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Abstract

Large language models (LLMs) are increasingly employed in gen-
erating user personas representing various groups of people. It is
vital that these personas do not contain major sources of bias for
stakeholders using the personas. To investigate linguistic bias in
LLM-generated personas, we apply eleven lexical diversity metrics
to analyze the association between linguistic diversity in 600 per-
sona descriptions generated using five LLMs (GPT, Claude, Gemini,
DeepSeek, Llama) and demographic attributes (age, gender, country)
of the personas. We find that LLM-generated persona descriptions
are lexically diverse independently of the personas’ demographic
attributes. While we find no significant demographic bias in the
persona profiles, we do find significant differences between the
lexical diversity of persona descriptions generated by the LLMs.
The persona descriptions generated by Gemini 1.5 Pro have the
highest lexical diversity. The results imply that current LLMs can
generate lexically diverse persona descriptions, but the selection of
an LLM for specific applications is an important decision.
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1 Introduction

Personas are humanized depictions of user segments that are used
for user representation and understanding in user experience (UX)
design, product development, and human-computer interaction
(HCI) research and practice [8, 15]. Personas are usually presented
as a profile. A key component of the persona profile is the persona
description (also called ‘narrative’), a text describing the persona’s
attributes, including needs, preferences, and background in a narra-
tive format [39]. See Figure 1 for an example persona description.

Traditionally, persona descriptions have been written by human
persona developers. However, this is increasingly changing due to
the ability of Generative Al (GenAl) and large language models
(LLMs) to generate fluent text content [18, 54, 61]. Natural language
processing (NLP) has contributed to data-driven persona develop-
ment by providing persona developers with multiple techniques
to computationally process data, such as from user interviews or
user-generated social media content [51]. Current state-of-the-art
NLP technologies include GenAI and LLMs, which are rapidly influ-
encing HCI research, including persona development [18, 45, 54].
The ability of the current generation of LLMs to generate context-
sensitive and detail-rich text [2] makes persona description gen-
eration a seemingly fitting use case for LLMs in HCL LLMs can
contribute to several tasks in persona development, ranging from
data analysis to writing persona descriptions [26].

The evaluation of user personas is a central research topic in
persona research [7, 51]. One critical aspect of evaluation is diver-
sity, referring to how varied the developed personas are in their
representation of various end-user groups. It is believed that more
diverse personas also yield more inclusive design choices [53]; that
is, covering more (especially underrepresented) user groups [13].
Most existing work evaluating persona diversity focuses on the
demographic diversity of persona sets [23], LLM-generated or oth-
erwise [29, 53], analyzing how well the persona set covers the
groups represented by the personas [30]. The role of demographics
in persona development and use is important as research has found
many effects of varied demographics of personas on stakeholder
perceptions of personas [24, 27, 52, 55].)

The proliferation of textual content generated by LLMs has
prompted research into benchmarking the linguistic diversity of
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male United States

are splitin their feelings about account deactivation, indicating ambivalence towards their usage. While they rarely feel the

This persona exhibits a balanced relationship with Facebook, maintaining two accounts without feeling overly dependent. They
need to log in frequently, they also don’t prioritize Facebook over personal hobbies o responsibilities. This group is generally

Aware of nrivacy catfinas and nftan raflactc an thair cana  sionesting a concrinis anaacement with the nlatfarm

Why did you first sign up for Facebook?
Do you have multiple accounts on Facebook?

How many Facebook accounts do you have? (Please enter a whole number)

Figure 1: An example persona obtained from Survey2Persona,
a system using LLMs for writing persona descriptions (a snip-
pet of which is highlighted in the figure).

LLM generated content [16, 48, 49, 61]. Linguistic diversity can be
broadly classified into semantic, syntactic, and lexical diversity [16].
In our study, we focus on lexical diversity, leaving other forms of
linguistic diversity for future work. Lexical diversity measures the
range and variety of words used in a text sample and is an indicator
of vocabulary richness and textual complexity [3, 25, 63]. In the
context of persona descriptions generated by LLMs, lexical diversity
can be an important indicator of how well the description captures
the nuanced characteristics and attributes of the persona [32].

The need for a lexical analysis of persona descriptions generated
by LLMs is emphasized by evidence of bias and potentially harmful
stereotypes [1, 32, 42] in LLM-generated text that could make their
way into persona descriptions generated by LLMs [28, 54]. A lexical
analysis of LLM-generated persona descriptions can reveal valuable
information about the diversity of LLM-assisted user representation,
potential biases and risks involved in it, and practical guidelines
about how to quantify this lexical diversity and what LLMs to use
in order to create lexically diverse persona descriptions.

Against this backdrop, we put forth the following research ques-
tions (RQs):

e ROQ1: How lexically diverse are LLM-generated personas?

o RQ2: Is there a dependence between demographic attributes
and lexical diversity in LLM-generated personas?

e RQ3: Does the lexical diversity of LLM-generated personas
vary by the LLM used?

RQ1 can provide results that can be compared against lexical
diversity baselines and conventionally developed persona descrip-
tions [32, 49]. High lexical diversity might be desirable in LLM-
generated persona descriptions, which are representative of entire
groups [30], thus, in turn, leading to more inclusive design.

For RQ2, a dependence between demographic attributes and
lexical diversity could indicate bias in which the LLM generates, for
example, lower-quality descriptions for certain demographic groups
[32]. Finally, RQ3 allows us to make informed choices in selecting
LLMs to maximize lexical diversity in persona descriptions.

In terms of positioning, our work examines the role of LLMs in
persona development and, as such, exemplifies the convergence of
HCI and NLP in addressing “grand challenges” in persona devel-
opment [51]. In the remainder of the work, we will first concisely
review the related work. After this, we present our methodology
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and findings for each RQ. In the discussion, we summarize the im-
plications of these findings and suggest future research directions.

2 Related Work

Diverse user representation is a key principle in user-centered
design (UCD) [10, 19, 39-41, 46], since global user populations
are increasingly heterogeneous and, therefore, require variation in
persona sets to be represented in a fair and balanced manner [37].
Diverse user understandings can promote inclusion by representing
a wider range of user needs and attributes in the design process
[13, 14]. At its best, diversity empowers designers to create relevant,
inclusive products and features [8] that are accessible and usable
to those considered fringe or marginalized users [12, 62].

However, using personas as an inclusive design tool requires that
personas representing user groups within a population in a diverse
way [31, 38]. Design teams employing diverse persona sets are bet-
ter equipped to identify and address the needs of underrepresented
user segments early in the development process [13, 22, 36]. Diver-
sity in persona sets is associated with representing users in various
demographic and behavioral contexts [47, 50]. Furthermore, it is
essential to address ethical considerations in data-driven persona
development, particularly the risk that algorithms may emphasize
majority groups instead of fringe user groups [60]. This is particu-
larly important given the proliferation of algorithms in the persona
development process [21, 54].

While previous work has investigated human-Al persona gener-
ation workflows [59], qualitative analysis of LLM-generated per-
sonas [56] and persona diversity based on demographic attributes
[54], to our knowledge, no previous study has specifically inves-
tigated lexical diversity in LLM-generated persona descriptions.
Yet, analyzing lexical diversity in LLM-generated personas helps to
evaluate how well LLMs can create distinct character descriptions
without falling into repetitive language that might contain patterns
of generic stereotypes.

3 Methodology

3.1 Overview

We applied the methodology of Salminen et al. [54] using publicly
available Jupyter notebooks. We used our own OpenAI API keys
to run the persona generation code in the notebooks (without any
modification) and obtained a set of 450 personas generated by GPT-
40! to address RQ1 and RQ2.

The first stage involved creating a “skeletal” [54] persona that
does not contain a detailed persona description. In the second stage,
we used this skeletal persona in the prompt to generate a detailed
persona description. These persona descriptions were then passed
through a custom NLP pipeline for pre-processing and lexical diver-
sity calculations (detailed in subsequent sections). We have made
the pre-processing and the NLP pipeline code available through
Jupyter notebooks? which researchers can use to re-run the analysis
or calculate lexical diversity metrics of their own.

Statistical analysis was performed on the resulting lexical di-
versity metric data to address RQ1 and RQ2. RQ3 was addressed
by generating 30 new personas from five different models (for a

LAll LLMs used in this study are the mentioned versions as of 7 January 2025.
2 Available at: https://bit.ly/lexical-diversity-personas-supplementary-material
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total of 150 new personas) using a modified version of the original
prompt that was previously used to generate the personas used in
RQ1 and RQ2. A 120 word limit was enforced through the prompt
to ensure consistency in the length of the persona descriptions
across all models because text length might otherwise impose a
confounding factor. (This was not the case as, due to this condition-
ing, the observed length varied only little by personas; M = 78.5,
SD = 6.1 words.) For RQs 1 and 2, since we used the 450 personas
developed by Salminen et al. [54], the word limit was not applied.
Lexical diversity metrics were calculated based on the descriptions
of these new personas, and a Kruskal-Wallis test was performed on
each metric to compare the central tendencies of the metrics across
models. A post-hoc analysis was performed using Dunn’s test for
the metrics that exhibited statistically significant differences.

3.2 Model Selection

For investigating RQ1 and RQ2, we used GPT-4o, as it represented
the state-of-the-art model at the time of our study and was sup-
ported by the implementation of Salminen et al. [54]. This allowed
us to efficiently generate a substantial dataset of 450 personas while
maintaining methodological consistency with prior work. GPT-
40 has also shown strong capabilities in generating contextually
rich text [2], making it an ideal candidate for establishing baseline
lexical diversity patterns in persona descriptions. For RQ3, we ex-
panded our analysis to include multiple models (GPT 4o, Claude
3.5 Sonnet, DeepSeek V3, Gemini 1.5 Pro and LLaMa 3.1) to pro-
vide a comparative perspective on lexical diversity across different
LLM architectures. This study design allowed us to first establish
fundamental patterns in lexical diversity (RQ1) and its relationship
with demographic attributes (RQ2) before expanding to cross-model
comparisons (RQ3).

3.3 Metric Selection

Lexical diversity has a rich academic landscape with applications in
multiple domains, including the assessment of language disorders
[9, 11], the quality of writing [17], language development [64] and
NLP tasks [6, 18, 32, 65].

There are open-source Python libraries that implement differ-
ent sets of lexical diversity metrics. For our study, we applied the
LexicalRichness [58] library because of its extensive coverage
of lexical diversity metrics, detailed documentation, compatibility
with our own custom pre-processing pipeline and proven record
of use in academic research [44, 49]. Using multiple metrics also
aligns with Mccarthy and Jarvis’ recommendation of “using multiple
metrics in research studies [rather than any single index] noting that
lexical diversity can be assessed in many ways and each approach
may be informative as to the construct under investigation” [34].

Since our data is predominantly limited to persona descriptions
of 120 words, which translates to a lower range of 40-50 words after
stop-word (common words like ‘a’, ‘and’, ‘the’) removal and further
processing, our data falls below the suitable text length threshold
for metrics like Measure of Textual, Lexical Diversity (MLTD) and
vocD [34, 35], which have thus been excluded from our chosen
metrics for this study.
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A description of the lexical diversity metrics used in this study is
available in the supplementary material 3. The expected values for
high diversity have been referenced from the results of empirical
studies and existing research [33, 64]. It should also be noted that
these studies also emphasize the shortcomings of these metrics, such
as variability of Type-Token Ratio (TTR) with respect to word count
[34]. Our study, by using a collection of these metrics, balances the
outcomes against the individual weakness for a given metric. For
example, CTTR and RTTR are corrected versions of TTR which
overcome their dependence on token length.

3.4 Data Processing

We performed standard data pre-processing on the textual persona
description data. The original text was sequentially processed by
first normalizing the text by lower casing, removing special char-
acters, and removing excess white spaces. Stop words were then
removed and lemmatization (i.e., reducing the inflected forms of a
word to its base form, e.g. driving -> drive) was performed on the
normalized text using the NLTK library [4]. The persona’s name is
also removed with the stop words during this step.

Our selection of demographic attributes (age, gender, and coun-
try) follows an established precedent in persona research [30, 54],
where these attributes form the main demographic identifiers in
persona profiles. These attributes are consistently present in per-
sona templates and are known to potentially influence perception
and stereotyping [65], making them appropriate focal points for
investigating potential biases in lexical diversity.

The pre-processed text was used to generate LD metrics via
the LexicalRichness [58] package. The resulting metrics form
the basis for our analysis in this study. For RQ3, we created a set
of personas using different LLMs for comparative analysis. The
prompt of Salminen et al. [54] was used to create 30 personas using
each model. The following models were used: (a) ChatGPT 4o, (b)
Claude 3.5 Sonnet, (c) DeepSeek V3, (d) Gemini 1.5 Pro, and (e)
LLaMa 3.1 (405b). These represented state-of-the-art models at the
time we conducted the study. The persona descriptions were passed
through the same pre-processing pipeline, and metric calculation
was performed as in RQ1. Since this part of the study aggregation
of results across metrics for each model to calculate overall lexical
diversity, we transformed the values of the metrics where a lower
score is better to a higher is better scale.

4 Results

4.1 RQ1: How Lexically Diverse Are
LLM-Generated Personas?

We first illustrate the difference between persona descriptions with
marked and noticeable differences in lexical diversity in Table 1.
As an example, we chose two LLM-generated persona descriptions
(P209 and P281) from our sample. These descriptions are for per-
sonas representing alcohol addiction. Repeated words negatively
affect the lexical diversity and are highlighted in red. P209 scores
lower on all the eleven lexical diversity metrics used in this study.
Taking Type-Token Ratio (TTR) as a reference, a TTR of 0.59 for

3 Available at: https://bit.ly/lexical-diversity-personas-supplementary-table
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P209 indicates moderate lexical diversity and a higher rate of rep-
etition of words in the persona description as compared to P281
with a TTR of 0.82, which indicates high lexical diversity.

To understand the central tendency, stability, and overall distri-
bution of the lexical diversity metrics across our set of 450 persona
descriptions generated using GPT-40 for RQ1, we performed de-
scriptive statistical analysis (see Table 2).

The key takeaway from these descriptive statistics is that LLMs
can generate lexically diverse persona descriptions. Across all the
metrics, we see high mean values, indicating that these persona
descriptions contain a wide ranging vocabulary, balanced word
usage, and overall linguistic variety [33].

Figure 2 illustrates the distribution of the eleven normalized
lexical diversity across the 450 LLM-generated persona descriptions
created for RQ1.

Normalized Value
';a

tr ttr cttr herdan  summer dugast maas yulek yei  herdanvm simpsond
Metrics.

Figure 2: Boxplot of normalized lexical diversity metrics. The
boxplot represents the distribution of each metric calculated
on a sample of 450 persona descriptions. Metrics where a
lower value is better are highlighted in blue. The metrics
have varying distributions and stability across the entire
sample and between metrics.

The metrics show varying distributions but low coefficients
of variation overall, suggesting consistent lexical diversity scores
across our dataset. This indicates that the personas generated by
LLMs maintain lexical diversity regardless of the context or length
of the persona description. In other words, the persona descriptions
exhibit consistent depth and detail.

We further investigated the stability of diversity metrics using
the coefficient of variation (CoV), because it is dimensionless and
allows comparison between metrics despite their scale [66]. We
chose the cut-off for CoV at 0.20 for stability [57].

Overall, the results indicate high lexical diversity and stable
distribution with minimal outliers across all metrics. The stability
of these metrics translates into low variance across the dataset.
This minimizes the influence of fluctuations caused by text length,
demographic attributes, or randomness.

4.2 RQ2:Is There a Dependence between
Demographic Attributes and Lexical
Diversity in LLM-generated personas?

Regression analysis was conducted using Ordinary Least Squares
(OLS) to examine the relationship between Age, Gender, and Coun-
try predictors and the eleven lexical diversity metrics.
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The results indicate that none of the demographic attributes (age,
gender, or country) significantly predicts changes in the lexical
diversity metrics. While RTTR (B = —0.0141) and CTTR (B =
—0.0100) exhibit statistically significant negative relationships with
age, the B for these relationships is very small, indicating a very
weak relationship. Overall, these results suggest that the lexical
diversity of LLM-generated persona descriptions is independent of
the demographic attributes of the personas themselves.

4.3 RQ3: Does the Lexical Diversity of
LLM-Generated Personas Vary by LLM
Used?

The Kruskal-Wallis test was conducted to assess the differences in
lexical diversity across groups (models) for each metric. The results
revealed statistically significant differences for all metrics®.

The p-values for all metrics are highly significant (p < .05), sug-
gesting that for each metric, at least one group’s (model’s) median
differs significantly from the others.

Since all metrics exhibit statistically significant variability across
groups, post-hoc pairwise comparisons using Dunn’s test were con-
ducted to evaluate differences in lexical diversity metrics between
groups. Bonferroni correction was applied to adjust for multiple
comparisons across model pairs to ensure stringent control over
Type I error rate. Statistically significant differences between multi-
ple model pairs were observed across all metrics *.

Finally, we measured the lexical diversity of each LLM across
the lexical diversity metrics to identify the model that generates
persona descriptions with the highest lexical diversity. To enable a
direct comparison, we transformed the values of the metrics (i.e.,
Maas, Herdan-VM and Simpson-D) in which a lower score is better.
The values for Maas, Herdan-VM and Simpson-D were transformed
to a higher is better scale using min-max normalization (applied to
the reciprocal of the original value).

The lexical diversity metrics for each model were normalized us-
ing MinMax normalization. The median for each metric-model pair
was calculated and plotted on a radar plot (see Figure 3). The area
under the polygon formed by each model was calculated using the
Surveyor’s Area Formula [5] that gives us the models’ overall lexical
diversity across all metrics. The larger the area of the polygon, the
higher the overall lexical diversity of the model.

The results indicate that Gemini 1.5 Pro had the highest lexical
diversity measured by our set of metrics among the models with
the largest area under the polygon formed in the radar plot. The
models can be ranked in descending order of their overall lexical
diversity (see Figure 4) by the area of their respective polygons.

5 Discussion

5.1 Findings Concerning Research Questions

Results on RQ1 show that LLM-generated persona descriptions are
lexically diverse, as measured by all metrics. Compared to bench-
mark values from the previous literature [33, 64], the persona de-
scriptions scored high on normalized scales. The relative stability

4Results of the statistical analyses performed can be viewed in the supplementary
material at: https://bit.ly/lexical- diversity- personas-supplementary-material
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Table 1: Comparison of lexical diversity in two persona descriptions. Repeated words (highlighted in red) reduce the overall
lexical diversity of the text. In P209, we see the words farm repeated 8 times and family repeated once. In P281, there is a lower
incidence of repeated words, with college and social repeated once each, making it more lexically diverse than P209, which is

reflected in the TTR value.

P209 (Lower Diversity - TTR = 0.59)

P281 (Higher Diversity - TTR = 0.82)

P209 is a 49-year-old farmer who has found himself struggling with
alcohol. Born and raised on a family farm, P209 was exposed to the

Growing up on the family farm made P209 accustomed to the rigors of
rural life, including the seemingly never-ending days of labor and the
relentless physical demands of farm work. As an adult, P209 now manages
the farm himself, working long hours and taking on all of the day-to-day
responsibilities. Although the farm has provided P209 with a stable
occupation and a sense of pride in his work, it has also come at a high
personal cost. Dealing with the day-to-day stressors and routine of farm
life, coupled with feelings of isolation from the lack of social interaction
inherent in rural living, P209 turned to alcohol as a way to cope with his
emotional struggles.

demanding nature and responsibilities of farm life from a very young age.

P281 is a 22-year-old college student currently studying social sciences at
a well-known university. He is a member of a popular fraternity on campus,
which plays a significant role in his social life. As part of this fraternity,
P281 has had the opportunity to make several friends and enjoy a wide
range of activities, both on and off-campus. As is quite common among
college students, partying is a significant aspect of P281’s life. During his
freshman year, many of these gatherings involved excessive drinking and
the use of recreational drugs. Unfortunately, this environment provided
P281 with ample opportunity to experiment with various substances,
including opioids. Initially, P281 only used opioids occasionally, believing
that this would prevent him from developing an addiction. However, over
time, he found himself using increasingly higher doses and more frequent
administration to achieve the desired euphoric effects. Inevitably, this led
him down the path of opioid addiction.

Table 2: Central tendencies of the lexical diversity metrics. Metrics where a lower value is better are highlighted in blue. The
mean values for all metrics lie between our expected values for high diversity (greater than 70th percentile for metrics with an
upper bound). The metrics also exhibit low coefficients of variation, indicating that the metrics remain stable across the data,
indicating consistency in the lexical diversity of LLM-generated persona descriptions.

Metric Expected Value (High Diversity) Mean (M) SD CoV  Diversity
TTR 0.7-0.9 0.72 0.05 0.063 High
RTTR 10 - 15 10.70 0.76 0.071 High
CTTR 7-10 7.57 0.54 0.071 High
Herdan 0.8 -1.0 0.94 0.01 0.012 High
Summer 0.8 -1.0 0.96 0.007  0.007 High
Dugast 90 — 150 90.96 15.95 0.175 High
Maas 0.005 — 0.02 0.01 0.002 0.178 High
Yulek 20 — 80 63.10 14.44  0.229 High
Yulei 70 — 150 72.83 22.23  0.305 High
Herdan-VM 0.06 — 0.1 0.067 0.008 0.126 High
Simpson-D 0.002 — 0.01 0.006 0.001 0.229 High

of these metrics reflects LLMs’ ability to produce lexically rich per-
sona descriptions. This aligns with previous findings on the ability
of LLMs to generate high-quality, lexically diverse text [2, 32, 54].

For RQ2, we did not find a statistically significant relationship
between demographic attributes of age, gender, or country and the
lexical diversity of the persona descriptions. The only statistically
significant relationship between age and two of our 11 lexical di-
versity metrics (RTTR and CTTR) was found to be extremely weak
with B = —0.0141 and B = —0.0100, respectively.

The findings to RQ3 revealed statistically significant differences
between the selected models for each individual metric, making
model choice a factor to consider in maximizing the lexical diversity
of LLM-generated persona descriptions. A performance analysis
across all metrics indicated that the persona descriptions generated
by Gemini 1.5 Pro had the highest lexical diversity.

5.2 Limitations and Future Research Directions

Even though we employed metrics that measure conventional lex-
ical diversity, their efficacy and relevance in persona evaluation
lack scholarly attention. A unified quantitative model for measur-
ing lexical diversity relevant to persona generation could inform
decisions of which metrics correlate with stakeholders’” experience
of personas. So, more needs to be known about the relationship
between lexical diversity and the “quality” of personas, especially
from the perspective of persona users. There is also a need to ex-
plore similar metrics in the realm of semantic [20] and syntactic
[43] diversity to quantify overall linguistic diversity. A correlation
analysis between linguistic diversity scores and human evaluations
by subject matter experts could form the basis of future research.
In assessing bias, RQ2 showing significant findings would have
signaled a bias toward a particular demographic attribute. However,
the lack of it (as found in this study) does not posit the absence
of bias. A conclusive answer to whether LLM-generated persona
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Figure 3: A comparison of the overall lexical diversity of the models. Each individual radar plot depicts a model’s overall lexical
diversity across the metrics. Within each plot, each radial axis represents the median value of a lexical diversity metric. These
metrics have been MinMax normalized before plotting. The model with the highest overall lexical diversity across all metrics

will have the largest area under the polygon.
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Figure 4: Overall lexical diversity of the LLMs for persona
generation based on areas under the polygon in Figure 3.

descriptions are free of demographic bias would require a cross-
sectional analysis of lexical diversity with demographic attributes
over a larger sample, with descriptions of varying lengths and
additional variables. While outside the scope of this study, this is a
needed direction for future research.

Moreover, while we have studied the results from multiple mod-
els on a control prompt, the effect of prompt engineering with
respect to prompt length, structure, and input data has not been
studied. It offers a promising avenue for future research. In a similar
vein, our work paves the way for automated evaluation systems
that could be applied before providing the persona descriptions to
stakeholders in order to ensure that the personas contain sufficient
levels of lexical diversity. The use of NLP metrics in the automatic
evaluation of persona descriptions thus offers a formidable avenue
for future work that is currently understudied. For example, our
approach could be further developed into an algorithm that would
select persona descriptions from a pool of candidate persona descrip-
tions to maximize the overall diversity of user representation at a

persona set level. Therefore, we believe that our work, exploratory
in nature, adds value to HCI research on the impact of LLMs in
persona generation and the application of NLP in HCI domains.
To this end, we share our programming code to facilitate further
explorations in LLM-generated personas.
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