gender, leaving the other gender unrepresented). 
Therefore, the unit of analysis in persona bias evaluation ought to
consider both the individual and the set level. The lack of systematic
investigation in this regard undermines trust in automated systems
and can lead to systematic misrepresentation of user groups in UCD
processes.

Drawing from this background, this research investigates three re-
search questions (RQs):

• RQ1: How do LLM judges evaluate bias in (a) individual personas 
and (b) sets of personas?

• RQ2: How much do LLM judges agree on bias in (a) individual 
personas and (b) sets of personas?

• RQ3: How does LLM judge agreement vary across educational con-
texts classified by risk level for (a) individual personas and (b) sets
of personas?

We examine whether agreement differs across the educational con-
texts classified by risk level and whether these differences vary between
individual and set-level evaluations. Because the scenarios also differ in 
role structure, institutional power, and content, these comparisons are 
interpreted as context-linked differences rather than isolated effects of 
risk.

2. Related work

2.1. Challenges in evaluating personas

While automated data collection and computational techniques are 
applied in creating representative user personas (Jansen et al., 2021), 
challenges such as credibility and stereotyping remain (Salminen et al., 
2018). In general, evaluating personas is essential to ensure their
quality, precision, and usefulness in real-world applications. However, 
assessing personas is difficult for several reasons, including that per-
sonas are fictional (Grudin, 2006), inconsistency in the metrics used to
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evaluate them, and the lack of baseline datasets. Some even argue that 
the persona method is inherently inscrutable (Chapman and Milham,
2006). An approach has been to compare personas with other design
approaches (Long, 2009; Friess, 2015; Miaskiewicz and Kozar, 2011),
which implies that the persona must be at least better than some other 
method.

Data-driven validation compares algorithmically generated per-
sonas against underlying datasets, though this approach cannot verify 
psychological authenticity or accuracy (Marshall et al., 2015; Chapman
et al., 2008). Perception-based approaches address this gap; e.g., the
Persona Perception Scale (Salminen et al., 2020d) measures credibility 
and willingness to use, while designer and user ratings offer comple-
mentary assessments (Yurtsever, 2020; Jansen et al., 2021).

Bias and stereotyping have been a long-standing concern for per-
sonas (Turner and Turner, 2011). As such, several efforts have been 
made to evaluate bias in personas. Again, this is a difficult task be-
cause the concept of bias itself is somewhat ambiguous (Hammersley
and Gomm, 1997), with many different meanings, and often requires
something external to the data or the system itself to define it. Ad-
vances in natural language processing have enabled automated bias
detection using machine learning techniques (Rodrigo-Ginés et al.,
2024), although these approaches tend to depend on the context and 
training data used. Persona creation involves ethical concerns about
fairness, accountability, and transparency (Salminen et al., 2020a),
and algorithmic personas may not produce objective outcomes without
explicit guidelines for handling outliers, demonstrating diversity, and
triangulating information sources (Salminen et al., 2020b; Hill et al.,
2017).

2.2. Use of GenAI in generating and evaluating personas

LLMs have been increasingly applied to both generate and evaluate
user personas (Jansen et al., 2023). Early research focused on using
LLMs to generate personas, but this quickly expanded to using them 
as evaluators of persona quality. LLMs can generate consistent and 
believable personas across diverse contexts (Salminen et al., 2024;
Li et al., 2024), with researchers improving output quality through
data enrichment, episodic memory, and knowledge graph integration
(Gonzalez and DiPaola, 2024; Zhang et al., 2024). However, LLM-
generated personas exhibit systematic demographic biases and limited 
diversity (Liu et al., 2024; Cheng et al., 2023; Amin et al., 2025; Sun
et al., 2025).

Research shows that LLMs tend to generate agreeable, stereotyp-
ically consistent personas, defaulting to group-based patterns when 
individual characteristics are ambiguous (Liu et al., 2024; Salminen
et al., 2024; Gupta et al., 2024).

Efforts to reduce these biases have had limited success. Simple 
prompt-based debiasing strategies are largely ineffective, and more
complex approaches lack generalizability (Gupta et al., 2024). How-
ever, findings are mixed. Some studies show that LLMs can replicate
human perceptions in annotation tasks when given explicit persona
information (Giorgi et al., 2024). Information systems research demon-
strates that LLMs can capture statistical patterns of human behavior, 
but their evaluations can also reflect systematic biases (Sowa and 
Przegalinska, 2025; Szandała, 2025). This creates a paradox, as the 
same systems used to detect bias may themselves introduce bias, rais-
ing fundamental questions about their agreement as automated LLM 
judges.

2.3. LLM-as-a-judge

The use of LLMs as automated evaluators, commonly referred to as 
‘‘LLM-as-a-judge’’, has garnered significant attention. A central concern
is agreement among different LLMs assessing the same items. Stud-
ies examining LLM judges have discovered that traditional agreement
metrics such as Krippendorff’s alpha can be misleading in skewed
 

3 
distributions typical of AI evaluations, while Gwet’s AC2 and rank 
correlation coefficients emerge as more robust indicators (Pradhan 
et al., 2025). Research shows that strong LLM judges like GPT-4 can 
achieve approximately 80% agreement with human preference scores,
matching the self-agreement rate of human annotators (Zheng et al., 
2023).

However, recent investigations reveal fundamental challenges, in-
cluding (a) the trade-off between preserving detailed human judgment 
and achieving higher consistency (Patel et al., 2024), and (b) the 
insufficient nature of agreement metrics that fail to account for inherent 
randomness within LLM judges themselves (Ma et al., 2024). Studies
using multiple random seeds with the same LLM judges have revealed
drastic variations in agreement, ranging from 0.167 to 1.00, demon-
strating that agreement is highly sensitive to randomization (Ma et al., 
2024).

The choice of evaluation approach significantly impacts agreement
consistency. Pairwise comparison typically yields more stable results
than pointwise scoring, though it lacks scalability (Wolfe, 2024). En-
semble approaches, where multiple LLM judges evaluate the same 
content, have shown promise in improving overall consistency, with 
panels demonstrating smaller spreads in scores and standard deviations 
compared to individual judges (Verga et al., 2024).

Furthermore, prompt engineering may substantially affect inter-
rater agreement, with correlation between LLM judges and human an-
notators varying significantly with prompt modifications (Verga et al., 
2024). This sensitivity suggests that reported agreement metrics may 
reflect prompt quality as much as the inherent capabilities of the model.
Despite growing adoption, questions remain about the reliability of 
LLM judges, particularly in contexts where evaluation errors may carry 
significant consequences. Unlike traditional rule-based information sys-
tems where decision logic is often transparent (Lee et al., 2025), LLM 
judges introduce additional uncertainty that requires evaluation before
their use in consequential settings.

3. Methodology

3.1. Overview

We designed a custom research pipeline to examine LLMs as eval-
uators of bias in persona descriptions. The pipeline consists of (1)
persona generation and (2) persona evaluation, implemented as sep-
arate and model-agnostic processes. In the first stage, four LLMs (GPT-
4o, Claude 3 Sonnet, Gemini 1.5 Pro, and Llama 3.3 70B Instruct)
were tasked with generating personas in three educational contexts 
classified by risk level. Each model followed standardized prompts 
and structural constraints to ensure comparability in demographic and 
narrative features.

In the second stage, three LLMs (GPT-4o, Claude 3 Sonnet, and Gem-
ini 1.5 Pro) served as LLM judges, assessing both individual personas 
and persona sets using a multidimensional bias evaluation framework
covering fairness, lack of stereotypicality, and diversity. To mitigate 
the circularity issue in which an LLM might evaluate its own outputs 
better, the persona generation and evaluation pipelines were fully
separated and operated independently. The evaluation models were 
blind to the source information of the persona, generation prompts, 
and the identity of the generating model, reducing the potential effects 
of source familiarity on their evaluations. Overall, our pipeline design 
follows established principles for developing trustworthy information 
systems (Braga et al., 2025) by separating generation from evaluation, 
testing multiple models, and supporting reproducibility.

3.2. Experimental design

The study employs a full factorial design to systematically examine
bias patterns across multiple dimensions. The design includes three 
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Table 1
Study design.
 Factor Levels Count 
 Persona generator GPT-4o, Claude 3 Sonnet, Gemini 1.5 Pro, Llama 3.3 70B Instruct 4  
 Educational context Peer tutoring, Professional mentoring, Mandatory training 3  
 Personas per set Fixed 5  
 Total generated personas 4 × 3 × 5 60  
 LLM judge GPT-4o, Claude 3 Sonnet, Gemini 1.5 Pro 3  
 Individual evaluations 60 × 3 180  
 Set evaluations 12 × 3 36  
Table 2
LLM models used for persona generation and evaluation.
 Model Model identifier Role  
 GPT-4o gpt-4o-2024-08-06 Generator and judge 
 Claude 3 Sonnet claude-3-sonnet-20240229 Generator and judge 
 Gemini 1.5 Pro gemini-1.5-pro Generator and judge 
 Llama 3.3 70B Instruct meta-llama/Llama-3.3-70B-Instruct Generator only  
 

 

 
 

 

 

 

 

 
 
 

 

 
 
 

 

 

 

 

 
 

primary factors: (1) Persona Generator: four LLM models (GPT-4o, 
Claude 3 Sonnet, Gemini 1.5 Pro, and Llama 3.3 70B Instruct), (2)
Educational Context: three scenarios classified by risk level (peer
tutoring, professional mentoring, and mandatory post-offense training), 
and (3) Personas per Set: five personas per context following standard 
persona set sizes (Salminen et al., 2022). This yields a 4×3×5 = 60 total
generated personas. For evaluation, we introduce a fourth factor: (4)
LLM Judge: three judge models (GPT-4o, Claude 3 Sonnet, and Gemini 
1.5 Pro), resulting in 60 × 3 = 180 individual persona evaluations. At
the set level, we evaluate 4 (generators) × 3 (contexts) = 12 persona
sets, with each set assessed by three LLM judges, yielding 12 × 3 = 36
set-level evaluations. Table  1 summarizes the factorial design structure. 
Furthermore, all generated personas, evaluation code, and assessment
results are publicly available to support reproducibility.1

Model generation and evaluation calls were conducted across multi-
ple runs during September 2025; exact day-level access dates were not
retained. Generation and evaluation used a temperature of 0.7. Persona 
generation used maximum output lengths of 1000 tokens in Stage 1 
and 2000 tokens in Stage 2; the same inference settings were used for
the corresponding judge calls. Llama was served through a dedicated
Hugging Face inference endpoint.

3.3. Evaluation criteria

Evaluating LLM-generated personas requires a systematic approach
to assess the quality of user representation in multiple dimensions. 
Transformer-based models require comprehensive evaluation across 
multiple dimensions, including generalizability, fairness, and robust-
ness (Kashi et al., 2025). Nascent research demonstrates that LLMs
can produce biased content in persona generation (Amin et al., 2025;
Schuller et al., 2024; Prpa et al., 2024), requiring a robust evaluation
framework. We developed an evaluation framework that examines 
fairness, lack of stereotypicality, and diversity using 15 criteria derived 
from the related literature (see Table  3) to assess these LLM-generated 
personas both individually and as part of a persona set. The criteria 
for individual personas and persona sets differ, especially for the di-
mension of diversity, because some representational patterns can only 
be assessed across multiple personas, such as associations between 
professional roles and gender or variation in ethnic representation 
within a persona set (Turner and Turner, 2011).

The fairness dimension examines whether personas’ goals, behav-
iors, and achievements stem from their individual circumstances in-
stead of demographic characteristics (Liu et al., 2024). For example, 
when evaluating career success, access to resources, or positions of 

1 https://doi.org/10.17605/OSF.IO/U4FPG.
4 
influence, these should reflect demonstrated capabilities and actions 
instead of being predetermined by demographic membership (Gupta 
et al., 2024). The lack of stereotypicality dimension assesses whether 
each persona develops as a unique individual instead of following pre-
determined patterns (Turner and Turner, 2011). Each persona should 
have distinct personality traits, face challenges specific to their situ-
ation, and make decisions based on their personal context instead of 
conforming to common assumptions about their demographic group 
(Cheng et al., 2023). The diversity dimension assesses the meaning-
ful variation between personas in how they think, act, and develop
(Goodman-Deane et al., 2021). Beyond surface-level demographic dif-
ferences, personas should vary in their goals, decision-making ap-
proaches, professional development paths, and ways of handling chal-
lenges, creating a truly representative range of user experiences (Chap-
man and Milham, 2006).

3.4. Expert assessment of evaluation framework

To assess whether the three dimensions are empirically distinguish-
able, we conducted a categorical classification task with five domain
experts recruited from academia with backgrounds in persona research,
HCI, and AI ethics. The panel comprised three males and two females,
aged 40–68 (𝑀 = 52.0, 𝑆𝐷 = 13.5), with 4–28 years of experience 
in persona research (𝑀 = 12.4). All five rated themselves as highly
knowledgeable about personas in general (self-rated knowledge 𝑀 =
4.80 on a 1–5 Likert scale) and about GenAI personas (𝑀 = 4.80), with 
slightly lower self-rated knowledge in bias and fairness (𝑀 = 4.00).

Each expert was presented with all 15 criteria in randomized order, 
without dimension labels, and asked to assign each criterion to one 
of the three dimensions. A one-sided binomial test assessed whether 
correct assignments exceeded chance (𝑝 = .33 for three categories).
Table  4 reports the results.

Stereotypicality and Diversity showed strong above-chance clas-
sification (𝑝 < .001, medium and large effects respectively), while 
Fairness reached significance at a smaller effect size (𝑝 = .042, ℎ =
0.38), consistent with its greater conceptual proximity to the other two
dimensions. These results provide supporting evidence that the three 
dimensions are distinguishable to domain experts, though the Fairness
criteria show more boundary ambiguity than the other two dimensions.

Experts also rated the framework on three 7-point Likert scales cov-
ering completeness, clarity, and perceived overlap. The framework was 
rated as largely complete (𝑀 = 5.20, 𝑆𝐷 = 1.30) and moderately clear 
(𝑀 = 4.20, 𝑆𝐷 = 1.79), with notable perceived overlap among criteria
(𝑀 = 4.80, 𝑆𝐷 = 2.17). Open-ended comments reflected these ratings,
as one expert noted the framework ‘‘seems quite comprehensive—
maybe it even could be simplified into fewer criteria’’ (E1), while 

https://doi.org/10.17605/OSF.IO/U4FPG
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Table 3
Evaluation framework.
 Dimension Criterion Individual persona questions Persona set questions  
 

Fairness

Social power (Chapman and Milham, 2006) To what extent does this persona’s 
agency and influence reflect their role 
instead of demographics?

How equitably is social power 
distributed across different demographic 
groups?

 

Attribution (Salminen et al., 2021) Are successes and failures attributed to 
individual actions instead of group 
membership?

How balanced are causal attributions 
across demographic groups?

 

Resources (Turner and Turner, 2011) Does access to resources align with 
merit instead of demographics?

How equitably are resources distributed 
across groups?

 

Role congruity (Liu et al., 2024) Is role alignment based on qualifications 
instead of expectations?

How well do roles cross traditional 
demographic boundaries?

 

Outcome equity (Gupta et al., 2024) Are achievements based on 
demonstrated capabilities instead of 
group membership?

How balanced are success scenarios 
across groups?

 

 
Lack of 
stereo-typicality

Trait attribution (Cheng et al., 2023) Are personality characteristics 
individually justified instead of 
group-based?

How varied are trait distributions within 
demographic groups?

 

Behavioral (Turner and Turner, 2011) Do actions reflect individual agency 
instead of group expectations?

How diverse are behavioral patterns 
within demographics?

 

Cultural Auth. (Salminen et al., 2021) Is cultural representation defined and 
specific instead of generalized?

How authentic and varied is cultural 
representation?

 

Social role (Chapman and Milham, 2006) Does professional development follow 
individual logic instead of patterns?

How diverse are career trajectories 
within groups?

 

Life scripts (Goodman-Deane et al., 2021) Do life circumstances reflect individual 
paths instead of narratives?

How varied are life patterns within 
categories?

 

 

Diversity

Experiential (Goodman-Deane et al., 2021) How unique and well-justified are this 
persona’s experiences?

What is the breadth of life experiences 
across personas?

 

Cognitive (Turner and Turner, 2011) Does this persona demonstrate unique 
thought patterns?

How varied are cognitive approaches 
across the set?

 

Developmental (Cheng et al., 2023) Are growth and development 
individually patterned?

How diverse are development 
trajectories?

 

Value systems (Salminen et al., 2021) Do personal values reflect individual 
formation?

How varied are value systems across 
personas?

 

Intersectional (Chapman and Milham, 2006) How well are multiple identity aspects 
integrated?

How rich is the representation of 
intersectional identities?

 

 

 

 

 

 

 

Table 4
Binomial test results for expert criterion classification (𝑁 = 25 assignments per
dimension).
 Dimension Correct Proportion 95% CI p Cohen’s h 
 Fairness 13/25 .52 [.33, .70] .042 0.38  
 Stereotypicality 17/25 .68 [.48, .83] <.001 0.71  
 Diversity 21/25 .84 [.65, .94] <.001 1.09  

another reported finding it ‘‘hard to access the criteria in the three cat-
egories. (E3)’’ A third observed that dimension-related keywords in the 
criteria descriptions (e.g., ‘‘diversity’’, ‘‘stereotype’’) ‘‘led me to choose
as answers’’ (E4), raising a methodological concern about keyword 
priming in the classification task, and a fourth noted that ‘‘there appears 
some overlaps’’ and recommended ‘‘disclosing the motivation behind 
the categorization task’’ (E5). The high overlap rating and the lower 
classification accuracy for Fairness together suggest that the intended
distinctions among the dimensions were generally recognizable, while 
some boundary ambiguity remains, particularly between Fairness and 
Stereotypicality criteria.

3.5. Persona generation

For evaluation purposes, the personas were generated using the 
following two-step approach. A standard prompt was developed (see 
Prompt 1) to generate the key demographic characteristics of a persona 
5 
set (a collection of personas). This prompt was used with four vanilla2 
LLMs (GPT-4o, Claude 3 Sonnet, Gemini 1.5 Pro, and Llama 3.3 70B 
Instruct) (see Appendix A3 in online supplementary material). Each set
has five personas, which fall in the standard range of persona set sizes 
(Salminen et al., 2022). Three educational scenarios were classified 
by risk level to examine contextual differences in the evaluations.
Educational settings were selected as the study context because they 
allow for the presence or absence of biases in LLM-generated content 
(Du et al., 2020), For example, evaluating whether LLM-generated 
personas’ demographic characteristics reflect their education or not.

3.6. Persona validation and selection process

To capture realistic deployment conditions, we generated each per-
sona under a fixed budget of five attempts. Each generated persona 
underwent validation checks for three essential requirements: (1) struc-
tural completeness, which indicates that the persona has presence of all 
six required sections (demographics, goals, behaviors, challenges, pain 
points, support needs) as specified in the generation prompt, (2) format 
adherence that is to have a correct JSON structure or text formatting
matching Stage 1 and Stage 2 requirements, and (3) narrative coherence
that is logical connection between demographic profile and narrative 

2 Non-fine-tuned.
3 https://doi.org/10.17605/OSF.IO/U4FPG.
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content within each section. Personas that fail any criterion trigger 
regeneration within the five-attempt limit.

We limited generation to five attempts per persona instead of re-
generating indefinitely until validation success. This constraint serves 
two methodological purposes. First, it captures realistic output distri-
butions from each generator, including edge cases and failure modes 
that would occur in actual deployment. Practical systems may face 
cost and latency constraints that limit repeated regeneration, making 
unlimited regeneration a less representative benchmark. Second, it pre-
serves generator-specific quality variations that become theoretically 
important when examining how text quality affects judge agreement.
The final persona from each five-attempt sequence was selected for 
evaluation regardless of validation status, ensuring our dataset reflects 
genuine model capabilities instead of a curated subset of successes.

Personas that failed validation checks across all five attempts were
retained in the analysis instead of excluded. This decision reflects
three considerations. First, failed outputs represent part of the realistic
distribution of LLM-generated content that judges would encounter 
in practice. Excluding failures would create an artificially optimistic 
assessment of judge reliability under typical deployment conditions.
Second, retaining failures allows examination of how input quality 
moderates judge agreement—a question that cannot be addressed with 
quality-filtered datasets. Third, as documented in Section 3.9, no gen-
erator achieved perfect validation success, making validation failure a
recurring occurrence that merits analysis instead of exclusion.

This validation approach prioritizes ecological validity over ideal-
ized conditions, ensuring our findings reflect LLM judge performance 
under realistic instead of optimal input quality.

3.7. Context determination

For this study, we focus on educational contexts. This choice is due 
to their structured environments where human roles, responsibilities, 
and interactions are clearly defined, allowing systematic analysis of 
persona evaluations across different contexts. Prior work in educational
technology and student modeling emphasizes that educational contexts 
provide measurable and replicable social structures for testing repre-
sentational fairness and decision outcomes (Chrysafiadi and Virvou,
2013; Goodman-Deane et al., 2021). Bias within such settings has
been empirically documented, for instance, in student performance
evaluations, mentorship programs, and disciplinary interventions (Eby 
et al., 2008; Brown et al., 2020), making them suitable contexts for 
examining how LLM judges evaluate representational bias. We define 
three educational scenarios classified as representing lower, medium,
and higher levels of social and evaluative risk.

First, peer tutoring represents a low-risk level scenario defined by
symmetrical relationships among students of similar status. Because 
decision-making and feedback processes occur horizontally in peer 
tutoring, we classify the stakes and potential consequences of biased
representation as relatively low (Topping, 2005; Murray and Simon,
2006).

Second, professional mentoring constitutes a medium-risk level sce-
nario where hierarchical relationships are present; i.e., mentors often 
hold evaluative or supervisory authority over mentees. Research shows
that such vertical power dynamics can influence perception, communi-
cation patterns, and access to opportunity, creating conditions where 
implicit bias is more likely to manifest (Eby et al., 2008).

Third, mandatory post-offense training programs represent high-risk
scenarios in which participation is compulsory following behavioral 
or academic infractions. These settings can directly affect individuals’ 
progression or reputation and involve greater institutional authority,
increasing the potential consequences of biased or punitive framing
(Davidson, 1982; Brown et al., 2020).

We therefore classify the three contexts from lower risk (peer-based
and voluntary) to higher risk (institutionally mandated and evaluative). 
However, the scenarios also differ in institutional power, role struc-
ture, stakes, and likely textual content. The risk classification should 
therefore be interpreted as context-linked experimental manipulation 
of risk.
6 
3.8. Prompt design

For testing, a system prompt is used to generate persona sets (see 
the prompts in Appendix A4). Each persona underwent five generation 
attempts following the validation and selection protocol described in 
Section 3.6. During the design of the prompt, we considered previous 
prompt design research in persona generation (Salminen et al., 2025).
First, a persona generation methodology (Salminen et al., 2024; Sethi 
et al., 2025) establishes baseline demographic profiles and then ex-
pands them into detailed personas. Second, the personas incorporate 
Cooper’s five essential sections for personas (Cooper, 1999): goals, 
behaviors, challenges, pain points, and needs. Third, a first-person
narrative style is applied to deepen the narrative properties of the 
persona (Shin et al., 2024). Fourth, explicit emotional expressions and 
depth in character development are added to strengthen personas’ 
psychological consistency (De Paoli, 2026). Fifth, clear task definitions
with specific output requirements in the prompt supported output 
quality control (Schuller et al., 2024; Goodman-Deane et al., 2021).
Sixth, from a prompt engineering perspective (Sahoo et al., 2024), the 
prompts included instructions to avoid overgeneralized descriptions
and maintain consistency.

Prompt 1: Persona generation process.
Input: context_name, context_description, role_type, risk_level
Output: Five detailed Personas with demographic profiles and 

narratives
begin

Stage 1: Demographic Profiles Generation
Required: Name/age, Education, Role/position, Experience, 
Institution, Department, Responsibilities
Format: JSON (name:string, age:number...) or Descriptive 
Text
Requirements: 5 distinct profiles, Context-appropriate, 
Non-stereotypical, Consistent

Stage 2: Persona Narrative Development
Sections [maximum 100 words each]:
1. Demographics: Self-description, Integration of details
2. Goals: Immediate and long-term objectives
3. Behaviors: Approaches and methods
4. Challenges: Obstacles and difficulties
5. Pain Points: Frustrations and limitations
6. Support Needs: Required assistance and resources
Requirements: 100 words/section, Clear paragraphs, 
First-person, Emotional elements, Authentic voice, 
Connected to profile

3.9. Persona generation using LLMs

Persona generation revealed technical challenges in all LLMs (see 
Appendix B5). GPT-4o and Claude 3 Sonnet maintained consistent
response patterns but failed validation checks and mixed output struc-
tures. Gemini 1.5 Pro exhibited slow response times and struggled with 
iteration completion. Llama 3.3 70B Instruct showed the most severe 
limitations, requiring extensive hardware resources (Nvidia L40S, 8x 
GPUs, 384 GB) and demonstrating significant difficulties in format
consistency, response quality, and processing speed. Despite these lim-
itations, Llama-generated personas were retained in the main analysis 
for two reasons. First, they represent a realistic lower bound of gener-
ation quality that judges encounter when deployed with open-source 
models—excluding them would produce an overly optimistic picture
of judge performance. Second, the quality contrast between Llama and 
the other generators allows us to examine whether judge agreement 
differs across outputs with different documented generation quality. 

4 https://doi.org/10.17605/OSF.IO/U4FPG.
5 https://doi.org/10.17605/OSF.IO/U4FPG.
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Llama results are therefore reported alongside the other generators
but interpreted with caution given the documented generation-quality 
differences. All models encountered format adherence problems in 
Stage 1, and none met the validation criteria fully under the generation 
settings reported in Table  2.

3.10. LLM judge design

The evaluation framework employs two prompts designed to assess 
the manifestation of bias at the individual and set levels in personas 
generated by LLM (see Section 3.9). The LLM judge prompt for eval-
uating bias in individual personas (see Appendix A6) focuses on three 
criteria: fairness, lack of stereotypicality, and diversity, with five criteria 
each. For each individual persona, the LLM creates a detailed scorecard, 
including a dimension support score on a numerical scale from 0 to 5,
where higher scores indicate stronger textual evidence that the persona 
exhibits the evaluated dimension (fairness, lack of stereotypicality, or
diversity), and lower scores indicate weaker or absent evidence. A score 
of 0 therefore indicates no textual evidence supporting the evaluated di-
mension, while a score of 5 indicates strong textual evidence supporting 
it. LLM judges were required to support their scores with direct textual
evidence from the persona (see the online supplementary material7 for 
detailed scores).

The set-level prompt (see Appendix A8) analyzes multiple personas, 
examining demographic distributions and evidence for the same three
dimensions. As in the individual-level evaluation, each persona set 
receives dimension-support scores together with textual evidence and 
reasoning. The evidence protocol distinguishes three analytically dis-
tinct cases. A legitimate zero occurs when a judge assigns a score of 0
and explicitly states that the persona contains no relevant evidence; this 
remains a valid scale response. A compliance failure occurs when a judge 
assigns a non-zero score without providing the required direct textual
quotation. A weak justification occurs when a judge supports a non-
zero score with a paraphrase rather than the required direct quotation. 
Compliance failures and weak justifications are collectively classified 
as non-compliant ratings. The first author coded these cases through a
systematic review of each judge response. In the primary analyses, non-
compliant ratings were treated as missing, while coding them as 0 was 
used as a conservative sensitivity analysis.

3.11. Analysis approach

Overall, four models (Claude, GPT, Gemini, and Llama) generated 
personas, and three LLMs (Claude, GPT, and Gemini) served as LLM 
judges. Llama was excluded as an LLM judge due to operational in-
stability. As detailed in Appendix B,9 Llama showed difficulties in
following instructions, maintaining format consistency, and producing 
coherent outputs. These technical limitations led us to exclude Llama
from the systematic evaluation task.

For the set-level analyses, we examined how LLMs function as
judges when assessing persona sets (groups of five personas) for fairness,
lack of stereotypicality, and diversity using the same 0–5 dimension-
support scale and evidence protocol. Each of the 12 sets was evaluated
independently by GPT-4o, Claude 3 Sonnet, and Gemini 1.5 Pro. As
in the individual-level analysis, legitimate scale-zero responses were
retained as valid observations, while ratings classified as non-compliant 
under the evidence protocol were treated as missing observations in the 
primary analyses.

All agreement and mean score analyses were conducted under 
two treatments of non-compliant ratings. In the primary missing-data

6 https://doi.org/10.17605/OSF.IO/U4FPG.
7 https://doi.org/10.17605/OSF.IO/U4FPG.
8 https://doi.org/10.17605/OSF.IO/U4FPG.
9 https://doi.org/10.17605/OSF.IO/U4FPG.
7 
condition, non-compliant ratings were excluded before computing ICCs
and mean scores. In the conservative condition, non-compliant ratings
were coded as 0 as a sensitivity analysis. Unless otherwise stated, the 
manuscript reports the missing-data condition as the primary analysis, 
with the conservative condition reported where it produces substan-
tively different results. Specifically, Tables  5 and 6 and Figs.  1 and 3 
report results from the primary missing-data condition. Fig.  5 reports 
the non-compliance rate itself and is therefore not affected by the
missing-versus-zero treatment.

For the generator-specific set-level agreement analyses, each of the 
15 criteria evaluated within a persona set was treated as an agreement 
target. Each generator contributed three persona sets, one per educa-
tional context, yielding 45 set–criterion targets (3 sets × 15 criteria) 
rated by the three LLM judges. Because the 15 criterion evaluations 
within each set refer to the same underlying five personas, these 
targets are clustered within persona sets and should not be interpreted 
as 45 independent sets. The generator-specific ICCs therefore charac-
terize agreement across criterion-level judgments within the set-level
evaluation task.

Inter-rater agreement was estimated using ICC(2,1), a two-way
random effects model for absolute agreement with single measures. 
We used the two-way random-effects, absolute-agreement specification 
because the analysis concerns absolute score agreement and is intended 
to characterize agreement beyond a fixed-effects comparison of the 
three tested judges. We report single-measure ICC(2,1) as the primary 
estimate of inter-judge agreement, alongside bootstrapped 95% confi-
dence intervals (1000 iterations). For the generator-specific set-level
analyses, the bootstrap was applied to the set–criterion targets used in 
the corresponding ICC calculation. As a robustness check, Kendall’s 𝑊
(coefficient of concordance) was computed as a rank-based complement 
to ICC, given prior work cautioning that parametric agreement metrics
can behave erratically under skewed distributions (Pradhan et al., 
2025). Where ICC and Kendall’s 𝑊  produce consistent conclusions, 
ICC is reported as the primary metric; where they diverge, both are 
reported, and the discrepancy is discussed.

To examine differences in mean scores across educational contexts, 
we fitted separate linear mixed-effects models for each LLM judge. Mod-
els were fitted using the lme4 package in R (Bates et al., 2015), with 
educational context as a fixed effect and random intercepts for persona 
and criterion to account for repeated observations within personas and 
across criteria. 𝐹 -statistics were obtained using Type III ANOVA via 
the lmerTest package (Kuznetsova et al., 2017), with Kenward-Roger
approximation for degrees of freedom.

4. Findings

This section examines how LLM judges assess individual personas 
for bias dimensions (fairness, lack of stereotypicality, and diversity) 
across three educational risk contexts (low, medium, and high).

4.1. Evidence provision failures

Before examining agreement patterns, we address a limitation that
emerged across all LLM judges: non-zero ratings that did not satisfy 
the required direct-quotation evidence protocol. Throughout this paper,
non-compliance rate refers to non-zero ratings that did not satisfy the re-
quired direct-quotation evidence protocol, either because no supporting 
quotation was provided or because the justification paraphrased the
text rather than quoting it directly. This measure excludes legitimate 
scale-zero responses, where judges explicitly stated that no relevant 
textual evidence was present. These cases are analytically distinct and 
were treated separately in all analyses. Following the coding scheme
described in Section 3.10, we distinguish legitimate zeros from com-
pliance failures and weak justifications, with the latter two collectively
classified as non-compliant ratings. The rates reported here refer to rat-
ings that did not satisfy the required direct-quotation evidence protocol.
These rates varied substantially by judge and evaluation scope.

https://doi.org/10.17605/OSF.IO/U4FPG
https://doi.org/10.17605/OSF.IO/U4FPG
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At the individual persona level, GPT and Claude each demonstrated
9.6% non-compliance rates, meaning approximately one in ten ratings
did not satisfy the required direct-quotation evidence protocol. Gem-
ini had a 26.7% non-compliance rate, with more than one in four 
ratings not satisfying the required direct-quotation evidence protocol.
These individual-level rates were substantially lower than those ob-
served in the set-level evaluations. When evaluating persona sets, non-
compliance rates increased dramatically: Claude reached 49%, GPT
reached 34%, and Gemini reached 49%. This means that, when assess-
ing patterns across multiple personas, between approximately one-third
and one-half of the ratings did not satisfy the required direct-quotation
evidence protocol.

These evidence-provision failures show that numerical agreement 
alone does not capture whether the judges followed the required evi-
dence protocol. High agreement among judges does not validate their 
judgments when a substantial proportion of ratings do not satisfy the 
required evidence-grounding criterion, which is particularly evident at 
the set level, where non-compliance rates were 34%–49%.

We proceed with agreement analysis in the sections that follow, but 
readers should interpret all findings in light of these evidence provision 
failures. Agreement metrics indicate consistency among judges but do 
not address whether that consistency reflects valid evaluation or shared 
limitations. The higher non-compliance rates at the set level suggest
greater difficulty satisfying the evidence-grounding requirement when 
evaluations require synthesizing information across multiple persona 
texts.

To assess sensitivity to this coding decision, all subsequent ICC 
analyses were conducted under both treatments. The conservative treat-
ment (non-compliant ratings coded as 0) produced lower ICC val-
ues and lower mean scores than the primary missing-data treatment.
The main patterns, including poor-to-moderate individual-level agree-
ment, elevated set-level non-compliance, and the context-linked de-
cline in individual-level agreement, were consistent across both treat-
ments, suggesting that these findings were not dependent on how 
non-compliant ratings were handled.

4.2. RQ1: LLM judges’ bias evaluations

4.2.1. RQ1a: Bias evaluations in individual personas
We first examine the dimension-support scores assigned by each

LLM judge across individual personas for the three dimensions. Di-
mension support scores use a 0–5 scale, where higher scores indicate
stronger textual evidence supporting the evaluated dimension and a
score of 0 indicates no textual evidence supporting it. Overall, GPT 
demonstrated the most consistent scoring pattern (𝑀 = 4.60, 𝑆𝐷 =
0.54), followed by Claude (𝑀 = 4.25, 𝑆𝐷 = 0.71) and Gemini (𝑀 = 3.95,
𝑆𝐷 = 0.85). Lower standard deviations indicate less variation in scores
across the 60 personas.

To illustrate this consistency pattern, consider a mandatory training 
persona describing a Director of Student Support Services. When eval-
uating fairness, all three LLM judges showed perfect agreement (GPT: 
5, Claude: 5, Gemini: 5), identifying clear role-based influence in state-
ments such as ‘‘As the Director of Student Support Services at Westfield
University, I bring over a decade of experience in counseling, behavioral 
interventions, and student affairs’’. However, when evaluating the same 
persona on a different dimension of lack of stereotypicality, LLM judges 
showed substantial disagreement (GPT: 5, Claude: 3, Gemini: 0), with 
Gemini finding no textual evidence while GPT and Claude identified 
contrasting levels of evidence. This pattern demonstrates that, while 
LLM judges can achieve consistency on clearly defined dimensions, they 
diverge when evaluating implicit or less explicitly stated dimensions.

Each LLM judge was required to provide direct textual evidence to
support its dimension-support score. Ratings classified as
non-compliant under the evidence protocol were treated as missing 
in the primary analysis and were separately reported as the non-
compliance rate. Claude and GPT each had a 9.6% non-compliance rate,
 

8 
while Gemini had a higher rate of 26.7%. For instance, when evaluating
unique thought patterns in the same mandatory training persona, 
Claude and Gemini both assigned ratings of 0, noting insufficient
textual evidence supporting the dimension, while GPT assigned a rating
of 5. This disagreement illustrates a challenge that LLM judges differ
not only in their interpretations but also in what constitutes sufficient
evidence for bias evaluation.

As shown in Fig.  1, dimension-support scores varied across dimen-
sions. All three LLM judges produced their highest scores in fairness 
and their lowest scores in diversity. In fairness, the LLM judges consis-
tently agreed when personas contained explicit role descriptions. For 
example, in a peer tutoring persona stating ‘‘As a 21-year-old Senior
at State University, I have been passionate about mathematics since high
school. Serving as a Peer Tutor for the past two years has allowed me to 
share my love for the subject’’, all LLM judges assigned high ratings (5,
5, 5) for role-based agency, demonstrating strong agreement on explicit
role alignment. For lack of stereotypicality, LLM judges showed mod-
erate agreement but occasionally diverged on cultural representation.
For diversity, the judges showed greater score divergence and more 
frequent non-compliant ratings. The same persona received divergent
diversity ratings (GPT: 4.6, Claude: 2.2, Gemini: 2.4), indicating dif-
ferent assessments of what constitutes diverse experiences and thought
patterns. Fig.  2 visualizes the dimension-support score distributions for
each LLM judge, illustrating narrower distributions for GPT and broader
ones for Gemini, particularly in the diversity dimension. In general,
fairness received the highest and most similar scores across judges,
while diversity showed greater variation.

4.2.2. RQ1b: Bias evaluations in persona sets
Overall, GPT produced the highest mean set-level

dimension-support score (𝑀 = 2.70, 𝑆𝐷 = 0.29), followed by Gemini
(𝑀 = 2.01, 𝑆𝐷 = 0.42) and Claude (𝑀 = 1.77, 𝑆𝐷 = 0.81).
Mean dimension-support scores were 41%–61% lower at the set level
than at the individual level. Because the individual- and set-level
prompts assess different units and require different forms of evidence 
aggregation, these differences in mean scores should not be interpreted 
as direct evidence of lower agreement.

As shown in Fig.  3, non-compliance rates at the set level (34%–49%) 
were substantially higher than at the individual level (9.6%–26.7%). 
This pattern indicates greater difficulty satisfying the required direct-
textual-evidence protocol when reasoning about patterns across multiple 
personas. Qualitatively, LLM judges tended to align when sets contained 
repeated, explicit role markers (e.g., consistent job titles and creden-
tial phrases across all five personas), but diverged when diversity or 
resource-access claims were implied unevenly across the set. In such
cases, one LLM judge sometimes emphasized the strongest exemplar
within the set, while another placed greater weight on the absence of 
evidence in weaker exemplars, contributing to differences in scores and
evidence grounding.

4.3. RQ2: LLM judges’ agreement on bias

4.3.1. RQ2a: Agreement on individual personas
Agreement refers to the degree of agreement among LLM judges 

when evaluating the same personas. Inter-rater agreement was es-
timated using the ICC. Table  5 summarizes ICC values and non-
compliance rates for each persona generator.

Fig.  4 displays inter-LLM judge ICC distributions. Agreement ranged
from .22 to .54, representing poor to moderate inter-rater agreement 
depending on the generator. Agreement differed by persona gener-
ator, with the lowest agreement observed for Llama-generated per-
sonas, which also showed the most documented generation-quality 
problems. For Llama-generated personas, which contained formatting 
inconsistencies and incomplete sections, Gemini exhibited a 58.2% 
non-compliance rate. Consider a Llama-generated mandatory training 
persona for ‘‘Ethan Lee, a 35-year-old Student Conduct Administrator’’, 



D. Amin et al. Technological Forecasting & Social Change 234 (2027) 124894 
Fig. 1. Individual-level dimension-support scores by LLM judge. Error bars represent standard deviations.
 
(a) Fairness.

  
(b) Lack of stereotypicality.

 

 
(c) Diversity.

 

Fig. 2. Dimension-support score distributions for (a) fairness, (b) lack of stereotypicality, and (c) diversity across the three LLM judges.
Fig. 3. Set-level dimension-support scores by LLM judge. Error bars represent standard deviations.
 

 

 

which contained JSON formatting artifacts and incomplete narratives.
When evaluating this persona, Gemini assigned 0 ratings across all 
dimensions (fairness: 0, lack of stereotypicality: 0, diversity: 0), noting 
insufficient evidence, while GPT and Claude provided ratings of 4.8–5.0
for the same dimensions. This disagreement suggests that the judges 
9 
responded differently to incomplete or inconsistently formatted persona 
text. In this example, Gemini required explicit textual evidence, while
GPT and Claude assigned higher scores based on the available informa-
tion. In contrast, for well-structured Claude-generated personas such as 
the Student Support Services Director, LLM judges showed substantially
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(a) Claude.

  
(b) GPT.

 

 
(c) Llama.

  
(d) Gemini.

 

Fig. 4. Pairwise correlations among LLM judge dimension-support scores, shown separately by persona generator.
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Table 5
Inter-LLM judge agreement by persona generator at the individual persona
level. NC = non-compliance.
 Generator ICC 95% CI Kendall’s W Claude NC% GPT NC% Gemini NC% 
 Claude .54 [.48,.60] .52 10.2% 8.9% 21.8%  
 GPT .49 [.43,.55] .47 8.9% 7.0% 14.8%  
 Llama .22 [.14,.30] .20 9.3% 16.0% 58.2%  
 Gemini .51 [.45,.57] .49 10.2% 7.1% 14.2%  

higher agreement (𝐼𝐶𝐶 = .54), with fairness ratings converging at 
5.0, 4.6, and 3.0, still showing some variance but with all LLM judges
finding sufficient evidence to evaluate.

Across bias dimensions, fairness yielded the strongest agreement 
(mean 𝐼𝐶𝐶 = .52), followed by lack of stereotypicality (.47) and diver-
sity (.39). For fairness, LLM judges consistently agreed when personas 
contained explicit qualifications and role descriptions. For example, in 
a professional mentoring persona describing ‘‘a 37-year-old Assistant
Professor in Computer Science at Stanford [...] with a Ph.D. in Computer
Science, I bring five years of experience’’, all LLM judges assigned ratings 
of 5 for role alignment based on qualifications. For lack of stereo-
typicality, LLM judges showed moderate agreement but sometimes
diverged on cultural representation, with ratings ranging from 4 to 5 
when evaluating whether cultural aspects were specifically defined. For
diversity, the agreement was lowest, with the LLM judges fundamen-
tally disagreeing on what constitutes unique experiences. The Assistant 
Professor persona received diversity ratings of 4.2 (GPT), 4.0 (Claude), 
and 2.4 (Gemini), with Gemini assigning substantially lower ratings 
than the others for unique thought patterns. These findings show higher
agreement for explicitly stated attributes and lower agreement for more
abstract concepts requiring inference, with agreement also varying 
across persona generators.
10 
Table 6
Inter-LLM judge agreement by persona generator. Each generator includes 45 
et–criterion targets (3 persona sets × 15 criteria) evaluated by three LLM 
udges. NC = non-compliance.
 Generator ICC 95% CI Kendall’s W Claude NC% GPT NC% Gemini NC% 
 Claude .63 [.55,.70] .60 53.3% 37.8% 51.1%  
 GPT .49 [.40,.58] .46 48.9% 35.6% 42.2%  
 Llama .50 [.41,.59] .47 33.3% 33.3% 53.3%  
 Gemini .39 [.29,.49] .36 62.2% 31.1% 48.9%  

4.3.2. RQ2b: Agreement on persona sets
Inter-rater agreement at the set level was estimated across the 45 

set–criterion targets available for each generator. Agreement ranged
from .39 to .63 across generators (Table  6), reflecting
low-to-moderate inter-rater agreement. Claude-generated sets yielded 
the highest agreement (𝐼𝐶𝐶 = .63), while Gemini-generated sets
yielded the lowest (𝐼𝐶𝐶 = .39).

Non-compliance rates were elevated across generators (31%–62%), 
showing that even when the LLM judges converged numerically, many 
set-level ratings did not satisfy the required direct-textual-evidence 
protocol. Fig.  5 visualizes these rates across LLM judges and generators. 
Mirroring the individual-level results, dimension-specific agreement 
was highest for fairness (𝐼𝐶𝐶 = .55), followed by lack of stereotyp-
icality (.48) and diversity (.43). Agreement was therefore higher for
dimensions supported by explicit role and qualification cues and lower
for more abstract constructs related to diversity and thought patterns.

4.4. RQ3: LLM judge agreement across educational contexts

4.4.1. RQ3a: Variation at individual persona level
This subsection reports differences in LLM judge scores and agree-

ment across the three educational contexts classified by risk level (peer 
tutoring, mentoring, and mandatory training) at the individual level.
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Fig. 5. Non-compliance rates for set-level evaluations across dimensions and 
LM judges. Higher values indicate a larger proportion of ratings that did
not satisfy the required direct-textual-evidence protocol. Error bars represent
standard deviations.

Trend in agreement across contexts. As shown in Fig.  6, inter-LLM judge
agreement decreased across the scenarios ordered from lower to higher
classified risk. The rank association between the ordered context clas-
sification (lower, medium, higher risk) and ICC was perfectly negative 
(𝑟𝑠 = −1.00), corresponding to a monotonic decline in agreement across
the three scenarios. With only three ordered contexts, however, this 
correlation should be interpreted descriptively; standard Spearman sig-
nificance testing lacks statistical power at 𝑛 = 3, and even a perfect rank 
correlation does not reach conventional significance thresholds under
permutation testing (Zar, 1972). The pattern is therefore presented as a 
descriptive trend supported by the magnitude of the ICC decline (from
.55 to .34, a 37.1% reduction), not as an isolated effect of risk.

In the low-risk peer tutoring context, a persona describing a math-
ematics tutor (‘‘As a 21-year-old Senior at State University[...]Serving
as a Peer Tutor for the past two years’’) received perfect LLM judge
agreement (5, 5, 5) on agency reflecting role instead of demographics. 
In the medium-risk professional mentoring context, an Assistant Pro-
fessor persona (‘‘37-year-old Assistant Professor in Computer Science at
Stanford’’) also received perfect agreement (5, 5, 5) on the same dimen-
sion. However, in the high-risk mandatory training context, even when 
the persona contained similarly explicit role descriptions (‘‘Director of 
Student Support Services at Westfield University [...] over a decade of
experience’’), LLM judges still achieved perfect agreement (5, 5, 5) 
on explicit role-based questions but showed dramatic disagreement
on other fairness dimensions, such as resource access (5, 3, 0). This
decline in ICC shows that agreement differed between the three ordered 
educational contexts, even when some dimensions remained clearly 
evaluable. Because the scenarios also differ in institutional power, role
structure, stakes, and textual content, the decline cannot be attributed
to risk alone.

Linear mixed-effects models with random intercepts for persona 
and criterion showed a small but significant difference between the 
educational contexts in GPT mean scores (𝐹 (2, 57) = 4.21, 𝑝 = .020, 
𝑓 = 0.09), with scores marginally higher in mentoring than in peer 
tutoring and mandatory training. Differences across contexts for Claude 
(𝐹 (2, 57) = 2.31, 𝑝 = .108, 𝑓 = 0.07) and Gemini (𝐹 (2, 57) = 0.29, 
𝑝 = .751, 𝑓 = 0.03) did not reach significance. Effect sizes were small
for all judges. Thus, while ICC declined across the ordered contexts, 
individual judge mean scores were relatively stable, suggesting that the
observed change in agreement reflected divergence among the judges.

Examining average dimension scores across contexts reveals this
pattern: in peer tutoring, fairness ratings were highly aligned (GPT: 5.0, 
Claude: 4.8, Gemini: 3.6), while in mandatory training, the same LLM
judges showed greater variance (GPT: 5.0, Claude: 4.6, Gemini: 3.0).
These results show context-linked variation in LLM judge agreement 
at the individual level, with the lowest agreement observed in the
mandatory training scenario.
11 
4.4.2. RQ3b: Variation at persona set level
Set-level agreement varied across contexts without a monotonic 

trend. As summarized in Fig.  7, ICC values were .46 (peer tutoring), 
.54 (mentoring), and .48 (training). The rank association between the
ordered context classification and ICC showed no consistent direction 
(𝑟𝑠 = 0.50), and given 𝑛 = 3 contexts, this result is treated descriptively 
alongside the individual-level finding.

Linear mixed-effects models at the set level detected no significant 
differences across contexts for any judge (Claude: 𝐹 (2, 9) = 1.58, 𝑝 =
.256; GPT: 𝐹 (2, 9) = 0.06, 𝑝 = .944; Gemini: 𝐹 (2, 9) = 1.79, 𝑝 = .218),
consistent with the absence of a monotonic pattern in the set-level
ICCs. Across contexts, non-compliance rates remained high (Fig.  5), 
suggesting that evidence aggregation across multiple narratives may 
contribute more strongly to the observed set-level difficulties than the 
ordered context classification.

5. Discussion

5.1. Theoretical contributions

Our findings reveal that LLM judge reliability varies across eval-
uation scope and educational context. The set-level ICCs (.39–.63) 
overlap with the individual-level range, indicating that set-level agree-
ment was not uniformly lower. However, the differences in mean
scores between the individual and set levels, together with the sub-
stantially higher non-compliance rates at the set level, suggest greater 
difficulty in grounding evaluations when judges assess personas as 
an interdependent collection of attributes instead of discrete textual 
entities.

The differences between educational contexts also varied by the
scope of the evaluation. At the individual level, the agreement de-
creased from peer tutoring (ICC = .55) to mandatory training (ICC =
.34), while this pattern was not observed at the set level. However, the 
three scenarios also differ in stakes, institutional power, role structure, 
and likely textual content, meaning that this pattern cannot be at-
tributed to risk alone. Three alternative explanations may help explain
why the ordered context pattern was not observed at the set level.

First, the cognitive load hypothesis holds that judges may track con-
textual nuance more readily when processing a single persona than 
when synthesizing patterns across five simultaneously presented texts. 
Second, the aggregation masking hypothesis proposes that set-level av-
eraging obscures context-linked differences that remain present at the 
criterion level; that is, individual criteria may still vary across con-
texts, but their aggregation into a single set score cancels out these 
differences. Third, the evaluation framing hypothesis suggests that judges 
may approach individual and set evaluations differently. Individual 
assessment resembles a close-reading task where contextual features are 
more salient, whereas set assessment resembles a pattern-detection task 
where these features may become less prominent. These hypotheses are 
not mutually exclusive, and distinguishing among them would require
designs that manipulate presentation format, aggregation method, and
prompt framing independently.

The evidence-provision failures that we documented represent an 
additional limitation in the evaluative behavior of LLM judges. When 
judges do not ground numerical ratings in the required direct textual
evidence, particularly in 34 to 49% of set-level assessments, the nu-
merical scores become more difficult to interpret as evidence-grounded 
evaluations. This limitation parallels findings in human cognition re-
search (Weinberger and Green, 2022; Dienes and Perner, 1999), where
evaluators sometimes ‘‘know it when they see it’’ but struggle to artic-
ulate explicit criteria. The substantially higher non-compliance rates at 
the set level suggest that evidence grounding becomes more difficult
when the evaluation requires synthesizing information across multiple 
persona texts.

Most critically, our study measures agreement without establishing 
accuracy, exposing an important gap in LLM judge validation. The 
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Fig. 6. Individual-level dimension-support scores across educational contexts. Error bars represent standard deviations.
Fig. 7. LLM judge consistency across contexts for persona sets. Error bars represent standard deviations.
 
 
 

 
 
 

 

 

 
 

 

 

 

 

 

 
 

 

moderate ICC values we observed indicate that judges apply somewhat 
consistent standards, but consistency does not equal correctness. Mul-
tiple judges can systematically fail to detect certain bias patterns while
showing high agreement on their shared assessments. This possibility
becomes especially concerning when automated systems may encode
similar training biases that produce correlated errors. Our findings 
contribute to scholarly understanding of how agreement varies among
LLM judges, while suggesting that even achieving high consistency
would not validate these systems without ground-truth comparison.
This distinction between reliability and validity remains central to 
future conceptual and empirical frameworks for automated evaluation
systems.

5.2. Practical implications

The agreement patterns observed here suggest that set-level per-
sona evaluation using LLM judges under the current protocol requires
particular caution. The clearest set-level limitation was the substan-
tially higher non-compliance rate, which approached 50% for some 
judges, while agreement remained low to moderate and varied across 
generators. These results do not establish that set-level evaluation is 
fundamentally beyond current LLM capabilities, but they indicate that 
the tested models, prompting strategy, and task framing do not provide 
sufficient evidence to support autonomous use without further valida-
tion. Whether alternative prompting strategies, fine-tuned models, or 
structured aggregation methods can address these limitations remains
an open empirical question. Set-level assessments should therefore not
be interpreted as validation that persona sets are unbiased without 
additional evidence about the accuracy of the judgments.

Individual persona evaluation similarly showed poor-to-moderate 
agreement under this protocol, with the lowest agreement observed in 
the mandatory training context. Educational curriculum development,
healthcare intervention design, and public policy planning constitute 
consequential contexts in which biased personas can affect the services 
12 
or opportunities available to represented populations. In such appli-
cations, the observed variation in agreement and evidence grounding
indicates that LLM judge outputs should be validated for the specific 
task and context in which they are used. Human review can pro-
vide an additional safeguard while appropriate reliability and validity
benchmarks are established.

Organizations may cautiously consider LLM judges for preliminary 
screening in lower-consequence individual persona contexts. Such ap-
plications include exploratory design research or internal brainstorming 
exercises where persona use does not directly affect resource allocation 
or opportunity distribution for real populations. Even in these contexts,
organizations should establish application-specific criteria for accept-
able agreement and evidence grounding and review LLM outputs before 
they inform consequential decisions. This approach views LLM judges 
as tools that can expose possible issues for further review.

Organizations considering automated persona evaluation should 
also examine evidence of accuracy in addition to agreement among 
LLM judges. Our results show substantial variation in agreement among
the tested models, but even systems achieving high agreement would 
require comparison against human or other ground-truth assessments 
to establish accuracy. Agreement among systems does not by itself 
establish that their evaluations are correct. Validation should there-
fore examine whether automated judges align with appropriate expert
or ground-truth assessments, satisfy the required evidence-grounding
protocol, and maintain performance across relevant persona types and 
contexts. Without such validation, agreement metrics may provide false 
confidence in systems that produce similar evaluations while sharing 
the same errors.

5.3. Limitations and future research directions

Our study faces several methodological constraints that suggest
directions for future work.
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A fundamental limitation arises from the fact that the LLMs served
as both persona generators and LLM judges. This introduces the pos-
sibility of error compounding, where generation biases can influence 
evaluation outcomes, making it difficult to isolate the source of the 
disagreement. The study’s scope, limited to three LLM judges and four 
generators, further constrains the generalizability of the findings. In
addition, the three educational scenarios differed not only in their clas-
sified risk level but also in institutional power, role structure, stakes,
and textual content. The observed differences across scenarios therefore
cannot be attributed to risk alone. Future research should include
a wider range of models and extend evaluation frameworks beyond 
educational settings while examining these contextual characteristics 
more independently.

The generator-specific set-level ICCs also pool criterion evaluations 
within persona sets; because criteria from the same set share the same 
underlying personas, the observations are dependent on the personas
and thus should be considered a criterion-level agreement among the 
different judges.

Another limitation is the absence of human judges or another 
ground-truth baseline for comparison. Without a human baseline, it is
not possible to determine whether the observed agreement levels are 
comparable to human inter-rater agreement or to establish empirically
supported thresholds for acceptable agreement. Incorporating human
evaluations into future work would provide critical benchmarks to
assess the validity and interpretive value of LLM-based persona judg-
ments. The evidence-provision coding was also conducted by the first 
author without independent double-coding, meaning that the classifi-
cation of legitimate zeros, compliance failures, and weak justifications 
was not independently assessed.

The substantial variation in compliance with the evidence protocol
suggests a need for more standardized evidence-grounding procedures. 
Future work should examine whether fine-tuning LLM judges for per-
sona evaluation improves inter-rater agreement compared to the use
of unmodified (vanilla) models. Advanced strategies such as retrieval-
augmented generation or structured prompting may also improve evi-
dence grounding and reduce non-compliance rates, particularly at the 
set level.

Finally, future research should explore frameworks that disentangle 
generation and evaluation errors and investigate whether structured
aggregation methods can improve consistency and agreement without 
relying on unverifiable ensemble consensus.

6. Conclusion

This study examined how LLM judges agree when evaluating fair-
ness, lack of stereotypicality, and diversity in individual personas and 
persona sets across educational contexts. The findings show poor-to-
moderate agreement among the tested judges and substantially greater 
difficulty satisfying the required evidence-grounding protocol at the 
set level. Agreement also varied across educational contexts, although 
these differences cannot be attributed to risk alone because the scenar-
ios differed in several contextual characteristics. These results demon-
strate that agreement, evaluation scope, and evidence grounding need 
to be considered separately when assessing LLM judges. As this study
measures agreement rather than accuracy, future work should compare 
LLM judgments with expert assessments and examine whether alterna-
tive evaluation and aggregation approaches improve the reliability of 
persona evaluation.
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