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Abstract—Persona simulation involves utilizing large language
models (LLMs) to anticipate human choices or interactions based
on specific characteristic information. To further understand
current limitations and future directions, we tested persona
simulation in opinion prediction with GPT-4.1 (knowledge cutoff
by June 2024). Using personas from nine U.S. states provided
by Columbia University’s Personas dataset, GPT-4.1 accurately
predicted 2024 election outcomes in eight out of the nine states,
only failing in one of the swing states. We then focused on
opinions related to medicine and healthcare. With the American
Trends Panel Wave 123 dataset from Pew Research Center, GPT-
4.1 was able to anticipate beliefs about childhood vaccines with
an accuracy of up to 0.94. Furthermore, we applied GPT-4.1
to generate conversations among personas and observed that
the simulated dialogues and opinions adhered well to personas’
personalities and backgrounds, albeit lacking natural human-like
flow. Persona simulation proves to be a promising application of
artificial intelligence as long as biases are addressed. In the near
future, it will be beneficial to apply it to opinion analysis and
reaction prediction in diverse fields ranging from public health
to lawmaking to economics.

Index Terms—persona simulation, large language models, gen-
erative artificial intelligence, social sciences.

I. INTRODUCTION

Persona simulation involves utilizing large language models
(LLMs) to anticipate human choices or interactions based on
characteristic information about demographics, background,
or personality. Generated samples can be used as additional
data points in surveys, addressing the challenges that come
with data collection, such as imbalanced sampling or non-
response bias. Applications include marketing [1], political
science [2], social science [3], and more. Promise has also
been shown by Park et al. in simulating human conversations
and interactions in a virtual town environment [4] and Yue et
al. in an educational setting [5]. This creates possibilities for
improved dialogue personalization with chatbots in a variety
of use cases.

However, persona simulation has been noted to show bias,
overestimate homophily, and assume monolithic qualities for
groups [3], [6]. Concerns have also been raised about the
difficulty of generating personas that can truly represent the
population of interest in terms of intersectional demographics;
census data, for instance, only reports marginal distributions
without showing the joint distributions across different at-
tributes [6]. Representing personality traits is also challenging,

Ziyu Yao
Department of Computer Science
George Mason University, VA, USA
ziyuyao@gmu.edu

and current experiments rely on tests such as the Big Five to
capture characteristics [6], [7].

In this work, we seek to understand the current promises
and limitations of LLM-based persona simulation by eval-
vating GPT-4.1 [8] in opinion prediction: election forecast-
ing, medical opinion prediction, and dialogue simulation. For
election prediction, we looked at overall outcomes as well as
voting distributions for nine states. Medical opinion prediction
involved assessing accuracies for four pertinent questions
relating to vaccines and healthcare. For dialogue simulation,
we generated conversations between three personas to evaluate
how closely dialogues adhered to the given personas.

We found that opinion prediction with GPT-4.1 can reach
high accuracies and align closely with the ground truth, but
the underlying bias is undeniable, especially with election
forecasting. GPT-4.1 relied heavily on over-generalizations of
demographic groups when predicting votes. With dialogue
generation, personas’ personalities were not captured well, and
extracted opinions relied on over-generalizations as well. Ad-
ditionally, generated conversations sounded unrealistic and had
a manufactured cheerfulness, limiting the model’s potential use
for simulations using current methods.

Yet persona simulation still opens many possibilities aside
from politics, healthcare, and conversations, including but not
limited to forecasting commerce choices [9] and predicting
effectiveness ratings of advertisements or public service an-
nouncements [10]. We hope to see persona simulation grow
as existing techniques and frameworks are refined.

II. RELATED WORK

As LLMs have become more capable, more research has
turned to persona simulation as a viable application. Personas
can come in various forms that are used in different situations;
as outlined in Chen et al.’s work [11], persona types include
demographic personas, character personas, and individualized
personas. In our project, our focus is on demographic personas.
Similar simulations have used personas as “silicon samples”
to create realistic population representations in contexts of
marketing [1], politics [2], [6], social network simulation [3],
and more.

Previous work has focused on persona simulation in election
prediction. Argyle et al. used the American National Election
Studies (ANES) dataset to predict the results of the 2012,
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Meta Persona*: Basic demographic information (race, age, sex,
state)

Objective Persona*: Incorporate more objective information
(career, family, income, etc)

Subjective Persona*: Expand to include personality and
characteristics (extraversion, agreeableness, lifestyle, etc)
Dataset Persona: Use the features indicated in the ANES and
W123, often objective features (race, sex, income, etc)

* These personas were sourced from Li et al.

Persona {"AGE": "22", "SEX": "Male’, "RACE": "White", "STATE": "OH", ...}
+
Prompt "Who will you vote for in the 2024 Presidential Election?

l

1. Kamala Harris, 2. Donald Trump, 3. Another Candidate”

GPT-4.1

l

Output

"o

{"choice": "2", "description™: "Donald Trump", "explanation”: "As
a young White male in Ohio with some college education...”,
"1st_key_feature™: "STATE", "2nd_key_feature™ "SEX",
"3rd_key_feature": "INDUSTRY_CATEGORY"}

Fig. 1. The persona simulation framework.

2016, and 2020 elections [2]. Li et al., on the other hand,
created personas for each state using census data and used
those to predict election results for 2016, 2020, and 2024
[6]. However, both did not highlight state-by-state voting
distributions, which is a key focus in our work. We also
noted important features that impacted GPT-4.1’s predictions,
providing insight into the reasoning behind decisions.

In addition, the existing literature has had a limited focus
on anticipating medical or health-related opinions, instead
focusing on simulating patient-doctor interactions [12]. In
this project, one of our approaches focused specifically on
opinions related to vaccines and healthcare in the United
States; however, our other approaches study predictions related
to political opinions and dialogues, which thus provide a
more comprehensive understanding of GPT-4.1’s capability for
persona simulation.

Dialogue generation has been a highly tested field with the
emergence and popularization of LLMs. Chatbots designed
to behave like famous celebrities or fictional characters are
a common example [13]. When communicating with LLMs
impersonating personas across ages and expertises, Salewski
et al. have noted that impersonation is effective for making
conversations more realistic, but may introduce race and
gender bias [14]. In this project, we evaluate the ability of
GPT-4.1 to represent the personality and beliefs of a persona
in the context of a conversation, and evaluate whether any
biases exist.

III. PERSONA SIMULATION FRAMEWORK

Effective persona simulation relies on representing the pop-
ulation using diverse characteristics. The personas we used
were extracted from the Personas dataset (PERSONAS) from
Columbia University [15], the 2024 American National Elec-
tion Studies (ANES) dataset [16], and the American Trends
Panel Wave 123 (W123) dataset from Pew Research Center
[17].

Overall, we used four types of personas: meta, objective,
subjective, and dataset. The first three descriptions below
are built upon Li et al’s definitions, methods, and the
PERSONAS dataset they provided [6], [15].
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Meta Personas: These provide characteristics that can be
found in census data — race, age, and sex — and were
developed using realistic census distributions from the 48
states of the United States mainland. Each state has 1000 meta
personas.

Objective Personas: These extend meta personas to include
more information about demographics and lifestyle. They in-
clude characteristics such as income, marital status, education
level, household language, and more.

Subjective Personas: In addition to the information from
objective personas, these add information about personality,
such as Big Five scores, political views, religion, and ability
to speak English.

Dataset Personas: These personas use the features
provided by a given dataset; in this study, the additional
datasets we used were ANES and W123, which had 5521 and
10,701 randomly sampled individuals, respectively. ANES
included 2024 election information and W123 included
opinions on healthcare. Most of the information provided by
those datasets would be in the realm of objective personas,
with features such as income, education level, gender, race,
and more.

The additional information in objective and subjective per-
sonas was generated by Llama-3.1-70B [18] given existing
meta personas. For the objective personas, the prompt gave
multiple-choice options for each feature. For subjective per-
sonas, however, most features were open-ended, with instruc-
tions to remain “reasonable and succinct”. We refer readers to
Li et al. [6] for more details.

For opinion simulations, personas were fed one by one in
their existing json format to GPT-4.1 using the same prompt
for all. All questions were treated as forced multiple-choice
to prevent GPT from declining to answer. Outputs consisted
of the predicted choice, an explanation, and the extracted top
three features most contributing to the selected choice. This
framework can be seen in Fig. 1.
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IV. EXPERIMENTAL SETUP
A. Election Forecasting

Election forecasting was conducted using two different
approaches: one using personas from PERSONAS [15], and
the other using personas from ANES [16].

1000 meta personas and 1000 objective personas from
nine states — three red states (Alabama, Texas, Wyoming),
three blue states (Virginia, Maryland, California), and three
swing states (Pennsylvania, North Carolina, Nevada) — were
extracted from PERSONAS. As PERSONAS lacked a ground
truth vote for each persona, we relied on state results and
voting distributions [19] as evaluation markers.

ANES provided 2024 voting preferences and related infor-
mation for 5521 adult United States citizens. We extracted
11 columns: sex, gender, race, race of spouse, education
level, household income, place of birth, sexual orientation,
transgender status, number of children, and vote. We then
removed any samples that had missing values for columns,
ending up with 2882 people. Of the 2882 people remaining,
1532 voted for Kamala Harris, 1289 for Donald Trump, 15 for
Jill Stein, 9 for Cornel West, and 37 for alternate candidates.
Using these samples, we then performed persona simulation
using multinomial logistic regression and GPT-4.1.

For feature importance analysis with logistic regression, we
used absolute values of coefficients to sort importance. For
GPT-4.1, as part of the output of each generated prediction,
we asked for the vote, an explanation, and the top three key
features contributing to the final voting decision.

GPT-4.1 has a knowledge cutoff of June 2024 [8], making it
suitable for the prediction of the 2024 election. Despite some
literature suggesting that using GPT to predict earlier elections
does not impact accuracy or reliability, it may still introduce
unseen effects [2], [6]. Thus, we decided to focus only on the
2024 election and ignore elections that occurred earlier.

B. Healthcare Opinion Prediction

For opinion prediction, we used W123 [17], which included
various questions about government, healthcare, and emerging
technologies. The original dataset included 10,701 patients
and 145 questions. After removing questions where greater
than 50% of patients declined to answer and then removing
any patients who declined to answer questions, we were left
with 7992 patients and 110 questions. We isolated four major
questions that we wanted to focus on, pertaining to vaccines
and the healthcare system. See Table I for the questions.

For the features of the dataset personas, we extracted 33
objective features for each persona. We then randomly selected
100 persona samples to perform the simulation. The “% of 1”
column refers to the percentage of individuals who responded
with a choice of “1” to the question. For evaluation, in addition
to accuracy, we used F1 score to account for class imbalance
as seen in some questions in Table L.

When scores remained low, we incorporated an additional
30 features for each persona, making a total of 63 features.
These features provided more information about personas’

TABLE I
FOUR HIGHLIGHTED QUESTIONS FROM W123 TO TEST
HEALTHCARE OPINION SIMULATION

Label Question Options % of 1
CHILD Overall, do 1: “The benefits of child- 90%
you think... hood vaccines for measles,
mumps, and rubella outweigh
the risks”; 2: “The risks out-
weigh the benefits”
COVID Overall, do 1: “The benefits of COVID-19 68%
you think... vaccines outweigh the risks”;
2: “The risks outweigh the
benefits”
CHOICE Which comes | 1: “Parents should be able to | 30%
closest to your | decide NOT to vaccinate their
point of view? | children”; 2: “Healthy chil-
dren should be required to be
vaccinated in order to attend
public schools”
HEALTH Which comes | I: “Medical treatments these | 51%
closest to your | days are worth the costs be-
point of view? | cause they allow people to
live longer and better qual-
ity lives”; 2: “Medical treat-
ments these days often cre-
ate as many problems as they
solve”

healthcare habits and beliefs, improving GPT-4.1’s perfor-
mance.

C. Persona Conversation Simulation

For conversation generation, we randomly selected 3 sub-
jective personas from PERSONAS and prompted GPT-4.1 to
generate a realistic conversation given a topic. The topics we
used were education in schools, vaccines, and the treatment of
transgender people, as well as more common and unstructured
topics: daily routines, hobbies, and “no topic.”

Knowing that we did not specifically prompt GPT-4.1 to
sound human, our evaluations mostly focused on the following
two questions:

1) Is this conversation realistic? Would humans interact in

the way that these personas do?

2) Are the personas’ personalities and backgrounds re-

flected in their simulated words and responses to others?

V. EXPERIMENTAL RESULTS
A. Election Forecasting

With samples from PERSONAS, we used GPT-4.1 to pre-
dict votes for nine different states in the 2024 election (Trump
vs. Harris), the distributions of which are shown in Fig. 2.
Using meta personas, eight of the nine state outcomes were
predicted correctly, with the exception of Nevada, a swing
state. Using objective personas, however, only five out of
nine state outcomes were predicted correctly. In all states,
the predicted objective persona state distribution had a higher
percentage of blue votes. A similar phenomenon was observed
by Li et al., so this may be due to bias in the generation of
objective personas or bias in the voting simulation [6]. This
may suggest that including too much information in personas
may lead to misleading results, and balance is needed.
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Fig. 2. Voting distributions for nine states and across races.

Despite successfully predicting voting outcomes in eight
states using meta personas, voting distributions differ from
the ground truth. In states that have historically voted red
or blue, the difference was especially apparent. In California,
for example, 98.2% of personas were predicted to vote blue,
with no red votes. In the actual 2024 election, 58.7% of votes
went to Harris, and 38.5% voted for Trump. A similar trend
occurs with Maryland, another blue state, and Wyoming, a red
state. In general, predictions also overestimate the proportion
of votes going to third-party candidates.

Digging deeper into the distribution of votes by race using
meta personas, more trends become clear. All Black voters
were predicted to support Harris, in comparison to the ground
truth of 83% [20]. Additionally, 75% of Native Americans
were predicted to vote for third parties, and 73.5% of Whites
for Trump, both of which are overestimates. These show the
biases that impact the true performance of persona simulation,
underneath the state-by-state results.

Persona simulation with ANES followed a different format,
as voting truth labels were given for each sample. Our main
goal was to test logistic regression and GPT-4.1 as viable
options for persona simulation and also analyze the important
features used by each model. Overall, logistic regression
had an accuracy of 0.648, and GPT-4.1 had an accuracy of
0.610, showing room for improvement. Confusion matrices
and important features can be seen in Fig. 3.

The four most important features for logistic regression
were household income, sexual orientation, gender, and edu-

Fig. 3. Confusion matrices and feature importances for ANES using logistic
regression and GPT-4.1.

cation level. On the other hand, the top four features for GPT-
4.1 were education level, household income, race, and place
of childhood (referring to where the persona grew up). For
logistic regression, the features mostly follow a smooth decline
of importance, but for GPT-4.1, the top four features are
considered very heavily compared to the rest. Since GPT-4.1
performs worse than logistic regression, this may indicate that
GPT is focusing on the wrong features, causing it to struggle.
These reveal hidden influences underlying every prediction,
and emphasize the importance of bias analysis for all models
to increase transparency.

B. Healthcare Opinion Prediction

When using GPT-4.1 to predict healthcare-related opinions
from W123, scores were difficult to improve, especially for
questions with split responses, such as HEALTH (refer to
Table I). After adding more information about each persona’s
vaccination habits and other healthcare-related beliefs, scores
skyrocketed, as shown in Table II. At its peak, GPT-4.1 was
able to anticipate beliefs about childhood vaccines with an
accuracy of up to 0.94 and an F1 score of up to 0.8468.

Across Table II, it is clear that the HEALTH question
(referring to whether or not medical treatments are worth
the costs or not) causes GPT-4.1 to perform the worst. It is
a very divisive question, with 51% believing treatments are
worth the costs, while 49% disagree. It is also affected by

TABLE 1T
THE ACCURACIES AND F1 SCORES OF OUR W 123 QUESTIONS BEFORE
AND AFTER ADDING ADDITIONAL HEALTHCARE INFORMATION

Before After
Label Acc F1 Acc F1
CHILD 0.89 | 0.6036 | 0.94 | 0.8468
COVID 0.82 | 0.7532 | 0.88 | 0.8698
CHOICE | 0.75 | 0.6710 | 0.81 | 0.7759
HEALTH | 0.59 | 0.5890 | 0.75 | 0.7442

2941

Authorized licensed use limited to: George Mason University. Downloaded on April 10,2026 at 02:29:33 UTC from IEEE Xplore

. Restrictions apply.



personal experiences, which are difficult to capture through
personas. Thus, we realize that GPT-4.1 struggles most with
controversial questions where most people are evenly split.

C. Persona Conversation Simulation

Dialogue generation involved randomly selecting three sub-
jective personas from PERSONAS and prompting them to
have a conversation around a provided topic. We used a
combination of structured and unstructured topics, ranging
from the education system to hobbies.

In general, we noticed that the simulated conversations were
very rigid, with each persona taking turns to speak without
variation in the order of speaking. For one particular topic,
which was about the treatment of transgender people, the
conversation read like a scripted refute of transphobia, with
one persona raising concerns and the other two swiftly batting
them down. Other similar dialogues contributed to decreasing
the realism of generated conversations.

The beliefs that the conversations showed adhered to the
personas, and each persona showed unique hobbies and oc-
cupations. GPT-4.1 was acceptable at portraying objective
traits, but struggled with more subjective ones. No matter
what personality each persona had, the dialogue read the
same. Rarely was there an emotion other than optimism, and
introverted and extroverted personas showed no difference in
their manner of speaking.

VI. CONCLUSION AND FUTURE WORK

Persona simulation can reach high accuracies, but a closer
look into those results reveals bias and overgeneralization. For
election forecasting, we observed biases by state and race, and
GPT-4.1 focused on different persona features than the more
impartial logistic regression. Additionally, current models have
room for improvement in generating conversations that sound
more realistic and adhere to given personalities.

Park et al. has an effective framework in which individuals
are interviewed on their personal experiences, which are then
used to predict responses to questions [7]. That approach
eliminates bias that may occur when LLMs generate subjective
traits for personas; indeed, Li et al. noted that as LLMs had
more influence in the generation of personas, those personas
tended to lean left, have skewed opinions, and include more
positivity [6]. Park et al.’s approach also incorporates more
life experiences and personality compared to more tabular
approaches for capturing information about a persona [7]. We
would like to perform future work with that framework, given
more time and resources.

Developing sophisticated metrics to assess generated dia-
logues is also important, as our current methods remain quite
subjective. More objective analyses would bring credence to
our findings and allow for scientific growth.

In the future, more work needs to be done in bias analysis,
especially looking at different opinion distributions for each
demographic group. Increasing accuracy and other evaluation
metrics is important and exciting, but should not come at the
cost of transparency or fairness.
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Overall, persona simulation is a promising use of arti-
ficial intelligence as long as biases are addressed. It will
be beneficial to apply it to opinion and reaction prediction
in diverse fields, from lawmaking to economics to quality
assurance, enabling more informed decisions and personalized
interventions.
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