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Abstract 
Survey researchers increasingly use Large Language Models (LLMs) as synthetic respondents in 
so-called silicon sampling approaches. Although this is typically coupled with persona prompting 
as a technique to steer LLM responses, little attention has been given to the relative influence of 
different persona dimensions. To address this gap, we introduce the concept of a “Hierarchy of 
Personas” by investigating how the persona dimensions age, education, gender, and party 
affiliation influence LLM responses to LGBTQ-related survey items. To this end, we use the 
instruction-tuned open model Gemma-3 and prompt it to repeatedly respond to four LGBTQ-
related survey items while role-playing 162 distinct persona profiles, resulting in a total of 3,240 
responses. Our results show that the persona-conditioned response behavior is not equally shaped 
by all persona dimensions, but rather follows a non-uniform and item-contingent Hierarchy of 
Personas. Across most items, party affiliation exerts the strongest influence, education ranks 
second, and age and gender have a comparatively weak influence. However, the persona-
conditioned responses are sensitive to item characteristics, so that the Hierarchy of Personas is not 
fully uniform. Our article advances the current state-of-the-art in survey research by showcasing 
that persona prompting is not a neutral and transparent technique for simulating the attitudes of 
specific social groups, but rather constitutes a bounded form of model-internal responsiveness 
under controlled conditions. 
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Introduction and overarching research question 
Rapid developments in the field of artificial intelligence (AI) have introduced various new 
methodological possibilities for survey research. For example, researchers increasingly use Large 
Language Models (LLMs) as synthetic respondents. In such silicon sampling approaches, LLMs 
are used to generate responses that approximate group-specific response patterns or distributions 
without relying on human respondents (Argyle et al., 2023). While silicon sampling is a scalable 
as well as cost- and time-efficient way of generating large amounts of data (Boelaert et al., 2025; 
Grossmann et al., 2023; Rupprecht et al., 2025), it remains unclear whether LLM responses can 
actually capture the heterogeneity characterizing human survey data. This question is closely 
related to recent debates about the concept of algorithmic fidelity, that is, the extent to which silicon 
samples are able to recover not only distributions at the aggregate level but also more complex 
associations and interactions of human behavior (Argyle et al., 2023). Within this broader silicon 
sampling literature, persona prompting has emerged as the central steering technique for 
configuring synthetic respondents. This typically involves assigning an LLM a distinct persona 
profile, for example through sociodemographic attributes, such as education or gender, and 
instructing it to respond to survey items from that specific perspective (Lutz et al., 2025). 

However, especially in the context of vulnerable and marginalized social groups, prompting 
an LLM to respond as if it were a group member carries the risk of reproducing stereotypes, 
simplifications, or flattened representations rather than recovering authentic group perspectives 
based on lived experience (Wang et al., 2025). Therefore, a key question remains how different 
persona dimensions influence LLM responses and what this can reveal about persona prompting 
as a source of model bias and selective responsiveness to social background information (Gupta et 
al., 2023; Lutz et al., 2025). 

Prior research has examined the general promises, limits and risks of persona prompting, but 
much less attention has been paid to the relative influence of different persona dimensions when 
several of them are combined. In the present article, we address this gap by investigating the 
following overarching research question: How do the persona dimensions age, education, gender, 
and party affiliation influence LLM responses to LGBTQ-related survey items? 

To this end, we created 162 distinct persona profiles, based on all possible combinations of 
four persona dimensions (i.e., age, education, gender, and party affiliation), and prompted the 
instruction-tuned open model Gemma-3 (Gemma Team, 2025) to respond to four LGBTQ-related 
items while role-playing each persona profile five times (N = 3,240 responses). Importantly, by 
introducing the concept of a Hierarchy of Personas, our article makes a theoretical contribution to 
the current state-of-the-art regarding silicon sampling, especially in the context of survey research. 
 
Background 
Promises and pitfalls of LLM responses in survey research 
Silicon sampling approaches are attracting growing attention in survey research, since early studies 
suggest that LLMs can reproduce human-like judgments and may therefore be useful for 
simulating human responses to survey items (Dillion et al., 2023). Relatedly, previous studies have 
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explored the use of LLMs for other survey tasks, including the prediction of item-nonresponse and 
imputation of missing values (Ji et al., 2024). However, empirical results are mixed. For example, 
Argyle et al. (2023) find that GPT-3 can recover group-level distributional patterns when 
conditioned on rich persona background descriptions derived from the American National Election 
Studies (ANES), indicating that silicon samples partially reproduce human survey outcomes. In 
contrast, Ma et al. (2025), using open-ended data from the German Longitudinal Election Study 
(GLES), show that the algorithmic fidelity of LLM responses decreases as within-group opinion 
heterogeneity increases. In line with this finding, a further GLES-based study on German vote 
choice by von der Heyde et al. (2025) finds that GPT-3.5-based voting predictions systematically 
differ from survey-based estimates. 

These findings have fueled the broader methodological debate about whether LLM 
responses can in fact supplement or even replace human respondents. A central criticism of using 
LLMs as synthetic respondents is that their learned response space is largely determined by their 
training data and alignment procedures. Specifically, training LLMs on large corpora of human-
generated text may not only internalize grammatical and factual regularities, but socially 
conditioned patterns, including stereotypes, hegemonic viewpoints, and other potentially harmful 
biases (Bender et al., 2021; Weidinger et al., 2022). In addition, based on supervised fine-tuning 
and reinforcement learning from human feedback (RLHF), human annotators further shape which 
LLM responses are considered helpful, harmless, or otherwise preferable (Ouyang et al., 2022). 
Therefore, LLMs may reproduce historically and socially conditioned response patterns rather than 
contemporary public opinion (Harding et al., 2024). 
 
Persona prompting as a steering technique 
In order to create silicon samples consisting of synthetic respondents belonging to specific groups, 
researches typically utilize persona prompting. Tseng et al. (2024) distinguish between LLM-role-
playing, in which the LLM temporarily adopts the perspective of a member of a specific group, 
and LLM-personalization, in which LLM responses are adapted over time to a specific user profile 
derived from background information or interaction history (e.g., in recommendation systems) 
(Tseng et al., 2024). Importantly, the present article utilizes role-playing by instructing Gemma-3 
to respond to items as if it were a respondent with a given social profile. Since the focus is to 
systematically investigate how Gemma-3 responds to different persona dimension inputs while 
imitating varying social perspectives, utilizing role-playing as the persona prompting approach 
was considered the most effective prompting strategy. Importantly, this approach has been also 
employed in previous research on synthetic data and persona prompting (see Ahnert et al., 2025; 
Argyle et al., 2023; Qi et al., 2025; von der Heyde et al., 2025). Thus, persona prompting is 
understood as “a prompting technique that is used to steer the behavior of an LLM to align with 
that of a specified sociodemographic group or person” (Lutz et al., 2025). 

Although persona prompts can meaningfully influence LLM responses, a growing body of 
research cautions that such prompts can also introduce systematic harm, particularly when LLMs 
are instructed to speak as members of specific, marginalized social groups. Rather than 
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reproducing lived experience, LLM responses may simply reproduce patterns learned from the 
training data, which itself is shaped by existing social knowledge and inequalities. Persona 
prompting is therefore not only a steering technique, but a potentially bias-producing intervention 
into the model’s learned response space. 

One central concern is how persona prompts represent groups. In a recent study, Wang et al. 
(2025) identify three recurring problems in persona-conditioning of LLMs: (1) Misportrayal refers 
to persona-conditioned responses that resemble out-group perceptions rather than in-group self-
representations. (2) Flattening refers to significantly reduced within-group heterogeneity that does 
not reflect the true diversity of the corresponding group. (3) Essentialization refers to the risk that 
prompting with sociodemographic attributes may reduce social identities to a set of fixed 
characteristics (Wang et al., 2025). In sum, these dynamics suggest that persona-conditioned 
responses risk speaking for marginalized groups, rather than speaking from these groups. 
Relatedly, evidence from the Marked Personas framework shows that persona prompts can 
systematically produce stereotypical descriptions of social identities, particularly for non-white 
and non-male identities (Cheng et al., 2023). Importantly, such representational harm is not limited 
to explicitly negative responses, but can also appear in more subtle, positive-sounding forms (e.g., 
hypersexualization of Asian or Latina women) (Cheng et al., 2023). 

Furthermore, previous research suggests that persona prompts do not affect LLM responses 
to the same extent, but can lead to uneven stereotype activation (Gupta et al., 2023; Wang et al., 
2025). For example, prompts invoking non-binary or racialized personas have been reported to 
produce more stereotyped language and lower linguistic diversity than prompts for majority-coded 
personas (Li et al., 2025; Lutz et al., 2025). Studies on silicon sampling likewise indicate that 
LLMs do not approximate all groups equally well, pointing to uneven responsiveness across 
persona dimensions. This especially applies to non-majority-coded and already marginalized 
personas (Santurkar et al., 2023; Qi et al., 2025). Evidence from the German context further 
suggests that LLM responses often rely disproportionately on politically saturated information, 
while struggling to reproduce more complex attitudinal and sociodemographic relationships at the 
group level (Ma et al., 2025; von der Heyde et al., 2025). Taken together, these findings suggest 
that persona dimensions should not be understood as equivalent switches that can simply be turned 
on and off, but as conditioning mechanisms whose behavioral influence may differ systematically 
depending on how strongly they are internalized, activated, and stabilized within the LLM. 
 
Hierarchy of Personas and research hypotheses 
Drawing on the current state of research, our article introduces the concept of a Hierarchy of 
Personas, that is, the relative extent to which the persona dimensions age, education, gender, and 
party affiliation influence LLM responses to LGBTQ-related items. More specifically, our analysis 
examines four research hypotheses about persona-conditioned response behavior under a fixed 
persona prompting setup. 

The first hypothesis is based on the expectation that persona dimensions do not function as 
interchangeable or uniformly effective interventions into an LLM’s learned response space. Prior 



5 
 

work suggests uneven responsiveness across different persona dimensions, both because the 
algorithmic fidelity in silicon sampling studies differs substantially across different groups, and 
because persona prompts appear to operate as selective steering mechanisms rather than neutral 
reflections of group perspectives (Argyle et al., 2023; Bisbee et al., 2024; Lutz et al., 2025; Ma et 
al., 2025). 

 
H1: Under the fixed persona prompting setup, the persona dimensions age, education, 
gender, and party affiliation differ systematically in their relative influence on LLM 
responses to LGBTQ-related survey items, implying a Hierarchy of Personas. 
 
The second hypothesis specifies this expected hierarchy in more concrete terms. Existing 

research on silicon sampling and persona prompting indicates that LLM responses are often more 
strongly influenced by persona dimensions that are related to ideological worldviews than by 
(weakly saturated) sociodemographic dimensions (Ma et al., 2025; Qi et al., 2025). Within our 
study design, party affiliation constitutes the most explicitly political and ideologically saturated 
persona dimension. It therefore appears theoretically plausible that party affiliation will influence 
LLM responses more strongly than the remaining persona dimensions. 

 
H2: Under the fixed persona prompting setup, party affiliation exerts a stronger relative 
influence on LLM responses to LGBTQ-related survey items than age, education, and 
gender. 
 
The third hypothesis follows from the notion that the performance of persona prompts is 

context-dependent (Beck et al., 2024; Jiang et al., 2024). For example, research on prompt 
perturbations and response formats demonstrates that LLM responses to survey items are sensitive 
to wording, option ordering, response scale design, and response generation method, implying that 
response patterns depend strongly on the specific measurement setup (Ahnert et al., 2025; Röttger 
et al., 2024; Rupprecht et al., 2025). Accordingly, the relative influence of persona dimensions 
may not be constant, but vary across survey items that differ in their substantive content and 
wording. 

 
H3: The relative influence of persona dimensions varies across survey items rather than 
forming a uniform pattern. 
 
The fourth hypothesis is deducted from prior work suggesting that non-majority-coded 

personas often produce more stereotyped language, lower linguistic diversity, and less robust 
persona effects than majority-coded personas (Cheng et al., 2023; Lutz et al., 2025; Wang et al., 
2025). Relatedly, non-binary personas are generally less represented in the model’s learned 
response space and might therefore be more unstable. Consequently, when prompted repeatedly, 
non-binary personas may be associated with lower response stability. 
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H4: Under the fixed prompting setup, non-binary gender personas show lower run-to-run 
stability of LLM responses than binary-gender personas. 

 
Methodology 
Persona profiles 
Partially in contrast to prior research, the present study intentionally excludes sensitive persona 
dimensions, such as race and disability status, to reduce the risk of misportrayal, flattening or 
essentialization of these groups (Wang et al., 2025). Instead, we focus on four common persona 
dimensions, including age, education, gender, and party affiliation, resulting in 162 distinct 
persona profiles (or combinations). For the prompt design, we mainly followed the studies by 
Höhne et al. (2025a; 2025b; see also “LLM setup and response generation”). These dimensions 
are relevant in research on human LGBTQ-related attitudes, and they are commonly used in studies 
on persona prompting and silicon sampling (see Bisbee et al, 2024; Boelaert et al, 2025; Ma et al., 
2025; Qi et al., 2025). Table 1 summarizes the four persona dimensions and their categories. 
 
Table 1. Persona dimensions and categories 
Persona dimension Categories 
Age 1. Young adults (18 to 35 years) 
 2. Middle-aged adults (36 to 55 years) 
 3. Older adults (over 55 years) 
Education 1. Low education 
 2. Medium education 
 3. High education 
Gender 1. Male 
 2. Female 
 3. Non-binary 
Party affiliation 1. Alternative für Deutschland (AfD) 
 2. Bündnis 90/Die Grünen 
 3. Christlich-Demokratische Union (CDU) 
 4. Die Linke 
 5. Freie Demokratische Partei (FDP) 
 6. Sozialdemokratische Partei Deutschlands (SPD) 

Note. Party affiliation distinguishes between six German parties that have been represented in the 
national parliament in recent legislative periods (Die Bundeswahlleiterin, 2025). 
 
LGBTQ-related items 
To conduct our research on ecologically valid survey items, we adopt four items from established 
large-scale survey programs that measure different aspects of LGBTQ-related attitudes. Two items 
are based on the Special Eurobarometer 535 – Discrimination in the European Union (European 
Commission, 2023) and capture normative evaluations of equal rights related to marriage, 
adoption, and parenting for lesbian, gay, bisexual as well as transgender people. The remaining 
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two items are based on the European Social Survey (ESS, 2022: Round 11) and capture affective 
attitudes as well as support for equal life choices towards gay men and lesbians.  
 

1. Lesbian, gay and bisexual people should have the same rights as heterosexual people 
(marriage, adoption, parental rights). 

2. Transgender people should have the same rights as anyone else (marriage, adoption, 
parental rights). 

3. If a close family member was a gay man or a lesbian, I would feel ashamed. 
4. Gay men and lesbians should be free to live their own life as they wish. 

 
All survey items were translated into German for use in the prompts. To ensure clear and 

consistent prompting across items, we used close German translations with minor wording 
adaptations. Response formats follow the original item version to maximize ecological validity. 
The two Eurobarometer items use a four-point Likert-type scale ranging from 1 (“totally agree”) 
to 4 (“totally disagree”). The two ESS items use a five-point Likert-type scale ranging from 1 
(“agree strongly”) to 5 (“disagree strongly”). Appendices 1 and 2 provide the exact German 
wording of the items and Likert-type scales, respectively.  
 
LLM setup and response generation 
All responses were generated with the instruction-tuned open model Gemma-3, using the 12-
billion-parameter variant of Google’s Gemma-3 family (Gemma3:12B; Gemma Team, 2025). This 
model family is frequently used in persona prompting and silicon sampling studies (see Lutz et al., 
2025; Ma et al., 2024; Ma et al., 2025; Plaza-del-Arco et al., 2025). The model is run locally using 
the open-source framework Ollama (Ollama, 2024) and its Python library on a macOS workstation 
(Appendix 3 provides technical details). Response generation took place on February 12, 2026. All 
scripts for response generation and preprocessing are written in Python (Version 3.13), and 
statistical analyses are conducted in RStudio (Version 4.3.2 (2023-10-31); Posit Team, 2025). 

The prompt for instructing Gemma-3 was adopted from Höhne et al. (2025a; 2025b) and 
subsequently refined so that it collects both the closed-ended response and a short textual 
reasoning. The prompt includes the instruction to behave like a survey respondent with 
placeholders for the respective persona profile (i.e., combination of age, education, gender, and 
party affiliation; see Table 1), the text of the survey item, a description of the corresponding Likert-
type scale, and instructions to respond in the required format. The final German prompt is shown 
in Figure 1. An English translation of the used prompt is documented in Appendix 4. 

Gemma-3 was queried in chat mode via Ollama with fixed decoding parameters. Sampling 
is enabled, with top_p set to 0.95 and top_k to 64, following the generation configuration 
distributed with the official Gemma-3 model release (see https://huggingface.co/google/gemma-
3-12b-it/blob/main/generation_config.json). Temperature is set to the default value of 1.0 (see 
https://ollama.com/library/gemma3/blobs/3116c5225075). To preserve stochastic variation while 
ensuring reproducibility, each model call uses a fixed but run-specific random seed, which is 

https://huggingface.co/google/gemma-3-12b-it/blob/main/generation_config.json
https://huggingface.co/google/gemma-3-12b-it/blob/main/generation_config.json
https://ollama.com/library/gemma3/blobs/3116c5225075
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recorded in the dataset. The maximum output length for the reasoning text is limited to 200 tokens 
via Ollama’s generation limit (num_predict) to avoid extensive explanations that would increase 
computational costs. To detect potential response generation issues, we manually checked all 
reasonings provided by Gemma-3. However, we did not detect (overly) inconsistent reasonings.  

Finally, for each persona profile, the script iterates over all four survey items. As each 
persona-item combination is queried five times, this results in 162 personas × 4 items × 5 runs = 
3,240 numeric responses and the same number of corresponding reasoning texts.  
 
Verhalte dich wie eine deutschsprachige {gender} Person {age}, mit {education} und einer 
Nähe zur Partei {party}, die an einer Umfrage teilnimmt.  
Beantworte aus der Sicht dieser Persona die folgende Aussage ausschließlich als 
Zustimmungsgrad zur AUSSAGE (nicht zur Thematik allgemein): {item} 
 
{scale_block} 
 
Antwortformat (wichtig): 
Zeile 1: {answer_line} 
Zeile 2: Reasoning: 1–2 kurze Sätze, die aus der Sicht dieser Persona erklären, warum sie diesen 
Zustimmungsgrad zu GENAU dieser Aussage wählt.  
Keine weiteren Ausgaben. 

Figure 1. Prompt template 
 
Analytical strategy 
Before data analysis, the raw responses were checked for parsing errors (e.g., non-numeric, out-
of-range, and missing responses) but no erroneous responses were observed. In addition, to ease 
interpretation, the negatively worded third item was reverse-coded so that lower values 
consistently indicate more LGTBQ-accepting responses across all four survey items. Based on the 
cleaned responses, we follow a three-step analytical strategy. First, for each item, we report 
descriptive statistics on Gemma-3’s responses by calculating the mean and standard deviation 
across all 162 persona profiles and runs, respectively. 

Second, we estimate item-wise linear regression models at the run level (n = 810), using the 
Gemma-3 responses as dependent variable, to assess how strongly the four persona dimensions 
influence responses, and whether some dimensions have a stronger relative influence than others. 
For each item, five regression models are estimated, including four one-way models with the 
persona dimensions as single predictors, respectively, as well as one full model that includes all 
four persona dimensions simultaneously. All persona dimensions are dummy-coded with one 
reference category per persona dimension: older adults, low education, male gender, and 
Alternative für Deutschland (party affiliation). These categories are selected for interpretative 
clarity and are not intended to represent a neutral or average persona profile. 

To assess H1, postulating systematic differences between persona dimensions in their 
relative influence on Gemma-3’s responses, we compare the adjusted R2 from the one-way models. 
For each item, the adjusted R2 indicates how much of the response variation can be explained by 
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the persona dimension under investigation, taking model complexity into account. Furthermore, 
to assess H2, postulating that party affiliation exerts the strongest relative influence on Gemma-
3’s responses, we investigate both the adjusted R2 of the one-way models as well as the coefficients 
of the full model. Additionally, we evaluate H3, postulating that the relative influence of persona 
dimensions varies across items, by examining the adjusted R2 of the one-way models across items. 

Finally, we focus on H4, postulating lower run-to-run response stability for non-binary 
gender personas than for binary gender personas. To this end, we compare the standard deviation 
and response range across runs between gender categories, separately for each item. Appendix 5 
provides the same statistics for all persona dimensions under investigation. 
 
Results 
Descriptive statistics on Gemma-3’s responses 
In the first step, for each item, we examine the mean and standard deviation of Gemma-3’s 
responses across persona profiles and runs. Table 2 shows the results. Items 1, 2, and 4 show 
comparatively low mean values ranging from 1.39 (item 1) to 1.71 (item 2), indicating overall high 
acceptance with the statements. In contrast, the reverse-coded (and negatively worded) item 3 
shows a substantially higher mean value of 3.79, indicating a rather low acceptance with the 
statement. This suggests that the items do not only differ in scale format and polarity, but also in 
the average level of acceptance they elicit from the LLM. Interestingly, item 3 also has a 
substantially higher standard deviation (1.30) than the remaining items (ranging from 0.73 to 0.97), 
indicating that between-persona variation depends on the item employed. However, since items 1 
and 2 come with four-point and items 3 and 4 with five-point scales, mean values and standard 
deviations should be interpreted and compared with caution. 
 
Table 2. Descriptive statistics and scale format by item 
Item Polarity Response scale M SD 
1 Positive 1 to 4 1.39 0.73 
2 Positive 1 to 4 1.71 0.95 
3 Negative 1 to 5 3.79 1.30 
4 Positive 1 to 5 1.51 0.97 

Note. M = mean response; SD = standard deviation. Both statistics are based on persona-item 
means averaged across five runs. Lower values consistently indicate more accepting responses 
under the harmonized coding (item 3 is reverse-coded). n = 162 persona profiles per item. 
 
Linear regression models 
In the second step, to systematically assess the Hierarchy of Personas across the four items, we 
estimate linear regression models. In total, four one-way models are estimated per item: age, 
education, gender, and party affiliation. The central hierarchy metric is the adjusted R2 of these 
one-way models, which indicates how much response variation is explained by a given persona 
dimension when considered in isolation and while accounting for model complexity. Table 3 
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reports the adjusted R2 values of the item-wise one-way models together with the resulting 
hierarchy ranks. 

Across the four items, the results reveal a Hierarchy of Persona dimensions that vary in their 
relative explanatory power (or influence), providing support for H1. In particular, party affiliation 
and education emerge as the most influential persona dimensions, whereas age has comparatively 
little and gender even less influence across the items. A particularly clear pattern emerges for items 
1, 2, and 4. For all three items, the party affiliation model shows the highest adjusted R2 values 
(item 1 = 0.65; item 2 = 0.69; item 4 = 0.79). The education model ranks second for all three items 
(item 1 = 0.09; item 2 = 0.13; item 4 = 0.04), while the age model has only modest explanatory 
power (item 1 = 0.02; item 2 = 0.03; item 4 = 0.01). The gender model shows almost no isolated 
explanatory power, with adjusted R2 values close to zero. In conclusion, these results indicate that 
the Hierarchy of Personas is clearly structured, and, for most items, most strongly organized by 
party affiliation. This observed pattern is consistent with H2. 

At the same time, the hierarchy is not fully uniform across the four items. Specifically, for 
item 3, the education model ranks first (adjusted R2 value = 0.39), while the party affiliation model 
ranks second (adjusted R2 value = 0.28). The gender and age models remain weak (adjusted R2 
values = 0.01 for both models). The reversal of the top two ranks indicates that the relative 
influence of persona dimensions is not constant across items, but seems to depend on item 
characteristics, such as content and wording. This pattern supports H3 and suggests that the 
Hierarchy of Personas varies across items rather than forming a uniform pattern. To complement 
the one-way model comparisons, item-wise full regression models are estimated at the run level, 
including age, education, gender, and party affiliation simultaneously. Table 4 reports the 
coefficients and standard errors (SE) of these models. Across the four items, the full models 
achieve high levels of explanatory power. Adjusted R2 values range from 0.70 (item 3) to 0.86 
(item 2), indicating that the four persona dimensions jointly account for a substantial share of 
variation in Gemma-3’s responses. 

In line with our previous results on H2, the coefficients of party affiliation are consistently 
associated with Gemma-3’s responses across all four items. Specifically, compared to Alternative 
für Deutschland (AfD), all parties are associated with more LGBTQ accepting responses. This 
association is most pronounced for left-leaning parties (i.e., Bündnis 90/Die Grünen, Die Linke, 
and SPD). Similarly, education shows a clear and consistent pattern across items. Compared to 
low education, both medium and high education are associated with more accepting responses 
across all four items. The age coefficients point in a similar direction, albeit with a smaller effect 
size. Compared to older adults, younger and middle-aged personas are associated with more 
accepting responses. As before, gender plays a rather limited and item-dependent role in the full 
models. Although some gender coefficients reach statistical significance, their size remains modest 
compared to those of party affiliation and education. 
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Table 3. Item-wise one-way models and resulting hierarchy of persona dimensions 

 Age model Education model Gender model Party affiliation model 
Item Adjusted R2 Rank Adjusted R2 Rank Adjusted R2 Rank Adjusted R2 Rank 
1 0.02 3 0.09 2 0.00 4 0.65 1 
2 0.03 3 0.13 2 0.00 4 0.69 1 
3 0.01 4 0.39 1 0.01 3 0.28 2 
4 0.01 3 0.04 2 0.00 4 0.79 1 

Note. Entries report adjusted R2 values from item-wise one-way models estimated at the run level. The row-wise rank refers to the relative explanatory 
power of the four persona dimensions within each item, with rank 1 indicating the strongest isolated predictor. 
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Table 4. Item-wise full OLS models  
 Item 1 Item 2 Item 3 Item 4 
 Coef. SE Coef. SE Coef. SE Coef. SE 
Age (reference: older adults)         

Young adults -0.26*** 0.03 -0.45*** 0.03 -0.39*** 0.06 -0.26*** 0.03 
Middle-aged adults -0.16*** 0.03 -0.22*** 0.03 -0.23*** 0.06 -0.18*** 0.03 

Education (reference: low education)         
Medium education -0.33*** 0.03 -0.60*** 0.03 -1.44*** 0.06 -0.35*** 0.03 
High education -0.53*** 0.03 -0.81*** 0.03 -1.99*** 0.06 -0.50*** 0.03 

Gender (reference: male)         
Female  -0.04 0.03 -0.09** 0.03 -0.20** 0.06 -0.10** 0.03 
Non-binary -0.09** 0.03 -0.17*** 0.03 0.21*** 0.06 -0.03 0.03 

Party affiliation (reference: Alternative für Deutschland 
(AfD)) 

        

Bündnis 90/Die Grünen -1.67*** 0.04 -2.22*** 0.04 -2.19*** 0.09 -2.40*** 0.05 
Christlich-Demokratische Union (CDU) -1.26*** 0.04 -1.45*** 0.04 -0.90*** 0.09 -1.82*** 0.05 
Die Linke -1.67*** 0.04 -2.24*** 0.04 -1.94*** 0.09 -2.40*** 0.05 
Freie Demokratische Partei (FDP) -1.41*** 0.04 -1.80*** 0.04 -0.96*** 0.09 -2.30*** 0.05 
Sozialdemokratische Partei Deutschlands (SPD) -1.67*** 0.04 -2.23*** 0.04 -1.24*** 0.09 -2.40*** 0.05 

Adjusted R2 0.76 0.86 0.70 0.85 
Responses 810 810 810 810 

Note. Entries report unstandardized coefficients (Coef.) and standard errors (SE) from item-wise full OLS models estimated at the run level. Lower 
values indicate more LGBTQ accepting responses, whereas higher values indicate less accepting responses. Item 3 is reverse-coded.  
***p < 0.001, **p < 0.01, *p < 0.05 
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Run-to-run response stability 
In the third step, to assess Gemma-3’s response stability across runs, we investigate run-to-run 
variation between gender categories. Specifically, for each persona-item combination, we 
calculate the mean and standard deviation across runs and then average them within items and 
persona categories. Table 5 shows the results for the gender categories. Overall, Gemma-3 
shows comparatively high response stability across runs. For three of the four items, overall 
run-to-run variation remains low, with mean standard deviations ranging from 0.03 (item 1) to 
0.06 (item 2), and mean response ranges ranging from 0.07 (item 1) to 0.13 (item 3). As before, 
the negatively worded item 3 constitutes an exception with the highest standard deviation (0.18) 
and response range (0.37), indicating that it is more sensitive to variation than the remaining 
items. 

A comparison between gender categories reveals a mixed pattern. Regarding items 1 and 
2, all three gender categories show only small differences in their standard deviation and 
response range. The clearest difference emerges once more for item 3, where non-binary 
personas display distinctly higher run-to-run variation (SD = 0.23, response range = 0.48) than 
both male and female personas (SD = 0.15, response range = 0.32, respectively). In contrast, 
item 4 shows the opposite pattern, with non-binary personas resulting in slightly more stable 
responses than binary personas. With regard to H4, the evidence is mixed. Non-binary personas 
do not show uniformly higher variation across all items, but they are less stable on negatively 
worded item 3, while differences for the other items remain small and inconsistent.  

Furthermore, the descriptive statistics in Appendix 5 indicate that response stability also 
varies across age, education, and party affiliation categories, but no category appears highly 
unstable in a systematic manner. 
 
Discussion and conclusion 
Main results and their interpretation 
This article examined how the persona dimensions age, education, gender, and party affiliation 
influence Gemma-3’s responses to LGBTQ-related survey items under a fixed persona 
prompting setup. Taken together, in line with H1, the results show that these dimensions do not 
influence response behavior equally, but form a non-uniform, asymmetrically structured, and 
item-contingent Hierarchy of Personas. Specifically, in line with H2, party affiliation emerges 
as the most influential dimension in three out of four items. In addition, education constitutes 
an influential secondary dimension and exceeds party affiliation in one item, whereas age and 
gender have a comparatively weak influence. In line with H3, the observed hierarchy is not 
uniform across all items. Specifically, in the context of item 3, education exerts a stronger 
relative influence than party affiliation. Finally, our results on H4 are mixed, as only item 3 
provides some indication of greater run-to-run response instability for non-binary personas. 

The results on a Hierarchy of Personas are consistent with a study by Ma et al. (2025) 
showing that persona-conditioned LLM responses are not equally influenced by all persona 
dimensions, highlighting the influence of party affiliation and education compared to other 
dimensions, such as age. One possible explanation for our results is that party affiliation is most 
closely linked to ideological, cultural, and policy-relevant information, especially on 
normatively charged issue domains, such as LGBTQ-related attitudes. In contrast to 
demographic persona dimensions, such as age and gender, party affiliation is directly related to 
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normative orientations, issue positions, and policy preferences. Particularly, prior research with 
human survey data has shown that party affiliation, or political identity more generally, is a 
strong predictor of LGBTQ-related attitudes, with substantial differences between left-
libertarian, social-democratic, conservative, and right-wing voters (Szalma & Takács, 2025). 
When such party affiliations are inserted into a persona prompt, they may activate ideologically 
saturated and already existing evaluative associations, resulting in a strong influence on LLM 
responses. 
 
Table 5. Run-to-run response stability by item and gender persona category 

 Overall Male  Female  Non-binary  
Item SD Range SD Range SD Range SD Range 
1 0.03 0.07 0.01 0.02 0.05 0.09 0.04 0.09 
2 0.06 0.13 0.06 0.13 0.06 0.13 0.07 0.13 
3 0.18 0.37 0.15 0.32 0.15 0.32 0.23 0.48 
4 0.05 0.10 0.07 0.13 0.05 0.09 0.04 0.07 

Note. SD = mean within-persona standard deviation across five runs. Range = mean within-
persona response range, defined as the maximum response minus minimum response across 
five runs. Both indicators are computed on the harmonized response scale (item 3 reverse-
coded). Reported values are averaged across personas within each item and gender category. n 
= 162 persona profiles per item overall; n = 54 personas per gender category and item. 
 

Similarly, in existing studies on human LGBTQ-related attitudes, higher education is 
repeatedly associated with more supportive attitudes towards sexual minorities and LGBTQ-
related rights, often because it correlates with liberal values and greater exposure to diversity 
(Donaldson et al., 2017; Szalma & Takács, 2025). In the context of our article, however, 
education should not be interpreted as functioning analogously to these real-world mechanisms. 
Rather, the comparatively high influence of education may suggest that Gemma-3 associates 
educational status with distinct discursive and normative positions. From this perspective, 
education appears to operate not as a simple sociodemographic attribute within the LLM’s 
response space, but as a socially meaningful dimension linked to specific LGTBQ-related 
attitudes that directly influence response behavior. Interestingly, education surpasses party 
affiliation in its relative influence when it comes to item 3. This may suggest that education 
becomes more influential when the item topic shifts from more normative acceptance and 
evaluations of equal rights to affective LGBTQ acceptance. However, since we used only one 
item on affective acceptance, this implication should be interpreted cautiously and may also 
reflect measurement sensitivity related to the item’s negative wording and format. We therefore 
encourage future studies to extend our investigation in this direction providing further, more 
robust findings. 

The weak influence of age and gender may indicate that they activate broader social 
information that are less tightly linked to LGBTQ-related attitudes, whereas party affiliation 
and education are directly connected to attitude patterns in the LLM’s learned response space. 
Another possible interpretation is that information associated with age and gender is effectively 
overshadowed once a highly informative and politically saturated persona dimension, such as 
party affiliation, is present in the prompt. 
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A further nuance to the interpretation of the observed hierarchy is represented by item 3 
that differs systematically from the remaining items. Specifically, it shows the highest run-to-
run variation, the greatest between-persona variation, and it is the only item, where education 
exceeds party affiliation in terms of relative influence. This suggests that persona-conditioned 
response behavior depends not only on the assigned persona profile, but also on the item 
through which the synthetic responses are generated. In other words, the Hierarchy of Personas 
appears to be measurement-sensitive. 

Furthermore, the results on gender are striking, as the current literature suggests that non-
majority-coded personas, such as non-binary gender, tend to produce not only more stereotyped 
language and lower linguistic diversity, but also less robust persona effects (Cheng et al., 2023; 
Lutz et al., 2025; Wang et al., 2025). Our results are only partially in line with this literature. 
While item 3 provides some indication of greater response instability for non-binary personas, 
this does not apply to the remaining items. Thus, non-majority-coded personas, such as non-
binary gender, do not necessarily seem to translate into strong response variation in every 
survey-like setting. Our results also strengthen the importance of distinguishing between 
response formats. A persona dimension may influence linguistic style, diversity, and the 
activation of stereotypes in open-ended responses, without necessarily becoming a dominant 
influence on closed-ended responses. 
 
Implications for survey research 
Overall, our results have important implications for the methodological debate on silicon 
sampling, algorithmic fidelity, and machine bias, especially in the context of survey research. 
Most importantly, the observed Hierarchy of Personas indicates that Gemma-3 does not 
reproduce a “real” distribution of LGBTQ-related attitudes for specific persona profiles, since 
the persona-conditioned responses are unevenly responsive to different persona dimensions. 
Therefore, our article calls for a critical reflection on silicon sampling and persona prompting 
as well as their appropriateness for simulating opinions and response distributions, especially 
in socially and politically sensitive domains. Even if persona-conditioned responses display 
structured variation and the influence of an analytically recoverable Hierarchy of Personas, this 
should not be confused with access to lived experiences or authentic group perspectives. 

We urge future researchers to approach synthetic respondents not as substitutes for human 
respondents but as simulations that are highly dependent on the LLM employed and whose 
responses reflect training data, alignment procedures, and prompt design (Argyle et al., 2023; 
Boelaert et al., 2025; Ma et al., 2025). As LLMs do not respond equally to all persona 
dimensions, they do not simulate the entire social profile of a synthetic respondent, but rather 
selected components of it. Any observable group variation in a silicon sample produced through 
persona prompting may therefore reflect differential responsiveness to persona dimensions 
rather than actual group differences. In this sense, the Hierarchy of Personas should be treated 
as a relevant methodological consideration when evaluating silicon sampling based on persona 
prompting approaches. 

A further implication concerns the observation that persona prompting cannot be assessed 
independently of persona and item wording, response format, and simulation setup (Ahnert et 
al., 2025; Rupprecht et al., 2025). The deviation of item 3 shows that the influence of persona 
dimensions is not stable across items, even when the LLM, prompt, and persona dimensions 
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are held constant. For future LLM-based survey research, this implies that the overall study 
design should be rigorously documented to enhance transparency and reproducibility. 
Relatedly, studies using synthetic respondents should conduct robustness checks to account for 
alternative item wordings, persona formulations, scale formats, and prompting conditions. 
 
Limitations and contributions 
Although our article provides novel insights on persona prompting in the context of survey 
research, it has several limitations, opening avenues for future research. First, we examined 
only one LLM, namely Gemma-3, in the instruction-tuned twelve-billion-parameter version. 
The observed Hierarchy of Personas may not generalize to other LLMs, model sizes, or 
alignment procedures (e.g., RLHF-aligned versus non-RLHF-aligned models). Thus, we 
encourage future studies to examine the influence of persona dimensions between different 
LLMs, including varying parameter settings. Second, and related to the previous point, our 
results may depend on the persona dimensions, prompt design, and response format employed. 
It would be worthwhile replicating our analyses with different persona dimensions (e.g., 
personality traits), prompt formulations (e.g., demographic priming with names or titles), and 
alternative response formats (e.g., open-ended questions) to examine potential changes to the 
Hierarchy of Personas. Third, we used four items from well-established social surveys dealing 
with LGBTQ-related attitudes. While this design decision highlights the ecological validity of 
the set of survey items used in this study, it also partially limits generalizability of our findings 
to other issue domains (or topics). Future studies thus may examine the Hierarchy of Personas 
in the context of other topics, such as xenophobia. Fourth, the influence of item wording and 
content on Gemma-3’s responses cannot be disentangled in the present study design. As 
elaborated previously, the deviating response behavior with respect to item 3 could reflect the 
item’s negative wording, its topic (i.e., affective acceptance), or the interaction of both features. 
Thus, further research is needed to better disentangle the influence of item features by, for 
example, examining alternative item wordings. 

Another point is that we do not benchmark model responses against human survey data, 
as it is frequently done in other studies (see Argyle et al., 2023; Bisbee et al., 2024; Ma et al., 
2025; Qi et al., 2025). However, the aim of this study is not to evaluate the “empirical accuracy” 
of LLM-generated responses to LGBTQ-related survey items, but rather to examine the model’s 
internal responsiveness to different persona dimensions within a controlled full-factorial design. 
Because comparable human benchmark survey data covering all persona combinations are not 
available to us, such a comparison would be difficult to implement and would address a 
completely different research question. 

Taken together, the key contribution of our article lies in demonstrating that persona 
prompting reveals structured and interpretable variation in LLM response behavior, and that 
this variation follows a Hierarchy of Personas. In the context of synthetic respondents or silicon 
sampling, the key issue is thus not simply whether persona prompting matters, but which 
persona dimensions matter most and under which conditions. Based on this reasoning, our 
article highlights that survey research methods can be utilized to shed light on how LLMs 
generate responses to sensitive topics. Although silicon samples and persona prompting are 
unlikely to replace human respondents in survey research, they can contribute to important 
societal debates about model bias, prompt sensitivity, and response behavior of LLMs. 
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Appendix 1 
Close German translations/prompt wordings of ESS/Eurobarometer items 
Item  Original wording German translation/Prompt wordings 
EB1 Lesbian, gay and bisexual people should 

have the same rights as heterosexual 
people (marriage, adoption, parental 
rights).  

Lesbische, schwule und bisexuelle 
Personen sollten die gleichen Rechte 
haben wie heterosexuelle Personen 
(z.B. Eheschließung, Adoption, 
Elternrechte). 

EB2 Transgender people should have the same 
rights as anyone else (marriage, adoption, 
parental rights). 

Transgender-Personen sollten die 
gleichen Rechte haben wie 
heterosexuelle Personen (z.B. 
Eheschließung, Adoption, 
Elternrechte). 

ESS1 If a close family member was a gay man 
or a lesbian, I would feel ashamed. 

Wenn ein nahes Familienmitglied ein 
schwuler Mann oder eine lesbische 
Frau wäre, würde ich mich schämen. 

ESS2 Gay men and lesbians should be free to 
live their own life as they wish. 

Schwule Männer und lesbische Frauen 
sollten frei sein, ihr Leben so zu leben, 
wie sie es wünschen. 

Note. The German prompt wording of item 2 was slightly adapted for comparability with item 
1. While the original source item refers to equal rights “as anyone else” the prompt wording 
used here refers to equal rights “wie heterosexuelle Personen”, closely mirroring the wording 
of item 1. This was intended to keep the two equal-rights items more parallel in wording so that 
they differ primarily in the addressed target group. Since the thesis does not aim to replicate 
any human survey distribution but to systematically investigate persona-conditioned response 
behavior, minor wording adaptations were treated as a pragmatic way to maximize 
comparability within the fixed prompting setup. 
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Appendix 2 
Prompt wordings and English translations of {scale_blocks} and {answer_lines} used in prompt template for data collection 
 Prompt wordings English translations 
Source survey/scales {scale_block} {answer_line} {scale_block} {answer_line} 
European Social 
Survey/ESS5 

“Die Antwort erfolgt auf einer 
fünfstufigen Likert-Skala: 
1 = stimme voll und ganz zu 
2 = stimme eher zu 
3 = teils/teils 
4 = stimme eher nicht zu 
5 = stimme überhaupt nicht zu“ 

“Zeile 1: NUR die 
Ziffer 1, 2, 3, 4 oder 
5.“ 

„Responses are given on a five-
point Likert-type scale: 
1 = strongly agree 
2= somewhat agree 
3 = neither agree nor disagree 
4 = somewhat disagree 
5 = strongly disagree” 

“Line 1: ONLY the 
digit 1, 2, 3, 4, or 5.” 

Eurobarometer/EB4 „Die Antwort erfolgt auf einer 
vierstufigen Likert-Skala: 
1 = stimme voll und ganz zu 
2 = stimme eher zu 
3 = stimme eher nicht zu 
4 = stimme überhaupt nicht zu“ 

“Zeile 1: NUR die 
Ziffer 1, 2, 3 oder 4.“ 

„Responses are given on a four-
point Likert-type scale: 
1 = strongly agree 
2= somewhat agree 
3 = somewhat disagree 
4 = strongly disagree” 

„Line 1: ONLY the 
digit 1, 2, 3, or 4.” 
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Appendix 3 
Technical details of the macOS workstation used for data collection: 

- Model: Apple Mac mini (M1, 2020) 
- Chip: Apple M1 (8-core CPU, 8-core GPU) 
- Memory: 16 GB unified memory 
- Storage: 256 GB SSD 
- Operating System: macOS Sequoia [Version 15.6.1] 
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Appendix 4 
English translation of the prompt 
Act as a German-speaking {gender} person {age}, with {education}, and an affinity for the 
{party} who is participating in a survey.  
Respond from this persona’s perspective to the following statement by indicating your level 
of agreement with the STATEMENT itself (not with the topic in general): {item} 
 
{scale_block} 
 
Response format (important): 
Line 1: {answer_line} 
Line 2: Reasoning: 1–2 short sentences explaining, from this persona’s perspective, why this 
level of agreement was chosen for THIS specific statement. 
No further output. 
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Appendix 5 
Run-to-run stability by item and all persona categories 
 Item 1 Item 2 Item 3 Item 4 
 SD Range SD Range SD Range SD Range 
Age (n = 54 per category)         

Young adults 0.06 0.11 0.04 0.07 0.13 0.26 0.04 0.07 
Middle-aged adults 0.03 0.06 0.07 0.15 0.22 0.46 0.06 0.11 
Older adults 0.02 0.04 0.08 0.17 0.18 0.39 0.06 0.11 

Gender (n = 54 per category)         
Male 0.01 0.02 0.06 0.13 0.15 0.32 0.07 0.13 
Female 0.05 0.09 0.06 0.13 0.15 0.32 0.05 0.09 
Non-binary 0.04 0.09 0.07 0.13 0.23 0.48 0.04 0.07 

Education (n = 54 per category)         
Low education 0.07 0.13 0.07 0.13 0.06 0.11 0.08 0.17 
Medium education 0.02 0.06 0.05 0.09 0.14 0.30 0.03 0.06 
High education 0.01 0.02 0.08 0.17 0.33 0.70 0.04 0.07 

Party affiliation (n = 27 per category)         
Alternative für Deutschland (AfD) 0.18 0.37 0.18 0.37 0.00 0.00 0.21 0.41 
Bündnis 90/Die Grünen 0.00 0.00 0.00 0.00 0.34 0.70 0.00 0.00 
Christlich-Demokratische Union (CDU) 0.02 0.04 0.09 0.19 0.18 0.37 0.08 0.15 
Die Linke 0.00 0.00 0.02 0.04 0.22 0.52 0.00 0.00 
Freie Demokratische Partei (FDP) 0.00 0.00 0.08 0.15 0.14 0.30 0.02 0.04 
Sozialdemokratische Partei Deutschlands (SPD) 0.00 0.00 0.02 0.04 0.16 0.33 0.00 0.00 

Note. SD = mean within-persona standard deviation across five runs. Range = mean within-persona response range, defined as the maximum response 
minus minimum response across five runs. Both indicators are computed on the harmonized response scale (item 3 reverse-coded). Reported values 
are averaged across personas within each item and persona category. 


