
Use of LLMs for Generating Synthetic ARDs to
Make Estimates in Electoral Processes
Lucia Soria Gonzalez 

IMDEA Software Institute
Milene Gutierrez Santibanez 

University of Chile
Sergio Dıaz 

IMDEA Networks
Juan Marcos Ramırez 

IMDEA Networks
Rosa Lillo 

Universidad Carlos III de Madrid
Antonio Fernandez Anta 

IMDEA Software Institute
Jose Aguilar 

IMDEA Software Institute

Research Article

Keywords: Indirect surveys, Network Scale-Up Methods, Large language models, Synthetic data

Posted Date: August 14th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-10534310/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-10534310/v1
https://doi.org/10.21203/rs.3.rs-10534310/v1
https://doi.org/10.21203/rs.3.rs-10534310/v1
https://creativecommons.org/licenses/by/4.0/


Use of LLMs for Generating Synthetic ARDs to

Make Estimates in Electoral Processes
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Abstract

Context: Accurately estimating electoral results remains a challenge in political
science due to response biases in traditional direct surveys. Indirect survey tech-
niques, which infer voting intentions from respondents’ social networks, have
emerged as a promising alternative by reducing response bias and improving
scalability. In parallel, large language models (LLMs) have shown a remark-
able ability to capture and reproduce social patterns, suggesting their potential
use as synthetic respondents in survey-based research. While indirect survey
techniques—asking about the voting intentions of acquaintances—mitigate the
biases in traditional direct surveys, the emergence of LLMs offers a novel op-
portunity to simulate these processes using synthetic agents.

Objective: This study aims to develop a robust methodological framework
to employ LLMs as artificial respondents in indirect electoral surveys, assessing
their ability to reflect collective social behavior.

Method: To this end, LLMs are prompted to answer indirect survey ques-
tions regarding perceived voting intentions within social circles, and the result-
ing synthetic data are processed using Network Scale-Up Methods (NSUM).
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Specifically, this research proposes a methodology using specific prompt tem-
plates to elicit synthetic responses from an LLM. These responses, focused on
perceived voting intentions within social circles, are processed using NSUM.

Results: This study provides methodological guidelines and prompt tem-
plates that support the integration of LLMs into electoral analysis frameworks.
The methodology is applied to two empirical cases: the latest regional elec-
tions in Spain and recent national elections in Chile. The study systematically
compares different LLM versions, deployment environments, and demographic
configurations (age, sex), and contrasts LLM-based estimates with results from
real-world indirect surveys. The results show that NSUM-based estimates de-
rived from LLM-generated surveys reproduce key aggregate patterns observed in
empirical indirect survey data, although variability across models and settings
is observed.

Findings: The main finding of this work is that LLMs can infer a collective
pattern of electoral behavior, offering a scalable and reproducible complement
to traditional indirect surveys, positioning LLMs as a powerful complementary
tool for modern political analysis and social pattern estimation. The results
demonstrate that the synthetic data generated by LLM can effectively replicate
voting behaviors comparable to those obtained through indirect human surveys.

Keywords:

Indirect surveys, Network Scale-Up Methods, Large language models, Synthetic
data.

1 Introduction

Accurately estimating the results of electoral processes remains a challenge
in political science. In particular, traditional direct surveys often struggle to
capture truthful responses, leading to systematic errors. Indirect survey tech-
niques, based on questions about how respondents’ acquaintances will vote,
have emerged as promising alternatives by reducing response bias, maintaining
anonymity, and being more scalable by leveraging social networks.

At the same time, large language models (LLMs) have demonstrated an
exceptional capacity to learn and reproduce complex patterns from a vast corpus
of text, including content on political analysis, collective narratives, and social
behaviors. Beyond their conventional use as text generators or analytical tools,
LLMs can be seen as synthetic agents capable of simulating human-like responses
under controlled conditions. This opens up new methodological possibilities for
their use as artificial respondents.

Using LLMs as survey participants offers several advantages for electoral
analysis. First, survey-based LLMs can be surveyed on a large scale, at low
cost, and without the logistical and ethical limitations associated with human
subjects. Second, they provide a reproducible and controllable environment,
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allowing for the exploration of different indirect questioning strategies under
varying assumptions and contexts, such as specific demographic analyses. This
is particularly valuable for developing a methodological framework for using
LLMs as respondents, modeling the voter rather than the individual voter’s
behavior.

In this work, we develop a methodology for employing LLMs as respondents
in indirect election surveys focused on perceived voting intentions within respon-
dents’ social circles. The collected synthetic responses are then processed using
Network Scaling Methods (NSUM) to estimate aggregate election results. This
approach proposes prompts for designing established indirect survey processes,
analyzes different LLM environments (app and online), different LLM versions,
and demographic analyses (age, sex, etc.) to directly compare synthetic data
generated by LLMs with real-world indirect survey data.

Specifically, this work studies the cases of the most recent regional elections
in Spain, which were estimated using human indirect surveys, and the last
elections in Chile. To this end, we compare NSUM-based estimates derived from
LLM-generated surveys with those obtained from actual indirect surveys. In
doing so, we assess the extent to which LLMs can serve as significant indicators
of collective social knowledge in electoral contexts and explore their potential as
complementary tools for electoral analysis, developing a robust methodological
framework for conducting electoral surveys. The main contributions are the
following:

• The development of a methodology for using LLMs as respondents in
indirect surveys for electoral processes.

• The definition of prompt templates for generating synthetic data from
indirect respondents.

• A comprehensive analysis of the behavior of synthetic data generated from
LLM responses compared to human responses and real data.

This work is organized as follows. Section two describes works related to
our own, first, those that have used indirect surveys to estimate the results of
electoral processes, and second, those that have used LLMs to generate syn-
thetic surveys. Next, we present the basic theoretical framework, introducing
the NSUM and LLMs used. Following this, we describe the methodological
framework proposed in this work, which consists of three steps: Prompt design,
generation of synthetic data using the prompts in the LLMs, and estimation of
voting intention using NSUM techniques. Next, we present the results for the
last elections in Spain and Chile, comparing the results with both the actual re-
sults and indirect human surveys. In addition, we carry out a general discussion
of the results. Finally, we present conclusions and directions for future work.
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2 Related work

2.1 Indirect surveys and NSUM in election contexts

Indirect surveys have emerged as an effective strategy for rapidly and anony-
mously collecting information, which can then be used to estimate the size of
hidden subpopulations. To infer the size of these unknown groups, it is es-
sential to gather data about the contact networks of the respondents. The
foundational idea behind the NSUM was introduced by Bernard et al. [JKR89],
who proposed using aggregated relational data (ARD) to estimate each par-
ticipant’s network size (degree) and then leveraging this information to infer
the size of the hidden subpopulation. Subsequent studies have expanded on
this approach [KJM+98,HDK15]. Particularly important is the estimator de-
veloped by Killworth et al. [KMB+98], which has become the most widely used
NSUM estimation method. NSUM methods have been applied in epidemiol-
ogy [FUM+16, TPC+19], as well as in research on health and social issues
such as cancer [CSMG17], abortion [SGAD20], sex work [JLC+18], and drug
use [SFM+10].

On the other hand, a number of studies have focused on improving the
NSUM estimation process itself. New Bayesian models have been introduced to
correct for various sources of bias [MZ12,TPC+19] and to account for correla-
tions between groups [LBN23]. Other works incorporate multiple estimates from
different sources of information to refine existing ones [PNB22]. Additionally,
ARD has been employed to reconstruct networks [BCMP20], estimate network
properties [BCL+23], and derive latent network representations [MZ15]. Two
review articles on NSUM and ARD [LBN21, McC20] summarize most of the
approaches currently available in the literature.

In the context of electoral surveys, several studies have examined the use
of indirect surveys—particularly surveys that ask about the broader population
or respondents’ immediate social circles—across a range of elections in different
countries. For instance, Murr [Mur11] investigated the “wisdom of crowds” in
election forecasting. His approach relies on citizen predictions of constituency-
level results. Using data from the 2010 British Election Study, the analysis
showed that the size of the reference group plays a crucial role in prediction
accuracy. Although this method can directly forecast seat shares, it can some-
times lead to errors as high as 15%. Moreover, the approach does not address
the question of how large a respondent sample is needed for reliable forecasts,
nor does it account for the influence of electoral campaigns on respondents’ ex-
pectations. In another line of work, Galesic et al. [GBdBD+18] demonstrated
that social-circle questions—those asking about the voting intentions of respon-
dents’ acquaintances—yield improved forecasts. These questions successfully
predicted the outcomes of the 2016 U.S. and 2017 French presidential elections
at national, state, and individual levels. They also helped capture last-minute
shifts in voting intentions and provided insight into the structure of echo cham-
bers among supporters of different candidates. Although the article details the
survey design (including multiple waves and different types of questions regard-
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ing own voting intention, social-circle intention, and expected election winner),
it does not provide information on how the survey responses were analyzed or
how predictions were computed. Graefe [Gra14] compared the accuracy of vote-
expectation surveys for U.S. presidential elections from 1932 to 2012 against four
established forecasting methods: expert judgment, traditional polls, prediction
markets, and quantitative models. In a separate study, Graefe [Gra16] evaluated
similar surveys in the context of the 2013 German federal election, concluding
that representative expectation surveys offer a valuable and low-cost forecasting
tool—particularly for small-scale elections where conventional polling or mod-
eling approaches may not be practical or cost-effective. However, a key concern
with expectation-based forecasting is that individuals’ predictions may be influ-
enced by their own preferences; voters tend to expect their favored candidate to
win. While this approach draws on Condorcet’s Jury Theorem—according to
which the probability of a group reaching a correct decision increases with the
number of independent estimates—such preference-driven bias is not necessarily
eliminated, unless the sample is well balanced across candidate preferences.

Recent work by Bruine de Bruin et al. [BdBGB+22] found that social-circle
questions outperform respondents’ own voting-intention reports when predict-
ing elections involving many political parties. Their findings, based on the 2017
general election in the Netherlands and the 2018 general election in Sweden,
suggest that social-circle questions remain effective even in complex multiparty
systems. Nonetheless, the study does not provide details on sample characteris-
tics, contextual factors, or the specific analytical procedures used to obtain these
results. Finally, the work [ARDA+25] introduces a methodology for electoral
forecasting that relies on indirect questioning and network scale-up methods.
The proposed approach gathers information not about respondents’ own vot-
ing intentions, but about the voting intentions of people within their social
networks. After designing an indirect survey to capture these network-based
perceptions, the method applies data-cleaning filters and sample-stratification
strategies, and ultimately uses NSUM techniques to estimate the vote share
for each political group. The methodology is tested using data from the 2023
Spanish general elections, focusing on the regions of Madrid, Andalusia, and
Valencia. Results show that the proposed approach produces estimates that are
closer to the actual election outcomes than those published by major public and
private polling organizations.

2.2 LLMs in surveys

Recent advances in LLM have increased interest in its use for generating syn-
thetic data. One such possibility is generating synthetic survey data as an
alternative to human responses. Below, we present some recent works where
LLMs have been applied to this task in different domains.

The work by Kim and Lee [KL24] proposed a method for the use of LLMs
as synthetic respondents in direct surveys, fine-tuning LLMs with the responses
to real questions from surveys previously administered to human respondents.
Their study analyzes several tasks inherent to the survey context, including
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missing data imputation, retrodiction, and zero-shot prediction, within a unified
methodological framework that conditions model responses on survey questions.
The results show that LLMs can reproduce human response patterns with high
accuracy in scenarios where comparable human data are available, particularly
for missing data imputation and the reconstruction of past opinions. In con-
trast, performance decreases substantially when models are required to answer
entirely new questions for which no prior human observations exist. Of par-
ticular relevance for the use of LLMs as survey respondents, the authors also
document systematic variation in accuracy across population groups, with lower
performance for individuals with lower socioeconomic status, non-partisan po-
litical affiliations, and racial minority backgrounds. These results suggest that
LLMs reproduce not only aggregate opinion patterns but also representational
gaps present in the underlying survey data. As a result, they argue that LLMs
cannot replace human respondents, but can instead complement existing data
through imputations and historical reconstructions.

Motoki et al. [MMMR24] explored the potential of LLMs to generate syn-
thetic survey data for organizational research. They introduced a structured
prompting framework that incorporates persona creation and impulse variables
to simulate realistic human responses and increase variability. Using validated
constructs from organizational deviance literature, the study evaluated whether
synthetic responses align with theoretical expectations. Results indicate that
LLMs can generate structured data resembling real-world patterns, supporting
efficient pre-testing and survey refinement. However, challenges remain, in-
cluding response homogeneity, inflated reliability estimates, and model-specific
biases. Huang et al [HWW25] examined how LLMs can simulate human sur-
vey responses while incorporating uncertainty quantification to produce reliable
population estimates. The proposed method transformed imperfect synthetic
responses into confidence sets that account for distribution shifts between sim-
ulated and real populations. A central contribution is adaptively determining
the optimal number of simulated responses, balancing overly narrow intervals
with poor coverage against excessively wide estimates.

Other studies have suggested the possibility of using LLMs to predict pub-
lic opinion by mimicking human responses. For example, Aher et al. [AAK23]
carried out a Turing Experiment about how language models simulate human
behavior using representative samples rather than individuals. The method
replicates classic studies in economics, psycholinguistics, and social psychology.
Results shown successful replication but also revealed distortions like “hyper-
accuracy”, which may impact real-world applications, including education, de-
cision making, and creative fields. Argyle et al. [ABF+23] argued that LLMs
can act as proxies for human subpopulations in social research. Using GPT-
3, it shown biases are demographically structured and conditionable, enabling
accurate simulation of diverse groups. This “algorithmic fidelity” produced nu-
anced, realistic responses, suggesting language models can be powerful tools
for studying human attitudes and behavior. Dillion et al. [DTGG23] examined
whether LLMs can replace human participants in psychological studies, reviewed
emerging evidence, proposed a theoretical framework, and highlighted impor-
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tant limitations, risks, and conditions under which LLMs may or may not serve
as reliable experimental subjects. Also, Mei et al. [MXYJ24] evaluated LLMs
behavior using a Turing-style test, games, and personality surveys. ChatGPT-4
shown human-like traits across trust, fairness, and cooperation, adapting behav-
ior as if learning. Its actions fell within human distributions but tend toward
greater altruism and cooperation, suggesting LLMs can approximate human
behavior in diverse social and psychological contexts.

Suhyun et al. [CKK24] examined whether LLMs can infer an individual’s
opinions from their speech and subsequently respond in ways that reflect those
learned views. They also explored how such models could be applied to survey
research. The study introduced the concept of a “Surveyed LLM,” a model
specifically trained for survey tasks to replicate previously learned human re-
sponses. Villarreal-Zegarra et al. [VZBB26] evaluated the consistency and psy-
chometric plausibility of synthetic data generated by an LLM to simulate re-
sponses in Peru’s ENSUSALUD 2016 national health survey. Using GPT-OSS-
20B, researchers produced Spanish-language responses conditioned on sociode-
mographic and clinical profiles. Synthetic data showed strong agreement with
key characteristics such as sex, age, and chronic disease status. Depression and
anxiety scales (PHQ-9, PHQ-8, GAD-7) demonstrated good factor fit and high
internal consistency, with meaningful correlations to real measures. However,
deviations emerged, including overestimation of obesity and irregular distribu-
tions, highlighting the need for rigorous validation before applying synthetic
data to research or policy decisions. Also, Kaiser et al. [KKM+25] developed
methods for synthetic survey sampling using ASPIRE, a system that creates
digital twins based on demographic profiles and generates responses through
LLMs. Comparing synthetic data to a representative U.S. sample (n = 461) on
soft drink preferences, results showed better-than-chance accuracy and similar
aggregate rankings. However, synthetic responses overestimated positive ratings
and showed lower variance. Jansen et al. [JgJS23] discussed the use of LLMs
to generate responses to survey items. They concluded that LLMs can address
some of the challenges associated with survey research regarding response bias,
lack of clarity and understanding, but cannot yet correct for sampling or non-
response bias challenges.

For elections, Bisbee et al. [BCD+24] examined how accurately ChatGPT
can replicate public opinion by prompting it to adopt various personas and as-
sign feeling thermometer scores to 11 sociopolitical groups. The average scores
produced by ChatGPT closely match those from the 2016–2020 American Na-
tional Election Study (ANES). However, its sampling performance was unre-
liable for statistical inference. The responses showed less variation than real
survey data, and regression coefficients often differed significantly from ANES
estimates. These results raise serious concerns about the quality, reliability, and
reproducibility of synthetic survey data generated by LLMs.

As can be seen from the reviewed work, there are very few studies that have
used LLMs in an electoral context to simulate voter responses. Furthermore,
there are no previous studies that simulate responses in indirect surveys, making
our work the first to our knowledge.
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3 Background

3.1 NSUM

Collecting social data is often infeasible due to legal constraints and the popu-
lation’s reluctance to disclose sensitive information. This is especially relevant
in survey-based studies, where participants may not be willing to participate or
respond honestly, introducing biases in the data and subsequently affecting the
results of the studies.

NSUM is a relatively new technique [JKR89, LBN21] designed to estimate
unknown groups of a social network without direct information from the partic-
ipants. NSUM relies on the aggregated relational data (ARD), which consists
of the number of contacts that participants know belonging to certain groups.
This is collected by questions of the type ”How many people do you know with a
university degree?”. To infer the sizes of the unknown groups, this information
is scaled in different ways with the participants’ personal network size, usually
denoted as the degree of the participants, following conventions of graph the-
ory. This degree is collected by directly asking respondents about their personal
network size or by estimating it from the ARD of other groups [DAAR+25].

NSUM does not require information about the sampled nodes of the social
network. This is especially relevant in survey scenarios, since this approach
increases the participation and honesty of the responses, thereby improving
overall data quality and conclusions. Additionally, every sample individual re-
ports information about many acquaintances, obtaining much more information
about the network. In particular, the use of ARD has been shown to reduce
the cost of more than 70% in socio-economic networks while yielding similar
conclusions [BCMP20]. For these advantages, NSUM has been a tool applied
to estimate sensitive populations such as sex workers [JLC+18], reproductive
health [SGAD20], COVID-19 [GAOHR+21], and trafficking in child sexual ex-
ploitation material [NAMS+26]. It is also employed by reputable organizations
such as the WHO to estimate HIV infections [UNA10]. In addition, NSUM has
been applied to areas other than surveys, such as preferences on online social
networks [DAAR+25] and IPFS characterization [RDABF26].

An emerging application of the NSUM is the estimation of voting intention.
Arevalillo et al. [ARDA+25] applied several NSUM estimators to predict the
outcomes of multiple elections in Spain using surveys conducted one week be-
fore the elections. Their study showed that the NSUM estimates were close to
the actual results and, despite relying on much smaller samples, showed bet-
ter performance than the main private polling organizations and the official
pollsters with substantially greater resources.

3.2 LLMs

In this subsection, we provide a concise overview of the large language models
(LLMs) employed in this study. For each model, we summarize its release time-
line and highlight its main architectural and functional characteristics that are
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relevant to our experimental design. This background is intended to clarify the
technological differences between the models and to support the interpretation
of the results presented in the subsequent sections.

• GPT-4 (OpenAI): GPT-4 was released by OpenAI on March 14, 2023
[Ope23] as the successor to GPT-3.5, representing a significant advance
in large language model capabilities. GPT-4 is a multimodal model that
can process both text and images, allowing it to perform tasks such as
image description, diagram interpretation, and reasoning over mixed input
formats [BD23]. It also introduced much larger context windows, enabling
the model to handle longer inputs and maintain coherence over extended
interactions. GPT-4 was designed to be more reliable, creative, and better
at following nuanced instructions, involving iterative safety improvements
and enhanced control mechanisms [Ope23].

• GPT-4o (OpenAI): GPT-4o (where “o” stands for “omni”) was an-
nounced and released by OpenAI on May 2024 [Ope24] as the next flagship
in the GPT-4 family. GPT-4o extends GPT-4’s capabilities by natively in-
tegrating text, image, and audio modalities within a single model, allowing
real-time reasoning across these input types [Ope24]. It supports voice-
to-voice interaction without relying on external sub-models and features
a context window of up to 128K tokens. GPT-4o also delivers faster re-
sponse times and enhanced efficiency, emphasizing natural conversational
interaction and broader accessibility.

• GPT-5 (OpenAI): The official release of GPT-5 on August 2025, in-
troduced a unified ecosystem encompassing Standard, Mini, and Nano
variants, representing a groundbreaking advancement in adaptive model
architecture [Leo25]. This generation is defined by its adaptive reasoning
engine, a system capable of determining within milliseconds whether to
provide an instantaneous response or engage a sophisticated “Thinking”
mode for complex problem-solving. This trajectory was further refined
with the deployment of GPT-5.1 in November 2025, which optimized au-
tonomous task routing to maximize both computational efficiency and
precision [SMS+26]. Technically, GPT-5 features a substantial context
window of up to 400,000 tokens and a redesigned tokenization process that
significantly outperforms its predecessors in information density [Leo25].
The model was trained in high-performance NVIDIA Blackwell infrastruc-
ture with a knowledge cutoff of September 2024; a rigorous emphasis on
data curation resulted in a 45% reduction in hallucinations compared to
previous generations, reinforcing its reliability in critical sectors such as
healthcare [Leo25]. Additionally, the refinements introduced alongside the
5.1 update included eight distinct personality presets, ensuring a more nu-
anced and human-centric interaction model than earlier system message
frameworks 1.

1For further details regarding the training and specific characteristics of each model,see:
https://openai.com/es-ES/news/
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4 Methodology

Our method consists of using LLMs as generators of synthetic data in indi-
rect surveys, which are based on questions that take the form: “From your
close social circle, how many people do you know who voted for this candidate
or party?”. In this context, LLMs act exclusively as simulated respondents, re-
placing the data collection stage that is traditionally carried out through surveys
administered to real individuals.

In particular, the models are not used to directly estimate voting intention or
to perform inference of the population. Their sole role is to produce individual
responses that emulate the behavior of a human respondent who, based on
information from their close social circle, reports the number of acquaintances
who voted for a given candidate or party. These responses constitute the ARD
used as input for the NSUM estimators.

The methodology is structured in the following steps:

1. Design of the prompt for LLMs.

2. Querying the LLM and generation of synthetic data (synthetic ARD).

3. Estimation of voting intention using NSUM techniques.

In what follows, the steps of the methodology are described in detail.

4.1 Step 1: Design of the prompt for LLMs.

The first step of the methodology consists of designing the prompt, understood
as the input text that defines the context, the instructions, the questions, and
the expected output format that will later be used to query the LLMs.

The prompt is designed so that the model adopts the role of a single re-
spondent and limits its behavior to answering an indirect survey question. In
particular, the model is instructed to respond as an individual who reports in-
formation based exclusively on their close social circle, without relying on global
knowledge, real electoral outcomes, or population-level inference.

To increase the realism of the generated responses, each prompt instance
includes a demographic profile associated with the synthetic respondent. This
profile includes the country of residence, age, and, in some cases, income level.
These attributes are assigned proportionally according to the available census
information for each country considered in the study. The text of the prompt
is identical across all queries, with only the demographic attributes varying
between synthetic respondents.

Two variants of the prompt are considered. The first is a standard prompt
that mirrors the wording used in indirect surveys administered to human re-
spondents. The second, referred to as the Perfect Prompt, is a refined version
of the standard prompt obtained using an automatic instruction optimization
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tool for language models.2 In both cases, the core question asks for the number
of individuals in the respondent’s close social circle who voted for each candidate
or party.

Finally, the prompt explicitly enforces that the model output consists only
of numerical values, with no explanations or additional text. This restriction
is imposed directly on the input to ensure immediate compatibility with the
NSUM estimators and to reduce the occurrence of unstructured or inconsistent
responses. No explicit size is imposed on the close social circle, leaving this
aspect to be implicitly determined by the model in each response. A complete
example of both prompts used in this study is provided in the Appendix (see
A.2.3 and A.2.4).

4.2 Step 2: Querying the LLM and generation of synthetic
data (synthetic ARD)

The second step of the methodology consists of querying the language mod-
els using the prompts defined in Step 1, with the objective of generating the
synthetic responses that constitute the ARD used in the subsequent analysis.
Each query corresponds to a single synthetic respondent and is treated as an
independent observation.

Two separate channels were used to query the language models: program-
matic access via the API and interaction through the standard conversational
web interface. These two channels are treated as independent experimental
settings and are analyzed separately.

4.2.1 API

The queries to the language models were conducted through programmatic API
calls using Python. In each call, the model receives as input the corresponding
prompt together with the demographic information associated with the syn-
thetic respondent. Each API call is treated as an independent respondent an-
swering the full set of survey questions.

Different models from the GPT family were employed, including GPT-4,
GPT-4o-mini, and GPT-5. For each respondent, the complete set of survey
questions constitutes the input, and the output consists exclusively of numerical
values associated with each candidate or party; this is a parameter specified in
the query format. The generated responses are stored grouped by survey round
(200 respondents), which allows for subsequent processing and their direct use
as the input dataset for the NSUM estimators.

2We used PromptPerfect (https://promptperfect.jina.ai/), an AI-based tool designed
to improve the clarity, precision, and consistency of prompts used to query large language
models.
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4.2.2 Online

In this channel, a parallel set of queries was administered through the standard
conversational web interface. To ensure methodological rigor and prevent data
contamination, each simulation was conducted within isolated ”Projects” or
workspaces. This structural isolation ensures that the model does not engage in
cross-session learning, thereby maintaining the independence of each synthetic
respondent. Within these projects, every query was initiated as a new, single-
turn conversation consisting of a single prompt and numerical response in order
to replicate the discrete nature of a human survey participant.

In line with the selection criteria used for the API, several iterations of
the GPT family were employed, including GPT-4o-mini, GPT-5, and GPT-5.1.
Due to the rolling update cycle of web-based LLM platforms, data collection
was aligned with the latest available releases, transitioning the methodology
to each current frontier model as it became available to ensure the use of the
highest available reasoning capabilities.

4.3 Step 3: Estimation of voting intention using NSUM
techniques

NSUM estimates the proportion of a group in a social network, using the re-
sponses of the synthetic participants about the number of contacts in several
groups that share a common characteristic. There are different methods to
estimate the size or proportion of a group, see [DAAR+25] for a simulated eval-
uation. In this work, we will restrict ourselves to the NSUM estimators that
have been employed to predict the voting intention presented in the study of
Arevalillo et al. [ARDA+25].

Let {1, · · · , Q} be a set of indexes representing different mutually exclusive
groups in a social network, and pu be the proportion of the group u ∈ {1, · · · , Q}
within the network. The NSUM estimators estimate the proportion of these
groups, which are denoted as unknown groups, using the ARD. In our case, we
use the ARD of the synthetic participants. Concretely, the synthetic participant
i reports the number of contacts it knows in the group u, which we denote as
yiu. NSUM uses the degree (personal network size) of synthetic users, di, to
estimate the proportion of unknown groups. An option is to utilize the fact that
the unknown groups are mutually exclusive, adding up all the collected ARD of
the unknown groups for each participant i.

d̂
(1)
i =

Q
∑

u=1

yiu. (1)

Traditional NSUM estimators estimate the values di with the ARD of other
groups whose proportion pk is known for k = 1, · · · , L, which are denoted as
the known groups. The value of the ARD of the participant i for the group k is
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denoted as yik. One option is to take the average of the ratios yik/pk

d̂
(2)
i =

1

L

L
∑

k=1

yik
pk

. (2)

Another method assumes that yik ∼ Bin(di, pk), and estimate di with a Maxi-
mum Likelihood estimation

d̂
(3)
i =

∑L

k=1 yik
∑L

k=1 pk
. (3)

For the estimation of the unknown groups, the first strategy uses only the
information obtained for the ARD of the unknown groups, estimating the degree
by summing the ARD of the groups, to obtain the expression

p̂Naive
u =

1

n

n
∑

i=1

yiu

d̂
(1)
i

(4)

Other alternatives with estimated degrees with the ARD of the known groups
are the Mean of Sums (MoS) [HDK15]

p̂MoS
u =

1

n

n
∑

i=1

yiu
ˆ

d
(2)
i

=
1

n

n
∑

i=1

yiu
1
L

∑L

k=1
yik

pk

, (5)

the Plug-in MLE (PiMLE) [KJM+98]

p̂PiMLE
u =

1

n

n
∑

i=1

yiu
ˆ

d
(3)
i

=
1

n

n
∑

i=1

yiu
∑

L

k=1
yik∑

L

k=1
pk

, (6)

and the estimator based on the assumption that yiu are Bin(di, pu) independent
random variables, Maximum Likelihood Estimator (MLE) [KMB+98], which
uses a maximum likelihood estimation to obtain the following expression

p̂MLE
u =

∑n

i=1 yiu
∑n

i=1 d̂
(3)
i

=

(

L
∑

k=1

pk

)

∑n

i=1 yiu
∑n

i=1

∑L

k=1 yik
. (7)

5 Experiments

5.1 Protocol

This section presents all the aspects required for experimentation. Specifically,
the LLM versions used, the performance metrics calculated to determine the
quality of our approach, and finally, the details of the test scenarios used (Span-
ish and Chilean general elections).
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5.1.1 Used Language Models

In this study, we employed LLMs as synthetic respondents to generate voting-
intention data through indirect survey methods and to evaluate whether model-
generated answers can reproduce the patterns observed in indirect surveys ap-
plied to humans. All interactions with LLMs followed a standardized protocol
designed to ensure consistency, reproducibility, and control over variation across
models. The models used were:

• GPT-4 (OpenAI): used exclusively via API.

• GPT-4o (OpenAI): accessed both through the web interface and via
API.

• GPT-5 (OpenAI): accessed both through the web interface and via API.

The main difference between using these models through the API and inter-
acting with them through the chat interface rests primarily on how we commu-
nicate with the LLM rather than the difference in the model itself. Due to the
characteristics of our experiment, we suppressed the conversational framework
that differentiates the online version by only interacting once with the LLM and
extracting its response. However, this means that the model’s behavior in the
online version is therefore shaped not only by its internal features but also by
conversation-structuring heuristics that influence how prompts are interpreted
and how responses are generated.

5.1.2 Performance Metrics

In order to analyze the accuracy of the estimations, the following metrics were
used: Mean Squared Error (MSE) and the Root Mean Squared Error (RMSE).

The Mean Squared Error (MSE) is a statistical measure that evaluates the
average of the squares of the errors. More specifically, the average squared
difference between the actual observed values (yi) and the predicted or estimated
values (ŷi). Mathematically, it is expressed as:

MSE =
1

n

n
∑

i=1

(yi − ŷi)
2

This metric was utilized to quantify the variance and bias within the model’s
predictions. The primary reason for employing MSE is its property of squar-
ing the error terms, which effectively penalizes larger errors more severely than
smaller ones. By giving higher weight to significant deviations, MSE ensures
that the model is sensitive to outliers, helping to identify whether the estima-
tions are consistently close to the true values or if they suffer from occasional
large inaccuracies.

Building upon this, the Root Mean Squared Error (RMSE) was employed
to provide a more interpretable measure of accuracy. It is calculated by taking
the square root of the MSE, denoted as:
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RMSE =

√

√

√

√

1

n

n
∑

i=1

(yi − ŷi)2

The RMSE represents how spread out the prediction errors are. While MSE
is mathematically advantageous for optimization, its units are squared, which
can make direct comparison with the original data difficult. By applying the
square root, RMSE maintains the original units of the variables, allowing a more
intuitive assessment of the model’s performance.

These metrics were applied to assess the accuracy of NSUM estimations
across all data samples, whether generated through simulation or obtained via
standard empirical methods. For each round of surveys, we applied the four
NSUM estimators. For every iteration of these estimators, we calculated both
types of errors, thereby obtaining a standardized measure for all surveys regard-
less of the model utilized, the prompt administered, or the acquisition channel.

5.1.3 Scenarios

• Spanish elections

We evaluate the performance of LLM-based indirect surveys using the
database of indirect surveys of Arevalillo et al. [ARDA+25], collected for
the Spanish general elections held on July 23, 2023. This dataset contains
the responses of three ot the most populated regions in Spain. Notice that
Spain has a parliamentary electoral system in which seats in the national
legislature are allocated according to election results within each of the 17
regions.

– Survey rounds.

∗ Human surveys (2023): We use the indirect surveys collected
prior to the Spanish general elections held in July 2023, originally
reported in [ARDA+25]. These surveys were conducted during
the pre-electoral period, capturing voting intentions in a real
electoral context.

∗ LLM surveys (2025): The surveys generated using large lan-
guage models (ChatGPT in chat modality and GPT API) were
conducted later, in 2025. However, to mitigate temporal incon-
sistency in data collection time with the original electoral sce-
nario, the models were explicitly instructed to respond under the
context of July 2023, that is, the period preceding the Spanish
general elections. In particular, the prompts included explicit in-
structions requiring the models to situate their responses within
that temporal framework.

– Data sources.
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1. Human respondents. For each of the three regions, the dataset
consists of responses from 200 participants regarding the num-
ber of close contacts, including family members, friends, and
coworkers, who intend to vote for a particular political party. In
addition, each dataset includes demographic information, such as
age groups and unemployment status, about the reported con-
tacts, which can be used as control variables required by various
NSUM estimators. More specifically, each dataset contains in-
formation on 12 variables: six related to voting intention, three
corresponding to predefined age groups (18-34, 35-54, and older
than 54), one indicating unemployment status, one identifying
self-employed workers, and one indicating the number of con-
tacts that are medical doctors [ARDA+25]. The English version
of the questionnaire is provided in the Supplementary Material,
Section A.1.5.
Note that the datasets were collected using a stratified sampling
design based on age. Specifically, predefined age groups were
constructed based on population proportions reported by the
Spanish National Statistics Institute (INE, Instituto Nacional
de Estad́ıstica), thereby ensuring demographic representative-
ness across age strata. Finally, to mitigate the influence of ex-
treme or potentially erroneous observations, we employ a robust
outlier-filtering procedure based on the Median Absolute Devia-
tion (MAD). This filtering criterion is applied independently to
each column (i.e., each variable) of the dataset. For a given vari-
able x = {x1, . . . , xn}, we first compute its median x̃. The MAD
is then defined as

MAD = b ·median (|xi − x̃|
n

i=1) (8)

where b = 1.4826 is a constant associated with the assumption
that the variable is normally distributed [LLK+13]. An observa-
tion xi is classified as an outlier for the corresponding variable if
it falls outside the interval

[x̃− 3 ·MAD, x̃+ 3 ·MAD].

This procedure is applied to all variables in the dataset. A row
(i.e., an individual response) is removed if at least one of its en-
tries is identified as an outlier according to the above criterion in
its corresponding column. Compared to the inter-quartile range
(IQR) rule, MAD-based filtering is substantially more robust
to skewed distributions and heavy-tailed noise. This property
makes it particularly well-suited to survey data and count vari-
ables, such as those commonly encountered in NSUM applica-
tions.

2. ChatGPT (chat modality): responses generated under two
prompts with different questionnaires:
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(a) an original prompt, identical to the questionnaire adminis-
tered to human respondents;

(b) an enhanced prompt (hereafter, perfect prompt), designed to
improve instruction clarity and response consistency while
preserving the original survey content.

In this case, two models were used across the three regions:

∗ GPT-5: For each type of prompt and demographic setting
(age, age+income), we generated n = 200 surveys in each
region, obtaining the following factorial design:

2 demographic settings×2 prompts×3 regions = 12 configurations.

∗ GPT-4o: Since this model was launched prior to our exper-
iment, we had limited access via the online interface. This
restricted our generation to the following scenarios:

(a) Madrid: Original Prompt (Age and Age + income), Per-
fect Prompt (Age + income)

(b) Andalusia: Original Prompt (Age + income)

(c) Valencia: Original Prompt (Age + income)

For each of the five scenarios, we generated n = 200 surveys.

3. GPT API: responses were generated using structured prompts
under two prompting conditions (original prompt and perfect
prompt), across three different models:

(a) GPT-4,

(b) GPT-4o mini,

(c) GPT-5.

For each model, we considered two demographic configurations
provided as contextual information to the model: (i) age, and
(ii) age and income. Simulations were conducted separately for
each of the three regions under study: Madrid, Valencia, and
Andalusia.
This yields the following factorial design:

3 models×2 demographic settings×3 regions×2 prompts = 36 configurations.

For each configuration, we generated n = 200 simulated respon-
dents. In total, the API experiments comprise 36 survey batches
of 200 simulated respondents each (7,200 observations overall).

– Indirect nature of the survey. In all cases, both human respon-
dents and language models report:

∗ the number of contacts who would vote for each party,

∗ the number of contacts who would blank or null vote, or who do
not know their voting intention.
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∗ the number of contacts who are medical doctors, autonomous
workers, and unemployed.

• Chilean elections.

For the case of Chile, two different electoral scenarios were considered: the
first presidential round and the second round or runoff. In both scenarios,
an indirect survey was applied with the aim of estimating voting intentions
based on the contact networks of the respondents. In this study, we con-
ducted surveys with human participants and generated responses through
both the ChatGPT online interface and the GPT API in an automated
manner.

– Survey rounds.

∗ First round: a full round of surveys was conducted during the
official campaign period, covering all 8 presidential candidates.

∗ Second round: a second round of surveys was conducted during
the two weeks preceding the runoff election, considering only the
two candidates who advanced from the first round.

– Data sources.

In each survey round, data were collected from the following sources:

1. Human respondents: We followed the same survey design,
sampling strategy, and preprocessing methodology as in the Span-
ish case study. In particular, we conducted four survey waves:
one during the first electoral round and three during the second
electoral round. In each survey wave, we collected responses from
200 participants regarding the voting intentions of their close
contacts, together with the corresponding demographic control
variables required by the NSUM estimators. Participants were
sampled using an age-stratified design, and the same MAD-based
outlier filtering procedure was applied. The main differences
with respect to the Spanish dataset concern the electoral con-
text, the source used to construct the age strata, and the partici-
pant recruitment process. Specifically, respondents were sampled
proportionally to the age distribution reported by the Chilean
electoral census, and recruitment was conducted through the
Pollfish platform (https://www.pollfish.com/). The question-
naire was adapted to the Chilean electoral process while preserv-
ing the same survey design and variable structure.

2. ChatGPT (chat modality): responses generated with GPT-5
under the same type of prompts as in the Spanish scenario:

(a) an original prompt, replicating the human respondent survey;

(b) an enhanced prompt (perfect prompt), an optimized version
of the previous one.
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For each prompting condition, we generated n = 200 surveys per
electoral round.

3. GPT API: responses were generated using structured prompts
under two prompting conditions (original prompt and perfect
prompt), across three different models:

(a) GPT-4,

(b) GPT-4o mini,

(c) GPT-5.

For each electoral round, the factorial design consists of:

3 models× 2 prompts = 6 configurations.

For each configuration, we generated n = 200 simulated respon-
dents. In total, the API experiments comprise 6 survey batches
of 200 simulated respondents each (1,200 observations per elec-
toral round).

In the first electoral round, a single batch was collected, whereas in
the second round, three independent batches were collected.

– Indirect nature of the survey. In all cases, both human respon-
dents and language models report:

∗ the number of contacts who would vote for each candidate,

∗ the number of contacts who would cast a blank or null vote, or
who do not know their voting intention.

∗ the number of contacts who are medical doctors, autonomous
workers, and unemployed.

5.2 Results

This section presents the results from two perspectives. First, the accuracy of
the LLM surveys is compared with real results. Second, we compare accuracy
against results obtained from human responses. Previously, a sensitivity analysis
was performed on the LLM-based surveys to determine the optimal values for
the following dimensions: LLM version, the optimal combination of demographic
variables, the LLM interface used (API or online), the NSUM method to use,
and the ideal prompting strategy (manual or optimized). Using this optimal
combination of values for each dimension, the results of the surveys based on our
approach were compared against the others (real results, Results from indirect
surveys in humans, etc.) for the general elections in three Spanish provinces
and the first and second rounds of the Chilean presidential elections.

5.2.1 LLM Survey Accuracy Based on Real Results

Spanish Elections

19



• Dimensions Analysis

The appendix shows the detailed results of all four NSUM estimators
using the synthetic data generated with the LLMs. Following the findings
in [ARDA+25], which identify PIMLE as the superior performer among
the four NSUM techniques, we adopt this approach to evaluate the Spanish
electoral process. The following analysis uses PIMLE to discuss the best-
performing LLM, the optimal combination of demographic variables, and
the most effective prompting strategy.

MADRID ANDALUSIA VALENCIA

Model Age Age + Income Age Age + Income Age Age + Income

Panel A: API
GPT 4 10.84 11.67 10.96 11.24 11.58 10.8
GPT 4o - mini 6.86 7.66 6.65 7.37 7.12 6.91
GPT 5 3.77 3.72 3.95 3.92 4.28 4.25

Panel B: Online
GPT 5 4.10 3.46 3.86 3.28 4.21 3.42

Table 1: Comparison by region and input demographic variables using RMSE
and PIMLE, considering blank vote (Bold values indicate the best performing
scenario in each case).

As previously mentioned, because of technical difficulties in working with
GPT 4o through the Chat interface (Online), certain iterations had to
remain unexplored. Tables SM1 and SM2 in the appendix show the com-
plete study, including the available results for said model.

The results in Table 1 specifically evaluate how the inclusion of additional
demographic variables, such as income, affects predictive accuracy. The
comparison shows that for more advanced model generations like GPT 5,
the Age + Income configuration consistently achieved lower RMSE values
than the Age-only approach across all regions and interfaces. This suggests
that the model effectively takes into account the socioeconomic data to
refine its estimations.

However, this improvement is not uniform across older or smaller mod-
els. In the API channel, GPT-4 and GPT-4o-mini often performed better
when restricted to Age alone. This discrepancy implies that while GPT-5
successfully processes the multidimensional relationship between income
and voting intent, less sophisticated models may experience a noise effect
when additional variables are introduced, leading to a slight degradation
in precision.

The results also highlight Chat as a premium interface, as the Chat results
for GPT-4o and GPT-5 show significantly lower error rates than their API
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counterparts. Notably, GPT-5 in the Chat interface reached its highest
levels of accuracy when utilizing the combined demographic variables.

MADRID ANDALUSIA VALENCIA

Model Original P. Perfect P. Original P. Perfect P. Original P. Perfect P.

Panel A: API
GPT 4 11.54 10.97 11.25 10.95 11.04 12.09
GPT 4o - mini 6.91 7.61 6.52 7.51 6.57 7.46
GPT 5 3.98 3.51 4.30 3.57 4.28 4.22

Panel B: Online
GPT 5 4.14 3.42 4.17 2.97 3.82 3.80

Table 2: Comparison between Original and Perfect prompt across regions us-
ing RMSE and PIMLE, considering blank vote (Bold values indicate the best
performing scenario for each model. Missing gaps are due to computational
difficulties in working with specific models through the Chat interface).

Moving onto the next dimension of the analysis, the results in Table 2 com-
pare the Original Prompt against the optimized architecture previously
defined, the Perfect Prompt, across the three regions. The data reveals
that the Perfect Prompt serves as a superior architecture for high-capacity
models, particularly using Chat interfaces. Since the Perfect Prompt was
specifically designed to leverage the conversational and reasoning depth
of Chat environments, GPT-5 achieved its most accurate results when
utilizing this optimized structure in that specific medium.

Nevertheless, the effectiveness of the prompt architecture appears to cor-
relate with model sophistication. While GPT-4 and GPT-5 generally ben-
efited from the optimization, the smaller GPT-4o-mini model performed
better with the Original Prompt in certain regions. This suggests that
simpler models might be more sensitive to the increased complexity of
the Perfect Prompt, whereas larger models possess the heuristic depth
required to process these structured instructions effectively.

Ultimately, these findings reveal that the Perfect Prompt architecture,
when paired with the Age + Income demographic approach, delivers the
most robust results in advanced models. Furthermore, our dimensional
analysis demonstrates that the Chat interface consistently outperforms
the API. This suggests that LLMs may draw upon real-time information
available online to provide more precise responses.

• Madrid

Table 3 shows a clear evolution in how LLMs predict election outcomes
compared to traditional human surveys. While older models like GPT 4
struggled by significantly overestimating the performance of the opposi-
tion, the newer generations tell a different story. When provided with age
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Survey PP PSOE VOX SUMAR
Real Results 16 10 5 6
Human Surveys 16 11 5 5
API · P.original · Age - GPT 5 14 10 7 6
API · P.original · Age and income - GPT 5 14 10 6 7
API · P.original · Age - GPT 4 12 16 5 4
API · P.original · Age and income - GPT 4 12 17 5 3
API · P.original · Age - GPT 4o-mini 14 11 6 6
API · P.original · Age and income - GPT 4o-mini 13 12 5 7
API · P.perfect · Age - GPT 5 15 9 7 6
API · P.perfect · Age and income - GPT 5 15 9 7 6
API · P.perfect · Age - GPT 4 14 16 5 2
API · P.perfect · Age and income - GPT 4 13 16 6 2
API · P.perfect · Age - GPT 4o-mini 14 11 5 7
API · P.perfect · Age and income - GPT 4o-mini 12 13 5 7
ONLINE · P.original · Age - GPT 5 14 10 7 6
ONLINE · P.original · Age and income - GPT 5 13 12 5 7
ONLINE · P.original · Age - GPT 4o 15 10 6 6
ONLINE · P.original · Age and income - GPT 4o 16 10 5 6
ONLINE · P.perfect · Age and income - GPT 4o 13 11 5 8
ONLINE · P.perfect · Age - GPT 5 15 9 6 7
ONLINE · P.perfect · Age and income - GPT 5 12 10 6 6

Table 3: Seat distribution in Madrid using PIMLE (Highlighted in bold are
the distribution that gives back the lowest RMSE value in comparison with real
results. This value is 1.22 for the iterations in the API and exactly 0 for GPT 4o
using the Original Prompt, considering Age and Income in the Chat interface).

and income data, GPT 4o matched the actual results perfectly. Interest-
ingly, both GPT 4o and GPT 5 produced very similar seat distributions
throughout different combinations of prompt and demographic variables.
This suggests that as these models get better at processing demographic
data, they move beyond simple guessing and start to accurately simulate
human behavior.

• Andalusia

The results for Andalusia in Table 4 follow a similar pattern to the Madrid
data, with newer models showing a much stronger grasp of voting dynam-
ics. While GPT 4 struggled significantly by overestimating PSOE’s and
undercounting the PP by a wide margin, the more recent models were
much more accurate. Specifically, the Online version of GPT 4o matched
PP’s actual 25 seats exactly when demographic factors were included.
Even though GPT 4o-mini and GPT 5 also showed solid performance,
these findings reinforce the idea that as LLMs incorporate specific data
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like income, they become increasingly reliable at reflecting the pattern of
regional voting behavior.

Survey PP PSOE VOX SUMAR
Real Results 25 21 9 6
Human Surveys 25 20 8 8
API · P. original · Age - GPT-5 22 18 12 9
API · P. original · Age and income - GPT-5 22 18 12 9
API · P. original · Age - GPT-4 17 31 8 5
API · P. original · Age and income - GPT-4 17 31 8 5
API · P. original · Age - GPT-4o-mini 24 19 10 8
API · P. original · Age and income - GPT-4o-mini 21 20 9 11
API · P.perfect · Age - GPT-5 23 19 11 8
API · P.perfect · Age and income - GPT-5 23 19 11 8
API · P.perfect · Age - GPT-4 18 31 9 3
API · P.perfect · Age and income - GPT-4 17 32 9 3
API · P.perfect · Age - GPT-4o-mini 26 17 11 7
API · P.perfect · Age and income - GPT-4o-mini 16 25 8 12
ONLINE · P. original · Age - GPT-5 22 17 12 10
ONLINE · P. original · Age and income - GPT-5 22 19 11 9
ONLINE · P. original · Age and income - GPT-4o 25 18 10 8
ONLINE · P. Perfect · Age - GPT-5 23 18 11 9
ONLINE · P. Perfect · Age and income - GPT-5 23 19 10 9

Table 4: Seat distribution in Andalusia using PIMLE (Highlighted are the best
performing iterations in both the API and Online channels. More specifically,
the lowest RMSE value for the API was 1.58 and through the Chat interface
1.87, both achieved by the respective iteration shown in bold).

• Valencia

The results for Valencia in Table 5 confirm the trends observed in previous
regions, with newer models consistently outperforming their predecessors.
GPT 4 continued to struggle with identifying the majority party, likely
because its training data reflected a different political landscape. However,
more advanced iterations like GPT 4o and GPT 5 significantly closed the
gap, showing much higher accuracy. In this region, the Online version
of GPT 4o and GPT 5 performed equally well when demographic data
was included, proving that as LLMs mature, they can provide a level of
precision that rivals traditional human surveys.
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Survey PP PSOE VOX SUMAR

Real Results 13 11 5 4

Human Surveys 12 10 6 5

API · P.original · Age – GPT 5 12 9 6 6

API · P.original · Age and income – GPT 5 12 9 6 6

API · P.original · Age – GPT 4 10 15 4 4

API · P.original · Age and income – GPT 4 10 15 4 4

API · P.original · Age – GPT 4o-mini 14 9 5 5

API · P.original · Age and income – GPT 4o-mini 11 11 4 7

API · P.perfect · Age – GPT 5 12 9 6 6

API · P.perfect · Age and income – GPT 5 12 9 6 6

API · P.perfect · Age – GPT 4 11 15 5 2

API · P.perfect · Age and income – GPT 4 11 16 4 2

API · P.perfect · Age – GPT 4o-mini 9 13 5 6

API · P.perfect · Age and income – GPT 4o-mini 10 12 5 6

ONLINE · P.original · Age – GPT 5 12 9 6 6

ONLINE · P.original · Age and income – GPT 5 11 10 6 6

ONLINE · P.original · Age and income – GPT 4o 14 9 5 5

ONLINE · P.perfect · Age – GPT 5 13 9 5 6

ONLINE · P.perfect · Age and income – GPT 5 12 10 5 6

Table 5: Seat distribution using in Valencia PIMLE (Marked in bold are shown
the most accurate seat distributions for each channel, API and Online. In the
case of the Chat interface, there is a tie between GPT 4o using the Original
Prompt and GPT 5 using Perfect Prompt, both considering Age and income.
The best performance of the iterations in this region all coincide in an RMSE
value of 1.22).

Chilean Elections

• Dimensions Analysis

Table 6 provides a comprehensive summary of the mean Root Mean Square
Error (RMSE) of the estimators calculated across the multiple iterations.
The temporal distribution of these queries is of particular methodologi-
cal significance. For the online interface, five distinct observations were
recorded. The first two observations (8/11 and 21/11) were timed slightly
before and after the first round of the Chilean presidential elections, cap-
turing the model’s predictive and reflective states immediately prior to
and following the electoral event. The other three were generated before
the second round, gaining insight into the model’s accuracy in predicting
the unknown. The API-based queries were partitioned to provide an over-
all view of performance, with one round dedicated to the initial electoral
phase (8/11) and two subsequent rounds (24/11 & 12/12) focused on the
second phase.
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Estimator 8/11 21/11 24/11 4/12 12/12

Panel A: API
NAIVE 9.5521 – 14.8210 – 15.2632
MOS 9.5535 – 14.7309 – 15.1249
MLE 9.5615 – 14.7545 – 15.1568
PIMLE 9.5515 – 14.7148 – 15.0856

Panel B: Online
NAIVE 8.137 8.391 10.867 10.809 12.101
MOS 8.126 8.109 10.569 10.497 11.804
MLE 8.301 8.150 10.633 10.550 11.954
PIMLE 8.107 8.141 10.519 10.501 11.785

Table 6: Performance comparison of the average RMSE for Chilean Presidential
Election Forecasts using different NSUM estimators and access channels (API
and Online), including blank vote.

A comparative analysis of the estimators reveals that the PIMLE consis-
tently demonstrates superior predictive accuracy. As illustrated in Panel
B, the PIMLE estimator uniformly outperforms all competing models
within the API environment, yielding the lowest error rates across all
three rounds. While the results from the online interface (Panel A) show
a more competitive landscape, PIMLE maintains its status as the most
robust estimator; it is only marginally surpassed by the MOS estimator in
two specific instances (the 21/11 and 4/12 queries). This pattern of high-
fidelity performance is not an isolated occurrence. The PIMLE estimator
exhibited a similar degree of precision in prior studies concerning Span-
ish electoral data [ARDA+25], suggesting a high level of cross-contextual
reliability. Consequently, given its demonstrated robustness and consis-
tent minimization of error across both online and API platforms, we have
designated PIMLE as the primary estimator for all subsequent analytical
phases of this study.

The results presented in Table 7 delineate the performance hierarchy of
the models across the iterations. By fixing the estimator to PIMLE, we
can isolate the impact of model architecture and the interface type (Online
vs API) on the resulting predictive accuracy. A significant performance
gap is observed within the API channel (Panel A). While the “mini” vari-
ant (GPT-4o - mini) initially showed competitive results, its error margin
widened drastically during the runoff phase, ultimately gaining the high-
est error rates in the study. In contrast, GPT-5 demonstrated superior
robustness, consistently maintaining the lowest error rates for the API
channel in all late-stage queries. This suggests that the greater number of
parameters and reasoning depth of the GPT-5 architecture are essential for
handling the complexity of the Chilean electoral data, particularly when
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Model 08/11 21/11 24/11 04/12 12/12

Panel A: API
GPT 4 8.68 – 14.35 – 15.23
GPT 4o - mini 10.48 – 18.61 – 18.65
GPT 5 9.49 – 11.18 – 11.37

Panel B: Online
GPT 5 8.11 8.14 10.52 10.50 11.79

Table 7: Longitudinal analysis of Chilean presidential election forecasts (Values
represent Average RMSE for blank-vote adjusted estimations, disaggregated by
model, access channel, and temporal iteration).

managing the nuances of blank vote estimation. The data also reveals a
consistent “performance premium” for the Online interface compared to
the API.

Building on the observation that all models experienced a precision decay
following the first round, the magnitude of this decline varied significantly
across model generations. While older architectures like GPT-4 saw a
sharp decline in accuracy, GPT-5 Online exhibited a more stable tran-
sition, reinforcing its resilience to the shifting dynamics of a polarized
runoff. This robustness is further supported by the data in Table 8, which
justifies the Perfect Prompt as a superior architecture for high-stakes pre-
dictive tasks. By analyzing the evolution of the RMSE across the Chilean
electoral cycle, it becomes clear that this optimized framework provides
the necessary reliability to mitigate accuracy loss during the transition
between electoral phases.

In the initial stage of the election (see Table 8 Panel A), the RMSE values
remain relatively stable across both prompting strategies. This suggests
that during the first round, the higher number of candidates and observa-
tions allows for a more distributed error margin, which can be effectively
managed even by simpler query structures. In this multi-candidate envi-
ronment, the models demonstrate a baseline level of predictive competence
that does not yet fully demand the specific constraints of the optimized
architecture.

However, the superiority of the Perfect Prompt as an optimization tool
becomes decisive during the second-round runoff. As the electoral land-
scape narrowed to only two candidates, the margin for error decreased
significantly, making the models more susceptible to large fluctuations.
The results from Panels C through E illustrate that the Perfect Prompt
acts as a critical calibration layer in this polarized scenario. For instance,
the transition observed in GPT-5 shows that the optimized architecture
consistently yields lower RMSE values compared to the Original Prompt,
which struggled to maintain precision when the variables were reduced to a
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Model and Access Original Prompt Perfect Prompt

Panel A: 08/11
API
GPT 4 8.31 9.05
GPT 4o - mini 10.48 10.48
GPT 5 9.41 9.57
Online
GPT 5 7.86 8.36

Panel B: 21/11
Online
GPT 5 9.89 6.40

Panel C: 24/11
API
GPT 4 14.50 14.20
GPT 4o - mini 20.20 17.02
GPT 5 11.35 11.01
Online
GPT 5 11.70 9.33

Panel D: 04/12
Online
GPT 5 11.04 9.96

Panel E: 12/12
API
GPT 4 14.29 16.17
GPT 4o - mini 20.20 17.10
GPT 5 11.17 11.58
Online
GPT 5 14.47 9.10

Table 8: Performance comparison of the Average RMSE for Chilean presidential
election forecasts by iteration, model and access channel between Original and
Perfect Prompts, including blank vote estimation (Note: In Panel A, GPT 4o -
mini accessed via API obtained the following scores: Original Prompt: 10.4816
- Perfect Prompt: 10.4810, therefore the Perfect Prompt shows a slightly better
performance than the Original Prompt).

binary choice. Ultimately, the Perfect Prompt proves to be an essential in-
frastructure for maintaining model stability. By providing a more rigorous
framework for the model to process information, this query optimization
effectively mitigates the escalation of the RMSE that typically occurs as
an election approaches its final stage. These findings confirm that a struc-
tured query architecture is not merely a preference but a methodological
requirement for ensuring high-fidelity results in longitudinal electoral fore-
casting.
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• Results First Round

Survey FP JJ MEO JK JAK EA EM HM Blank

Panel A: 08/11
Human Surveys 6.9 22.5 2.4 13.6 28.0 2.1 13.3 2.8 8.4
API - GPT 4 - Original Prompt 15.1 12.7 14.1 2.8 21.7 1.8 16.2 6.7 8.8
API - GPT 5 - Perfect Prompt 10 12.7 7.8 3.7 20.4 3.7 29.2 2.7 9.9
Online - GPT 5 - Original Prompt 20.2 11.8 7.5 0.9 26.8 0.1 19.8 6.0 6.9
Online - GPT 5 - Perfect Prompt 14 14.4 6 0.7 23.7 2.5 24.9 3.8 9.9

Panel B: 21/11
Online - GPT 5 - Perfect Prompt 16.3 18.6 8.3 1.9 24.3 2.2 17.2 1.8 9.3

Real Results 19.71 26.85 1.2 13.94 23.92 0.66 12.46 1.26 1.06

Table 9: Comparison between voting estimates for each of the presidential can-
didates in the Chilean elections: traditional surveys, GPT-based models (via
API and Chat), and Real Results (FP: Parisi, JJ: Jara, MEO: Ominami, JK:
Kaiser, JAK: Kast, EA: Artés, EM: Matthei, HM: Mayne-Nicholls).

The results in Table 9 evaluate how various configurations estimated elec-
toral support during the first round of the Chilean presidential race. A
primary finding is that JAK held the plurality in every LLM iteration,
aligning with the actual outcome. This trend is particularly evident in
the Online GPT 5 Perfect Prompt on November 8, which reached a preci-
sion of 23.7% compared to the real 23.92%, confirming the models’ ability
to identify the leading candidate.

However, despite identifying the frontrunner, the LLMs consistently pro-
jected a more distributed vote than the Real Results. While the actual
election was highly polarized, leaving candidates like Ominami (MEO)
and Artés (EA) with negligible support, the models assigned significantly
higher shares to these fringe options. This suggests that the models reflect
a broader digital discourse rather than the tactical consolidation seen in
real-world voting behavior.

Finally, although the Original Prompt for GPT 4 API and GPT 5 Online
proved highly competitive in the first iteration, GPT 5 Perfect Prompt is
the preferred choice for its longitudinal robustness. While specific earlier
configurations showed isolated strengths, this optimized query architecture
provides greater stability across the entire study and eventually narrows
the gap for candidates like JJ in the post election reflection.

• Results Second Round

The results for the Chilean presidential runoff in Table 10 demonstrate
a high degree of homogeneity across all estimation methods. Both hu-
man surveys and LLM configurations consistently place José Antonio Kast
(JAK) as the leader over Jeannette Jara (JJ), mirroring the actual elec-
toral direction. While these estimations remain stable throughout the
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three panels, they present a much tighter race than the final results, where
the gap between candidates eventually widened to over 16 points.

Within this consistent landscape, the second iteration in Panel B provides
a notable methodological exception. In this specific timeframe, the Origi-
nal Prompt for the API GPT 5 performed slightly better than the Perfect
Prompt, recording an RMSE of 8.77 compared to 8.87. This suggests
that in a binary runoff scenario with fewer variables, the standard query
structure can occasionally match or exceed the precision of the optimized
architecture.

A significant point of divergence remains the estimation of the blank vote,
which is radically higher in all models than the final result of 1.33%. Hu-
man surveys and LLM iterations consistently projected blank vote shares
between 12% and 17%, failing to capture the massive consolidation of un-
decided voters that occurred on election day. This persistent discrepancy
indicates that while the models are effective at identifying the winner,
they struggle to predict the degree to which voters ultimately commit to
a valid preference in the final stage of the race.

Survey JAK JJ Blank

Panel A: 24/11
Human Surveys 48.00 38.00 12.00
API - GPT 5 - Perfect Prompt 45.86 38.00 16.15
Online - GPT 5 - Perfect Prompt 46.77 39.81 13.43

Panel B: 04/12
Human Surveys 48.45 39.00 12.56
Online - GPT 5 - Perfect Prompt 46.52 38.97 14.51

Panel C: 12/12
Human Surveys 46.26 40.94 12.81
API - GPT 5 - Original Prompt 45.31 38.51 16.18
API - GPT 5 - Perfect Prompt 45.39 37.64 16.97
Online - GPT 5 - Perfect Prompt 47.10 39.73 13.17

Real Results 57.39 41.29 1.33

Table 10: Comparison of voting estimates for each presidential candidate in the
Chilean presidential runoff between human surveys, GPT-5 model iterations
(API vs. online), and official results, including the percentage of blank votes.

5.2.2 LLM Surveys Emulating Human Responses

Throughout the research process, a recurring pattern emerged: LLMs’ responses
aligned more closely with human survey data than with actual electoral out-
comes. Based on this observation, this section explores the AI’s emulation of
human sociopolitical behavior. By adopting the human survey as our primary
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benchmark, we shift the definition of the ”real” value away from the final elec-
tion results to better analyze the model’s behavioral approximation.

Spanish Elections

The data visualized in Figure 1 illustrates five box-plots about the estimated
vote percentages for Spain’s primary political parties and blank ballots across
Madrid, Valencia, and Andalusia. This figure represents the various iterations
of human-emulated results obtained via API and Online channels. While the
results show high consistency in median estimations across the different method-
ologies, the nuances in variance and outliers provide critical insights into the in-
tersection of statistical modeling and the characteristics of the Spanish political
landscape.

A prominent feature of this dataset is the high prevalence and significant
dispersion of blank votes, a phenomenon driven by a combination of structural
elements inherent to the surveying environment. Primarily, this dispersion is
attributed to the ”social circle” effect, where respondents or emulated agents
lack clear knowledge regarding the voting intentions of their immediate environ-
ment. Furthermore, this category acts as a statistical catch-all; the absence of a
stated vote is commonly recorded as a blank, as are votes intended for smaller
political forces not explicitly contemplated in the survey parameters. This accu-
mulation of ”noise” translates into higher statistical uncertainty, as the models
must account for a wide spectrum of non-aligned or excluded preferences.

In turn, PSOE’s results exhibit significant outliers, reflecting an overestima-
tion of the party’s popularity by specific older models, such as GPT-4. Because
these previous models were trained in a very different political moment charac-
terized by peak institutional visibility for PSOE, they tend to carry forward an
inflated popularity that does not align with more recent, grounded scenarios. In
contrast, a factor to highlight is the relative stability of both Vox and PP, whose
distributions remain tightly clustered. This stands in marked opposition to the
outlying behavior and higher variance observed in the left-wing bloc (Sumar
and PSOE). Ultimately, these findings suggest that the emulation of results is
as varied as the opinion of the population itself, mirroring the fragmentation
and volatility of the current Spanish electorate.

Based on the statistical distribution of the results, it is necessary to ex-
amine how these emulations perform against different benchmarks. Table 11
illustrates the shift in precision that occurs when synthetic data is measured
directly against actual electoral results. The high RMSE values across Madrid,
Andalusia, and Valencia reveal a significant reality gap. From this perspective,
the models appear to be inconsistent predictors of objective political outcomes.

However, when the same synthetic data is measured against human survey
results in Table 12, the error margins drop substantially. For example, the error
for GPT 5 in Andalusia falls over two whole points when shifting the comparison.
This increased precision across both API and Chat interfaces suggests that the
internal logic of these models is inherently synchronized with human response
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(a) PP Results (b) PSOE Results

(c) Vox Results (d) Sumar Results

(e) Blank Results

Figure 1: General comparison across the different political parties
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patterns. These results indicate that the LLMs may be functioning more as
high-fidelity mirrors of survey sentiments than as tools for objective electoral
forecasting, a trend that invites further analysis in other political contexts.

Model MADRID ANDALUSIA VALENCIA

Panel A: API
GPT 4 11.26 11.10 11.31
GPT 4o - mini 7.26 7.01 6.55
GPT 5 3.75 3.94 4.26

Panel B: Online
GPT 4o 3.11 3.48 3.99
GPT 5 3.78 3.57 3.81

Table 11: Comparison of RMSE values using PIMLE across different regions
and interfaces, considering blank vote (Bold values indicate the lowest error for
each interface category).

Model MADRID ANDALUSIA VALENCIA

Panel A: API
GPT 4 10.68 10.12 9.07
GPT 4o - mini 6.72 4.47 3.67
GPT 5 3.19 1.39 1.40

Panel B: Online
GPT 4o 3.17 1.21 2.48
GPT 5 3.29 1.61 1.58

Table 12: Comparison of RMSE values with human results using PIMLE, con-
sidering blank vote (Bold values indicate the highest precision (lowest RMSE)
achieved per interface. This table highlights the capacity of LLMs to simulate
human-like response distributions).

Chilean Elections

The results in the Chilean scenario indicate that the model works even more
effectively as an emulator of human biases in surveys than as a direct predictor
of final election results than in the case of the Spanish elections. As illustrated
in Figure 2a, the first round results show that the model’s interquartile ranges
(IQRs) often encompass or sit adjacent to the human polling data (blue dots),
even when those polls significantly diverge from the real results (red dots).
This is particularly evident for candidate EM, where the model and the single
available human survey are closely aligned in their overestimation of support
relative to the final vote count. The distribution of the different iterations
appears to capture the polling logic, reflecting the same underlying uncertainties
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and systemic errors present in traditional surveying methods during the multi-
candidate stage.

The second round, depicted in Figure 2b, provides a more robust validation
of this emulative behavior due to the inclusion of three distinct human surveys.
These surveys show a high degree of consensus among human pollsters, and the
model’s boxplots demonstrate a remarkable ability to approximate this specific
cluster of human results. While both the polls and the model’s median slightly
under-predicted the final surge for candidate JAK, the emulation of the human
results remains remarkably consistent across all three survey benchmarks. No-
tably, while the general model distribution emulates the consensus of polling
sentiment, the precision in this round reaches a peak in the third and final hu-
man survey; for candidate JJ, this specific survey iteration achieves an almost
perfect estimation of the final result. A persistent discrepancy, once again, is
the estimation of the Blank vote. While human surveys and LLM predictions
are closely aligned, the final result is consistently closer to zero; a reality that
only a single model iteration was able to capture.

The longitudinal analysis of the Chilean results further supports the pattern
observed in Spain, showing a distinct shift in accuracy depending on the point
of comparison. In Table 7 (see 5.2.1, Chilean elections, Dimensional analysis),
where the synthetic data is measured against the current electoral results, the
results show a consistent discrepancy. Across the various temporal iterations,
the error margins remain high, suggesting that the models struggle to bridge
the gap between their generated outputs and the objective reality of the final
vote.

In contrast, the results in Table 13 show a significant increase in precision
when the same data is compared to human survey results. This is particu-
larly evident in the final rounds of the election, where the error for advanced
models like GPT 5 drops by several points compared to the electoral bench-
mark. The fact that this alignment holds steady over time and repeats across
both the Spanish and Chilean studies suggests that the models’ internal logic is
structurally tuned to human sociopolitical sentiment. Ultimately, these findings
indicate that the capacity for behavioral emulation is not a localized fluke but
a fundamental characteristic of LLMs, positioning them as sophisticated social
simulators rather than reliable tools for objective political prediction.
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(a) First Round Election Results.

(b) Second Round Election Results.

Figure 2: Distribution of voting intention in the Chilean elections using PIMLE
(Red dots represent real results, blue dots represent human polls, and boxplots
show model iterations. FP: Parisi, JJ: Jara, MEO: Ominami, JK: Kaiser, JAK:
Kast, EA: Artés, EM: Matthei, HM: Mayne-Nicholls).
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Model 08/11 21/11 24/11 04/12 12/12

Panel A: API
GPT 4 7.61 – 6.60 – 7.36
GPT 4o 9.37 – 16.22 – 16.25
GPT 5 7.69 – 2.88 – 2.99

Panel B: Online
GPT 5 7.41 7.24 2.69 2.31 3.06

Table 13: Longitudinal analysis of LLM emulation accuracy of the RMSE for
estimations across five temporal iterations using PIMLE, comparing API and
Online access channels (Bold values indicate the highest precision achieved in
the Online interface)

5.2.3 Correlational Analysis between LLM and human surveys

To empirically evaluate the models’ capacity for human emulation, we leverage
correlation matrices to quantify these behavioral patterns numerically. Due to
the large volume of data generated in this study, the depth-based estimations
will be limited to the Spanish scenario. Within this scope, we will work with
the combination of factors that has proven to be the most efficient: the GPT-
5 model, the perfect prompt strategy, and the inclusion of both demographic
variables: age and income.

To quantify this structural similarity, we construct correlation matrices for
the political parties under study, contrasting the patterns found in real-world
surveys against those from the synthetic data. Along these lines, we will use the
Euclidean distance and the matrix correlation coefficient to measure the dispar-
ity between survey data and synthetic results.The Euclidean distance measures
the absolute difference in magnitude between the cells of both matrices. Given
two correlation matrices R1 and R2, the Euclidean distance is defined as the
square root of the sum of the squared differences of all their elements:

d(R1, R2) =

√

√

√

√

n
∑

i=1

m
∑

j=1

(R1,ij −R2,ij)2.

To isolate structural patterns independently of matrix scale, we utilize a ma-
trix correlation coefficient (ρmat) calculated across the upper triangle elements,
a framework mathematically formalized by Mantel [Man67]. Since correlation
matrices are symmetric, the Pearson correlation is calculated over their off-
diagonal elements. Let vech∗(R) be the operator that extracts and vectorizes
the elements Rij such that i < j. The metric is defined as:

ρmat =

∑

(r1,k − r̄1)(r2, k − r̄2)
√

∑

(r1, k − r̄1)2
∑

(r2, k − r̄2)2
,

where r1,k and r2,k are the elements of the vectors r1 = vech∗(R1) and r2 =
vech∗(R2), respectively. This measure is fundamentally a structural proximity
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coefficient. While the Euclidean distance is sensitive to scale changes, ρmat is
invariant under linear transformations.

The comparative analysis of the correlation matrices (Tables 14, 15 and
SM12 to SM15 from the appendix) reveals that, although language models suc-
cessfully identify the block structure of Spanish politics, they tend to project a
hyper-polarized view. While human matrices show a smoother fragmentation,
with negative correlations close to zero, the Chat interface simulates radical
segregation. This suggests that LLMs assume mutual exclusion within social
circles that physical reality disproves, evidencing actual coexistence among vot-
ers of both blocks. This tendency toward polarization does not mean that the
models fail to effectively replicate internal affinities, but it does show the po-
larizing effects that these artificial intelligence-based tools have, according to
the literature. Both access channels identify the cohesion of the right-wing
block (PP-VOX, with values above 0.83); however, human data present a more
diverse regional consistency. For instance, in Andalusia, the left-wing block
(PSOE-Sumar) reaches a solidity of 0.79, surpassing the affinity of the right-
wing block, which shows a more moderate relationship in social reality than in
the synthetic simulation.

Table 14: Correlation matrix: Madrid, Human Surveys

PP PSOE Vox Sumar

PP 1.0000 -0.0012 0.4428 -0.0366
PSOE -0.0012 1.0000 -0.0329 0.3700
Vox 0.4428 -0.0329 1.0000 -0.0987
Sumar -0.0366 0.3700 -0.0987 1.0000

Table 15: Correlation matrices: Madrid (GPT 5 - P. Perfect - Age and income)

(a) Online Interface

PP PSOE VOX SUMAR

PP 1.0000 -0.0264 0.8899 -0.3566
PSOE -0.0264 1.0000 0.0344 0.3694
VOX 0.8899 0.0344 1.0000 -0.2609
SUMAR -0.3566 0.3694 -0.2609 1.0000

(b) API Interface

PP PSOE VOX SUMAR

PP 1.0000 0.4623 0.8662 0.1626
PSOE 0.4623 1.0000 0.4246 0.5117
VOX 0.8662 0.4246 1.0000 0.1589
SUMAR 0.1626 0.5117 0.1589 1.0000

The formalization of these observations using the metrics in Table 16 con-
firms that structural fidelity is not a uniform phenomenon but is conditioned by
region and access channel. High correlations between real and simulated data
are observed in Madrid and Valencia; however, the Euclidean distance values
warn that this similarity is fundamentally morphological, confirming that the
intensity of the conflict is greater in synthetic agents than in citizens. This
disconnection phenomenon reaches its peak in Andalusia, where LLMs impose
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a generic political framework that fails to capture the idiosyncrasies of a more
transversal electorate, resulting in maximum structural disparity (ρmat values
below 0.2). The contrast between interfaces is equally revealing. Systemati-
cally, the user interface shows a greater capacity to replicate the architecture of
human relationships than the developer-oriented version (API). This divergence
suggests that the conversational nature of Chat identifies the political stereo-
types of the electorate more efficiently, while the API tends to smooth out these
relationships, possibly due to stricter technical alignment processes that dilute
the underlying correlation structure.

Table 16: Comparison of Distance and Correlation Metrics for Correlation Ma-
trices by Region and Access Channel

Region Access Channel Euclidean Distance Correlation (ρmat)

Madrid Chat 0.8171 0.9240
API 1.2079 0.8428

Andalusia Chat 1.4928 0.1686
API 1.8942 −0.0189

Valencia Chat 0.8236 0.8201
API 1.1545 0.5697

These results confirm that synthetic data possess a coherent internal struc-
ture and that LLMs act as sophisticated social simulators capable of under-
standing dynamics of exclusion and affinity.

5.3 General Discussion of the Results

This section analyzes the main results presented in the tables and figures of the
previous section, with the aim of identifying general patterns and discussing
their methodological implications. In particular, four central aspects are ad-
dressed: the effect of prompt optimization, the comparison between different
LLMs, the relationship between model performance and release date, and the
similarity between estimates obtained using LLMs and those derived from hu-
man surveys.

A first relevant observation is that, for both the Spanish and Chilean elec-
tions, the use of the prompt optimizer (Perfect Prompt) tends to improve per-
formance in the majority of cases, although not uniformly. While consistent im-
provements are observed across several models and configurations—particularly
in the case of GPT-5 in the online setting for Chile (see Table 8), where the re-
duction in error reaches up to 5.37 points. There are also scenarios in which the
difference is marginal or even slightly unfavorable to the optimized prompt. In
general, the most substantial improvements are concentrated in specific models.

Regarding model comparison, the results indicate that more recently released
models tend to exhibit better overall performance than earlier versions. In
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particular, a consistent improvement is observed in the performance of the GPT-
5 model, both in the API and Chat settings. This trend is consistent with the
temporal evolution of the models and suggests that architectural and training
improvements translate into more accurate aggregate-level estimates.

In turn, the similarity observed between the results obtained using LLMs
and those derived from indirect human surveys is particularly noteworthy. For
both electoral processes analyzed, the estimates produced by language models
more closely resemble survey-based results than the actual electoral outcomes.
Figures 3 and 4 show a systematic reduction in error when comparing LLM out-
puts with data from human surveys. This behavior is consistent with biases in
indirect survey methodologies, suggesting that LLMs may be implicitly repro-
ducing response patterns similar to those observed among human respondents.
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Figure 3: Accuracy Sensitivity to Comparison Benchmarks: Real Results vs.
Human Surveys, in Chile (The figure compares the RMSE across different GPT-
5 iterations for the second round of the Chilean elections. A consistent reduction
in error is observed when the benchmark shifts from real results (blue) to human
polling data (red), highlighting the models’ structural alignment with human
sociopolitical sentiment. Iteration codes denote: model interface (A: API, C:
Chat), prompting strategy (O: Original, P: Perfect), and data collection date
(1: Nov 24, 2: Dec 4, 3: Dec 12)).

In Table 17, we observe that removing the blank vote leads to a significant
reduction in the estimation error, as measured by the RMSE, across all the
surveys considered. This improvement suggests that the blank vote introduces
an additional source of noise in the context of indirect surveys, particularly
when its magnitude is large. In this type of question, it is reasonable to assume
that respondents resort to the blank vote when they are unaware of the electoral
preferences of their contacts, which tends to artificially inflate its proportion.
Interestingly, language models reproduce this same behavioral pattern, similarly
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(a) Madrid (b) Andalusia

(c) Valencia

Figure 4: Accuracy Sensitivity to Comparison Benchmarks: Real Results vs.
Human Surveys, in Spain (This figure tracks how GPT-5 performance varies
across Andalusia, Valencia, and Madrid when measured against different ground
truths. We observe the same pattern as in the Chilean scenario: the model aligns
more closely with human survey data (red) than with the real results (blue),
suggesting that AI outputs may naturally mirror collective social perceptions.
The labels represent combinations of: channel (A: API, C: Chat), prompting
technique (O: Original, P: Perfect), and demographic variables combination (A:
Age, I: Age + Income)).
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to human respondents. By excluding this category, the estimates align more
closely with the real results, suggesting that the treatment of the blank vote
is a key aspect for improving the performance of methods based on indirect
questions, both in human surveys and in those generated by language models.

Survey JAK JJ Blank RMSE

Panel A: With blank vote
Humans 48.00 38.00 12.00 7.03
API – Perfect Prompt – GPT-5 45.86 38.00 16.15 8.48
Chat – Perfect Prompt – GPT-5 46.77 39.81 13.43 7.58

Panel B: Without blank vote
Humans 55.81 44.19 – 2.33
API – Perfect Prompt – GPT-5 54.69 45.31 – 3.43
Chat – Perfect Prompt – GPT-5 54.02 45.98 – 4.08

Panel C: Real results
Real Results (with blank) 57.39 41.29 1.33 –

Table 17: Comparison of vote intention percentages and RMSE across Chilean
elections using PIMLE, considering scenarios with and without blank votes,
where results without blank votes are obtained by reweighting.

Taken together, these results indicate that LLMs are capable of capturing
aggregate-level regularities that are closer to estimates obtained from human
surveys than to observed ground-truth values. From this perspective, LLMs
emerge as a potentially complementary tool for social and political analysis,
particularly within indirect approaches based on methodologies such as NSUM.

6 Conclusion

This study proposes a methodological framework for using LLMs as synthetic
respondents in indirect electoral surveys. Operationalizing LLMs as synthetic
agents capable of answering questions based on contact networks and integrat-
ing their responses with NSUM allows for modeling perceived voting intentions
at an aggregate level.. The proposed framework integrates carefully designed
prompts to simulate indirect questioning, the systematic generation of synthetic
survey data, and subsequent estimation using NSUM. The results demonstrated
that LLMs can be operationalized not merely as text generators but as con-
trollable agents that emulate a key aspect of social perception: reporting on
the voting intentions of one’s acquaintances. This establishes a foundational
methodological pipeline for leveraging synthetic data in electoral research.

Specifically, the results indicate that the NSUM-based estimates derived
from LLM-generated survey data capture meaningful patterns of collective so-
cial knowledge, showing a notable alignment with estimates obtained from real-
world indirect surveys in both Spain and Chile. While variations were observed
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across different LLM versions, deployment environments, and demographic con-
ditions, overall trends suggest that LLMs are able to internalize and reproduce
socially shared perceptions of electoral behavior. These findings support the
interpretation of LLMs not as predictors of individual voting choices, but as
models of socially aggregated narratives and expectations embedded in public
discourse.

In the analyzed cases of Spain and Chile, the synthetic data produced ag-
gregate vote intention distributions that captured the relative standing of the
major political forces with notable similarity to benchmark surveys. This sug-
gests that LLMs, trained on vast corpora reflecting public discourse, internalize
a form of collective social knowledge about electoral tendencies that can be ex-
tracted through indirect survey protocols. However, discrepancies were observed
in the precise magnitude of certain party shares and in the stability of estimates
across different LLM versions and interfaces (app vs. online), highlighting that
the synthetic responses are sensitive to model-specific architectures, updates,
and prompting environments.

Despite these promising results, several limitations must be acknowledged.
LLMs are trained on large but opaque corpora that may reflect historical bi-
ases, uneven media coverage, or temporal mismatches with the electoral events
studied. Consequently, synthetic responses may overrepresent dominant nar-
ratives while underrepresenting marginalized or rapidly evolving opinions. In
addition, LLMs’ ”knowledge” is inherently retrospective and shaped by their
training data, which may not fully capture last-minute electoral shifts or the
nuanced, localized context of a specific election cycle. In addition, the indirect
nature of NSUM amplifies uncertainties related to network size assumptions
and homophily, which may interact with the internal representations of LLMs
in non-trivial ways. In turn, the evaluation is limited to a small number of
electoral contexts, constraining the generalization of the findings. Finally, the
ethical and epistemological considerations of substituting or complementing hu-
man respondents with AI systems require a deeper, ongoing scrutiny beyond
the technical scope of this paper.

Future work should focus on several directions. Firstly, expanding the
methodology to incorporate more complex network structures and homophily
parameters within the simulation prompts could enhance the realism of synthetic
social circles. Secondly, a systematic investigation into prompt engineering is
needed to improve the robustness and reduce the variance of responses across
different LLM providers and versions. Third, it is also necessary to systemat-
ically study prompt sensitivity, calibration techniques, and hybrid approaches
that combine synthetic and human survey data. Lastly, a fruitful line of inquiry
would be to develop hybrid models that intelligently combine synthetic LLM
data with traditional survey data to improve cost-efficiency, scale, and possibly
the accuracy of electoral forecasts.
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A Supplementary Material

A.1 Spanish elections

A.1.1 Complete Dimension Analysis

As mentioned in 5.2.1, the tables below correspond to the complete analysis
for the Spanish scenario. Note that the missing gaps are due to computational
difficulties in working with GPT 4o through the Chat interface.

MADRID ANDALUSIA VALENCIA

Model Age Age + Income Age Age + Income Age Age + Income

Panel A: API
GPT 4 10.84 11.67 10.96 11.24 11.58 10.8
GPT 4o - mini 6.86 7.66 6.65 7.37 7.12 6.91
GPT 5 3.77 3.72 3.95 3.92 4.28 4.25

Panel B: CHAT
GPT 4o 3.38 3.79 – 3.48 – 3.99
GPT 5 4.10 3.46 3.86 3.28 4.21 3.42

Table SM1: Complete comparison by region and input demographic variables
using RMSE and PIMLE, considering blank vote (Bold values indicate the best
performing scenario in each case).

MADRID ANDALUSIA VALENCIA

Model Original P. Perfect P. Original P. Perfect P. Original P. Perfect P.

Panel A: API
GPT 4 11.54 10.97 11.25 10.95 11.04 12.09
GPT 4o - mini 6.91 7.61 6.52 7.51 6.57 7.46
GPT 5 3.98 3.51 4.30 3.57 4.28 4.22

Panel B: CHAT
GPT 4o 3.11 4.75 3.48 – 3.99 –
GPT 5 4.14 3.42 4.17 2.97 3.82 3.80

Table SM2: Complete comparison between Original and Perfect prompt across
regions using RMSE and PIMLE, considering blank vote (Bold values indicate
the best performing scenario for each model).

The following subsections present the experimental results for each iteration
of the study, categorized by geographical region and data collection channel
(API and Online). Each table provides a comparative analysis of vote inten-
tion percentages across different LLM models and NSUM estimation methods.
Additionally, this section includes with the questionnaire administered to re-
spondents regarding the Spanish general elections in the regions of Madrid,
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Andalusia, and Valencia. Finally, both the original and the enhanced prompt
administered to the LLM are specified for the region of Madrid.

A.1.2 Results - Madrid

Survey PP PSOE VOX SUMAR BLANK
Real Results 40.2 27.7 13.9 15.3 2.9
Human Survey 39.2 27.6 14.6 14.7 3.8
API · P. original · Age · GPT-5 · Naive 34.0 25.0 16.7 16.4 7.8
API · P. original · Age · GPT-5 · MoS 34.1 25.0 16.8 16.4 7.8
API · P. original · Age · GPT-5 · MLE 34.2 25.0 16.8 16.2 7.8
API · P. original · Age · GPT-5 · PIMLE 34.1 25.0 16.8 16.4 7.8
API · P. original · Age and income · GPT-5 · Naive 33.9 24.9 16.4 17.0 7.8
API · P. original · Age and income · GPT-5 · MoS 33.8 25.0 16.4 17.0 7.8
API · P. original · Age and income · GPT-5 · MLE 34.0 24.9 16.4 17.0 7.8
API · P. original · Age and income · GPT-5 · PIMLE 33.9 24.9 16.4 17.0 7.8
API · P. original · Age · GPT-4 · Naive 24.9 33.1 11.3 9.8 21.0
API · P. original · Age · GPT-4 · MoS 25.0 33.2 11.3 9.8 20.7
API · P. original · Age · GPT-4 · MLE 24.9 33.0 11.2 10.0 21.0
API · P. original · Age · GPT-4 · PIMLE 25.0 33.1 11.3 9.8 20.7
API · P. original · Age and income · GPT-4 · Naive 24.3 34.9 10.8 7.9 22.1
API · P. original · Age and income · GPT-4 · MoS 24.3 35.0 10.8 8.1 21.8
API · P. original · Age and income · GPT-4 · MLE 24.5 34.5 10.9 8.5 21.6
API · P. original · Age and income · GPT-4 · PIMLE 24.4 34.9 10.8 8.1 21.8
API · P. original · Age · GPT-4o-mini · Naive 33.0 25.7 13.3 13.4 14.7
API · P. original · Age · GPT-4o-mini · MoS 32.8 25.6 13.2 13.7 14.7
API · P. original · Age · GPT-4o-mini · MLE 33.1 25.7 13.6 13.0 14.6
API · P. original · Age · GPT-4o-mini · PIMLE 32.8 25.6 13.3 13.5 14.8
API · P. original · Age and income · GPT-4o-mini · Naive 29.1 27.7 11.4 17.3 14.5
API · P. original · Age and income · GPT-4o-mini · MoS 28.9 27.6 11.5 17.5 14.5
API · P. original · Age and income · GPT-4o-mini · MLE 29.0 27.7 11.6 17.4 14.3
API · P. original · Age and income · GPT-4o-mini · PIMLE 28.8 27.6 11.4 17.6 14.5

Table SM3: Vote Intention Percentage Results Madrid (API - Original Prompt)
The acronyms of the parties in all the tables represent respectively: Partido Popular (PP),

Partido Socialista Obrero Español (PSOE), Vox, Sumar.
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Survey PP PSOE VOX SUMAR BLANK
Real Results 40.2 27.7 13.9 15.3 2.9
Human Survey 39.2 27.6 14.6 14.7 3.8
API · P. perfect · Age · GPT-5 · Naive 36.6 23.4 16.7 15.4 8.0
API · P. perfect · Age · GPT-5 · MoS 36.7 23.4 16.7 15.3 7.9
API · P. perfect · Age · GPT-5 · MLE 36.6 23.4 16.7 15.3 8.0
API · P. perfect · Age · GPT-5 · PIMLE 36.6 23.4 16.7 15.3 7.9
API · P. perfect · Age and income · GPT-5 · Naive 37.3 23.1 17.0 15.2 7.5
API · P. perfect · Age and income · GPT-5 · MoS 37.3 23.1 17.0 15.1 7.4
API · P. perfect · Age and income · GPT-5 · MLE 37.5 22.9 17.1 15.1 7.4
API · P. perfect · Age and income · GPT-5 · PIMLE 37.4 23.1 17.0 15.1 7.4
API · P. perfect · Age · GPT-4 · Naive 29.1 33.0 12.3 5.4 20.2
API · P. perfect · Age · GPT-4 · MoS 28.8 33.3 12.3 5.4 20.3
API · P. perfect · Age · GPT-4 · MLE 28.8 33.0 12.5 5.6 20.2
API · P. perfect · Age · GPT-4 · PIMLE 28.9 33.2 12.3 5.4 20.3
API · P. perfect · Age and income · GPT-4 · Naive 27.6 32.5 12.1 5.4 22.4
API · P. perfect · Age and income · GPT-4 · MoS 27.8 32.3 12.2 5.6 22.2
API · P. perfect · Age and income · GPT-4 · MLE 28.0 32.3 12.2 5.5 21.9
API · P. perfect · Age and income · GPT-4 · PIMLE 27.8 32.2 12.1 5.6 22.2
API · P. perfect · Age · GPT-4o-mini · Naive 30.9 25.9 13.2 14.3 15.6
API · P. perfect · Age · GPT-4o-mini · MoS 30.4 25.6 13.0 15.3 15.7
API · P. perfect · Age · GPT-4o-mini · MLE 31.2 26.0 13.3 14.0 15.6
API · P. perfect · Age · GPT-4o-mini · PIMLE 30.2 25.8 12.9 15.4 15.7
API · P. perfect · Age and income · GPT-4o-mini · Naive 27.6 29.7 12.7 15.4 14.6
API · P. perfect · Age and income · GPT-4o-mini · MoS 27.3 29.7 12.6 15.7 14.8
API · P. perfect · Age and income · GPT-4o-mini · MLE 28.0 32.3 12.2 5.5 21.9
API · P. perfect · Age and income · GPT-4o-mini · PIMLE 27.4 29.6 12.6 15.5 14.8

Table SM4: Vote Intention Percentage Results Madrid (API - Perfect Prompt)
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Survey PP PSOE VOX SUMAR BLANK
Real Results 40.2 27.7 13.9 15.3 2.9
Human Survey 39.2 27.6 14.6 14.7 3.8
ONLINE · P. original · Age · GPT-5 · Naive 34.8 24.5 18.4 14.4 7.7
ONLINE · P. original · Age · GPT-5 · MoS 34.7 24.7 18.6 14.3 7.7
ONLINE · P. original · Age · GPT-5 · MLE 34.8 24.8 18.5 14.3 7.6
ONLINE · P. original · Age · GPT-5 · PIMLE 34.7 24.7 18.5 14.4 7.5
ONLINE · P. original · Age and income · GPT-5 · Naive 32.8 28.8 12.7 17.7 8.2
ONLINE · P. original · Age and income · GPT-5 · MoS 33.1 28.8 12.7 17.8 8.2
ONLINE · P. original · Age and income · GPT-5 · MLE 33.5 28.9 12.6 17.7 8.2
ONLINE · P. original · Age and income · GPT-5 · PIMLE 32.9 28.8 12.5 17.7 8.1
ONLINE · P. original · Age · GPT-4o · Naive 36.5 25.3 14.9 14.3 8.9
ONLINE · P. original · Age · GPT-4o · MoS 36.5 25.3 14.9 14.3 8.9
ONLINE · P. original · Age · GPT-4o · MLE 36.6 25.3 14.9 14.2 8.9
ONLINE · P. original · Age · GPT-4o · PIMLE 36.5 25.3 14.9 14.4 8.9
ONLINE · P. original · Age and income · GPT-4o · Naive 37.6 25.9 13.4 14.6 8.4
ONLINE · P. original · Age and income · GPT-4o · MoS 37.9 25.8 13.5 14.4 8.4
ONLINE · P. original · Age and income · GPT-4o · MLE 38.6 25.6 13.8 13.7 8.7
ONLINE · P. original · Age and income · GPT-4o · PIMLE 37.9 25.8 13.5 14.4 8.4
ONLINE · P. perfect · Age · GPT-5 · Naive 35.4 22.9 14.3 18.9 8.5
ONLINE · P. perfect · Age · GPT-5 · MoS 35.7 23.0 14.4 18.4 8.5
ONLINE · P. perfect · Age · GPT-5 · MLE 35.5 22.9 14.4 18.7 8.6
ONLINE · P. perfect · Age · GPT-5 · PIMLE 35.6 22.9 14.4 18.5 8.5
ONLINE · P. perfect · Age and income · GPT-5 · Naive 32.2 27.2 13.8 17.7 9.0
ONLINE · P. perfect · Age and income · GPT-5 · MoS 32.3 27.1 13.8 17.9 8.9
ONLINE · P. perfect · Age and income · GPT-5 · MLE 32.6 26.9 13.8 17.9 8.8
ONLINE · P. perfect · Age and income · GPT-5 · PIMLE 32.2 27.1 13.8 17.9 8.9
ONLINE · P. perfect · Age and income · GPT-4o · Naive 31.7 27.7 12.4 19.8 8.5
ONLINE · P. perfect · Age and income · GPT-4o · MoS 31.8 27.8 12.5 19.4 8.5
ONLINE · P. perfect · Age and income · GPT-4o · MLE 32.2 27.3 12.7 19.4 8.5
ONLINE · P. perfect · Age and income · GPT-4o · PIMLE 32.1 27.6 12.6 19.2 8.5

Table SM5: Vote Intention Percentage Results Madrid (Chat)
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A.1.3 Results - Andalusia

Survey PP PSOE VOX SUMAR BLANK
Real Results 36.4 33.5 15.3 12.0 2.8
Human Survey 35.3 28.3 15.3 12.6 8.5
ONLINE · P. perfect · Age · GPT-5 · Naive 34.1 28.3 16.9 14.2 6.5
ONLINE · P. perfect · Age · GPT-5 · MoS 34.4 28.3 17.1 13.7 6.5
ONLINE · P. perfect · Age · GPT-5 · MLE 34.8 28.1 17.2 13.4 6.5
ONLINE · P. perfect · Age · GPT-5 · PIMLE 34.5 28.3 17.1 13.7 6.5
ONLINE · P. perfect · Age and income · GPT-5 · Naive 33.8 29.6 16.2 14.2 6.3
ONLINE · P. perfect · Age and income · GPT-5 · MoS 34.2 29.5 16.3 13.9 6.2
ONLINE · P. perfect · Age and income · GPT-5 · MLE 34.3 29.2 16.3 14.0 6.2
ONLINE · P. perfect · Age and income · GPT-5 · PIMLE 34.4 29.3 16.3 13.8 6.2
ONLINE · P. original · Age · GPT-5 · Naive 33.3 26.2 18.3 14.6 7.6
ONLINE · P. original · Age · GPT-5 · MoS 33.5 26.1 18.4 14.5 7.5
ONLINE · P. original · Age · GPT-5 · MLE 33.6 26.2 18.4 14.4 7.4
ONLINE · P. original · Age · GPT-5 · PIMLE 33.4 26.1 18.4 14.6 7.5
ONLINE · P. original · Age and income · GPT-5 · Naive 33.2 27.9 16.9 14.5 7.5
ONLINE · P. original · Age and income · GPT-5 · MoS 33.3 27.8 17.0 14.5 7.4
ONLINE · P. original · Age and income · GPT-5 · MLE 33.5 27.6 17.1 14.4 7.3
ONLINE · P. original · Age and income · GPT-5 · PIMLE 33.3 27.9 17.0 14.5 7.4
ONLINE · P. original · Age and income · GPT-4o · Naive 37.4 27.5 14.7 12.9 7.5
ONLINE · P. original · Age and income · GPT-4o · MoS 37.5 27.5 14.7 12.9 7.5
ONLINE · P. original · Age and income · GPT-4o · MLE 38.5 27.0 14.9 12.2 7.5
ONLINE · P. original · Age and income · GPT-4o · PIMLE 37.6 27.5 14.7 12.8 7.5

Table SM6: Vote Intention Percentage Results Andalusia (Chat)
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Survey PP PSOE VOX SUMAR BLANK
Real Results 36.4 33.5 15.3 12.0 2.8
Human Survey 35.3 28.3 15.3 12.6 8.5
API · P. original · Age · GPT-5 · Naive 32.5 27.4 17.6 14.4 8.2
API · P. original · Age · GPT-5 · MoS 32.5 27.4 17.6 14.3 8.2
API · P. original · Age · GPT-5 · MLE 32.5 27.4 17.5 14.4 8.2
API · P. original · Age · GPT-5 · PIMLE 32.5 27.4 17.6 14.3 8.1
API · P. original · Age and income · GPT-5 · Naive 32.3 27.4 17.6 14.6 8.1
API · P. original · Age and income · GPT-5 · MoS 32.2 27.4 17.6 14.8 8.1
API · P. original · Age and income · GPT-5 · MLE 32.4 27.3 17.6 14.5 8.1
API · P. original · Age and income · GPT-5 · PIMLE 32.3 27.4 17.6 14.6 8.1
API · P. original · Age · GPT-4 · Naive 21.8 39.2 11.2 6.5 21.4
API · P. original · Age · GPT-4 · MoS 21.8 38.9 11.3 6.7 21.3
API · P. original · Age · GPT-4 · MLE 22.1 38.7 11.2 6.8 21.3
API · P. original · Age · GPT-4 · PIMLE 21.7 39.0 11.3 6.7 21.3
API · P. original · Age and income · GPT-4 · Naive 23.1 37.5 11.3 7.7 20.5
API · P. original · Age and income · GPT-4 · MoS 23.2 37.1 11.2 8.0 20.5
API · P. original · Age and income · GPT-4 · MLE 23.1 36.8 11.4 8.3 20.4
API · P. original · Age and income · GPT-4 · PIMLE 23.1 37.2 11.2 7.9 20.6
API · P. original · Age · GPT-4o-mini · Naive 33.6 26.2 13.9 11.4 14.9
API · P. original · Age · GPT-4o-mini · MoS 33.4 26.3 14.0 11.3 15.0
API · P. original · Age · GPT-4o-mini · MLE 33.6 26.3 14.2 11.0 14.9
API · P. original · Age · GPT-4o-mini · PIMLE 33.4 26.2 14.0 11.4 15.0
API · P. original · Age and income · GPT-4o-mini · Naive 29.8 28.0 12.4 15.0 14.8
API · P. original · Age and income · GPT-4o-mini · MoS 29.3 28.3 12.5 15.2 14.7
API · P. original · Age and income · GPT-4o-mini · MLE 29.4 28.2 12.7 15.2 14.5
API · P. original · Age and income · GPT-4o-mini · PIMLE 29.5 28.1 12.5 15.2 14.7

Table SM7: Vote Intention Percentage Results Andalusia (API - Original
Prompt)
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Survey PP PSOE VOX SUMAR BLANK
Real Results 36.4 33.5 15.3 12.0 2.8
Human Survey 35.3 28.3 15.3 12.6 8.5
API · P. perfect · Age · GPT-5 · Naive 34.6 27.8 16.7 12.7 8.2
API · P. perfect · Age · GPT-5 · MoS 34.6 27.9 16.7 12.7 8.1
API · P. perfect · Age · GPT-5 · MLE 34.7 27.9 16.7 12.6 8.1
API · P. perfect · Age · GPT-5 · PIMLE 34.7 27.8 16.7 12.7 8.1
API · P. perfect · Age and income · GPT-5 · Naive 34.2 28.1 17.1 12.9 7.7
API · P. perfect · Age and income · GPT-5 · MoS 34.3 28.1 17.1 12.8 7.7
API · P. perfect · Age and income · GPT-5 · MLE 34.5 28.0 17.1 12.8 7.7
API · P. perfect · Age and income · GPT-5 · PIMLE 34.3 28.1 17.1 12.8 7.7
API · P. perfect · Age · GPT-4 · Naive 23.3 39.6 12.2 4.6 20.4
API · P. perfect · Age · GPT-4 · MoS 23.4 39.3 12.3 4.7 20.4
API · P. perfect · Age · GPT-4 · MLE 23.3 39.3 12.3 4.8 20.3
API · P. perfect · Age · GPT-4 · PIMLE 23.4 39.4 12.3 4.7 20.3
API · P. perfect · Age and income · GPT-4 · Naive 21.9 41.2 12.2 4.5 20.2
API · P. perfect · Age and income · GPT-4 · MoS 22.1 41.3 12.2 4.4 20.0
API · P. perfect · Age and income · GPT-4 · MLE 22.2 40.3 12.5 4.8 20.2
API · P. perfect · Age and income · GPT-4 · PIMLE 22.0 41.1 12.3 4.5 20.2
API · P. perfect · Age · GPT-4o-mini · Naive 36.0 24.0 14.9 9.6 15.5
API · P. perfect · Age · GPT-4o-mini · MoS 35.6 24.0 14.7 10.3 15.5
API · P. perfect · Age · GPT-4o-mini · MLE 36 24.0 14.9 9.5 15.5
API · P. perfect · Age · GPT-4o-mini · PIMLE 35.6 24.0 14.7 10.2 15.5
API · P. perfect · Age and income · GPT-4o-mini · Naive 23.8 36.2 11.9 15.4 12.7
API · P. perfect · Age and income · GPT-4o-mini · MoS 23.2 35.5 11.6 17.1 12.7
API · P. perfect · Age and income · GPT-4o-mini · MLE 23.3 35.7 11.7 16.7 12.7
API · P. perfect · Age and income · GPT-4o-mini · PIMLE 23.3 35.7 11.7 16.7 12.7

Table SM8: Vote Intention Percentage Results Andalusia (API - Perfect
Prompt)
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A.1.4 Results - Valencia

Survey PP PSOE VOX SUMAR BLANK
Real Results 34.9 32.1 15.7 15.2 2.2
Human Survey 32.3 27.7 16.5 15.0 8.5
ONLINE · P. original · Age · GPT-5 · Naive 32.8 25.7 17.6 16.7 7.3
ONLINE · P. original · Age · GPT-5 · MoS 32.7 25.8 17.6 16.7 7.3
ONLINE · P. original · Age · GPT-5 · MLE 33.1 25.7 17.7 16.4 7.1
ONLINE · P. original · Age · GPT-5 · PIMLE 32.6 25.8 17.5 16.8 7.3
ONLINE · P. original · Age and income · GPT-5 · Naive 31.1 28.0 15.5 17.6 7.9
ONLINE · P. original · Age and income · GPT-5 · MoS 31.0 28.1 15.5 17.5 7.9
ONLINE · P. original · Age and income · GPT-5 · MLE 31.3 27.7 15.4 17.8 7.8
ONLINE · P. original · Age and income · GPT-5 · PIMLE 31.0 28.1 15.5 17.6 7.9
ONLINE · P. perfect · Age · GPT-5 · Naive 34.9 24.0 15.8 17.3 8.0
ONLINE · P. perfect · Age · GPT-5 · MoS 35.3 24.2 16.0 16.7 7.8
ONLINE · P. perfect · Age · GPT-5 · MLE 34.5 24.1 15.7 17.7 8.1
ONLINE · P. perfect · Age · GPT-5 · PIMLE 35.2 24.2 15.9 16.8 8.0
ONLINE · P. perfect · Age and income · GPT-5 · Naive 33.8 27.4 15.5 16.5 6.9
ONLINE · P. perfect · Age and income · GPT-5 · MoS 34.3 27.2 15.6 16.1 6.9
ONLINE · P. perfect · Age and income · GPT-5 · MLE 33.8 27.4 15.5 16.6 6.8
ONLINE · P. perfect · Age and income · GPT-5 · PIMLE 34.5 27.1 15.6 16.0 6.8
ONLINE · P. original · Age and income · GPT-4o · Naive 36.5 26.2 13.6 15.4 8.3
ONLINE · P. original · Age and income · GPT-4o · MoS 36.8 26.0 13.7 15.3 8.2
ONLINE · P. original · Age and income · GPT-4o · MLE 37.8 25.8 14.0 14.4 8.0
ONLINE · P. original · Age and income · GPT-4o · PIMLE 36.8 26.1 13.7 15.2 8.2

Table SM9: Vote Intention Percentage Results Valencia (Chat)
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Survey PP PSOE VOX SUMAR BLANK
Real Results 34.9 32.1 15.7 15.2 2.2
Human Survey 32.3 27.7 16.5 15.0 8.5
API · P. original · Age · GPT-5 · Naive 31.3 26.0 17.5 17.0 8.2
API · P. original · Age · GPT-5 · MoS 31.4 26.0 17.6 16.9 8.2
API · P. original · Age · GPT-5 · MLE 31.4 26.1 17.6 16.9 8.1
API · P. original · Age · GPT-5 · PIMLE 31.3 26.0 17.5 16.9 8.2
API · P. original · Age and income · GPT-5 · Naive 32.2 25.4 17.5 16.8 8.1
API · P. original · Age and income · GPT-5 · MoS 32.2 25.4 17.5 16.8 8.1
API · P. original · Age and income · GPT-5 · MLE 32.3 25.4 17.5 16.7 8.1
API · P. original · Age and income · GPT-5 · PIMLE 32.3 25.4 17.5 16.8 8.1
API · P. original · Age · GPT-4 · Naive 22.5 34.5 10.9 9.4 22.7
API · P. original · Age · GPT-4 · MoS 22.4 34.3 10.8 9.6 22.9
API · P. original · Age · GPT-4 · MLE 22.7 34.3 11.0 9.7 22.4
API · P. original · Age · GPT-4 · PIMLE 22.5 34.5 10.9 9.4 22.7
API · P. original · Age and income · GPT-4 · Naive 22.9 34.7 11.2 9.3 21.9
API · P. original · Age and income · GPT-4 · MoS 23.0 34.7 11.2 9.6 21.7
API · P. original · Age and income · GPT-4 · MLE 23.2 34.2 11.1 9.7 21.8
API · P. original · Age and income · GPT-4 · PIMLE 23.0 34.6 11.1 9.5 21.7
API · P. original · Age · GPT-4o-mini · Naive 34.5 24.6 13.1 13.7 14.1
API · P. original · Age · GPT-4o-mini · MoS 34.3 24.6 13.1 13.5 14.5
API · P. original · Age · GPT-4o-mini · MLE 34.5 24.6 13.4 13.5 14.2
API · P. original · Age · GPT-4o-mini · PIMLE 34.5 24.5 13.2 13.7 14.2
API · P. original · Age and income · GPT-4o-mini · Naive 29.1 27.4 11.5 18.1 13.9
API · P. original · Age and income · GPT-4o-mini · MoS 28.8 27.4 11.6 18.3 13.9
API · P. original · Age and income · GPT-4o-mini · MLE 28.9 27.5 11.9 18.1 13.6
API · P. original · Age and income · GPT-4o-mini · PIMLE 28.9 27.4 11.6 18.3 13.8

Table SM10: Vote Intention Percentage Results Valencia (API - Original
Prompt)
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Survey PP PSOE VOX SUMAR BLANK
Real Results 34.9 32.1 15.7 15.2 2.2
Human Survey 32.3 27.7 16.5 15.0 8.5
API · P. perfect · Age · GPT-5 · Naive 32.6 25.3 17.6 16.2 8.3
API · P. perfect · Age · GPT-5 · MoS 32.6 25.4 17.5 16.2 8.3
API · P. perfect · Age · GPT-5 · MLE 32.7 25.3 17.6 16.1 8.4
API · P. perfect · Age · GPT-5 · PIMLE 32.7 25.4 17.6 16.1 8.3
API · P. perfect · Age and income · GPT-5 · Naive 33.5 24.9 17.8 16.1 7.8
API · P. perfect · Age and income · GPT-5 · MoS 33.7 24.8 17.8 15.9 7.8
API · P. perfect · Age and income · GPT-5 · MLE 33.8 24.7 17.9 16.0 7.7
API · P. perfect · Age and income · GPT-5 · PIMLE 33.6 24.9 17.8 16.0 7.7
API · P. perfect · Age · GPT-4 · Naive 25.1 34.1 11.2 5.5 24.1
API · P. perfect · Age · GPT-4 · MoS 25.0 33.9 11.3 5.6 24.1
API · P. perfect · Age · GPT-4 · MLE 25.3 33.9 11.3 5.8 23.7
API · P. perfect · Age · GPT-4 · PIMLE 25.0 33.9 11.2 5.6 24.3
API · P. perfect · Age and income · GPT-4 · Naive 23.7 35.3 10.3 5.9 24.8
API · P. perfect · Age and income · GPT-4 · MoS 23.4 35.4 10.3 6.2 24.7
API · P. perfect · Age and income · GPT-4 · MLE 24.1 34.8 10.6 6.1 24.4
API · P. perfect · Age and income · GPT-4 · PIMLE 23.5 35.4 10.3 6.2 24.7
API · P. perfect · Age · GPT-4o-mini · Naive 24.3 32.0 12.4 16.3 15.0
API · P. perfect · Age · GPT-4o-mini · MoS 24.4 31.4 12.3 16.7 15.2
API · P. perfect · Age · GPT-4o-mini · MLE 24.5 32.0 12.5 15.8 15.2
API · P. perfect · Age · GPT-4o-mini · PIMLE 24.1 31.7 12.3 16.7 15.2
API · P. perfect · Age and income · GPT-4o-mini · Naive 25.7 31.3 12.4 16.2 14.4
API · P. perfect · Age and income · GPT-4o-mini · MoS 25.2 31.3 12.3 16.8 14.6
API · P. perfect · Age and income · GPT-4o-mini · MLE 26.1 31.2 12.5 15.6 14.6
API · P. perfect · Age and income · GPT-4o-mini · PIMLE 25.4 31.3 12.3 16.4 14.6

Table SM11: Vote Intention Percentage Results Valencia (API - Perfect Prompt)
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A.1.5 Questionnaire for the General Election in Madrid, Andalusia
and Valencia

• Q1. Scientific Study Information

We are a team of computer and statistics researchers. We collect data
to estimate the vote intention in different Spain regions, with the goal of
improving statistical estimation techniques. The following survey contains
questions regarding the voting intention of the people that you know for
the Spanish general election on July 23, 2023. These contacts can include
family, friends, and colleagues whose voting intention you know.

– Responses are anonymous. The researchers cannot identify the par-
ticipants.

– Data cannot be modified or deleted once the survey is completed.

– The data collected may be made public in aggregated form under the
Open Data Commons Attribution License.

– The results of this study will not be published before the end of the
Spanish general elections on July 23, 2023.

You can participate in the survey even if you have answered it
before.

Are you willing to take part in the following survey?

□ Yes, I’m above the age of 18, and I’m giving you my consent.

□ No, I do not wish to take part.

Consider only your contacts of voting age in Spain’s general election on
23 July 2023.

• Q2. How many of your contacts will vote for PP (Partido Popular) for
the Spanish general election?

Q3. How many of your contacts will vote for PSOE (Partido Socialista
Obrero Español) for the Spanish general election?

Q4. How many of your contacts will vote for Vox for the Spanish general
election?

Q5. How many of your contacts will vote for Sumar for the Spanish
general election?

Q6. How many of your contacts will vote for other parties or blank for
the Spanish general election?

Q7. How many of your contacts will not vote or you do not know their
vote for the Spanish general election?

Q8. How many of your contacts considered above are between 18 and 34
years old?

Q9. How many of your contacts considered above are between 35 and 54
years old?
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Q10. How many of your contacts considered above are over 54 years old?

Q11. How many of your contacts considered above are medical doctors?

Q12. How many of your contacts considered above are autonomous work-
ers?

Q13. How many of your contacts considered above are unemployed?

A.1.6 Original Prompt for Madrid considering Age

Role and Context
You are a person between 18 and 24 years old from Madrid. You have read

and accepted to participate in a survey conducted by a team of statistics and
computer science researchers who are collecting data on the voting intention
for the Spanish general elections of July 23, 2023. The group of contacts may
include family, friends, or work colleagues whose voting intention you know.

• Q1. Scientific Study InformationWe are a team of statistics and com-
puter science researchers. We collect data to estimate the vote intention
in the 2023 Spanish general elections. The following survey contains ques-
tions regarding the voting intention of the people that you know for the
2023 Spanish general election. These contacts can include family, friends,
or colleagues whose voting intention you know.

– Responses are anonymous. The researchers cannot identify the par-
ticipants.

– Data cannot be modified or deleted once submitted.

– The data may be published in aggregated form under the Open Data
Commons Attribution License.

– The results will not be published before the 2023 Spanish general
elections have concluded.

Please respond to the following questions considering that you have given
your consent to participate in the survey, keeping in mind that it is July
2023.

• Q2. How many of your contacts will vote for Partido Popular (PP) in
the Spanish general election?

• Q3. How many of your contacts will vote for Partido Socialista Obrero
Español (PSOE) in the Spanish general election?

• Q4. How many of your contacts will vote for Vox in the Spanish general
election?

• Q5. How many of your contacts will vote for Sumar in the Spanish general
election?
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• Q6. How many of your contacts will vote for other parties or cast a blank
vote in the Spanish general election?

• Q7. How many of your contacts will not vote or you do not know their
vote in the Spanish general election?

• Q8. How many of your contacts considered previously are between 18 and
34 years old?

• Q9. How many of your contacts considered previously are between 35 and
54 years old?

• Q10. How many of your contacts considered previously are over 54 years
old?

• Q11. How many of your contacts considered previously are self-employed
workers?

• Q12. How many of your contacts considered previously are medical doc-
tors?

• Q13. How many of your contacts considered previously are unemployed?

A.1.7 Perfect Prompt for Madrid considering Age and income

It is July 2023. As a participant in a survey on voting intention for the Span-
ish general elections on July 23, 2023, provide numerical responses in a single
column taking into account the given context. Assume you are a person living
in Madrid, between (age range) years old, with an annual income of (income
range) euros. Provide numerical answers for the following questions regarding
your contacts:

• Q1. Number of your contacts who will vote for Partido Popular (PP).

• Q2. Number of your contacts who will vote for Partido Socialista Obrero
Español (PSOE).

• Q3. Number of your contacts who will vote for Vox.

• Q4. Number of your contacts who will vote for Sumar.

• Q5. Number of your contacts who will vote for other parties or cast a
blank vote.

• Q6. Number of your contacts who will not vote or whose vote is unknown.

• Q7. Number of your contacts with ages between 18 and 34 years.

• Q8. Number of your contacts with ages between 35 and 54 years.

• Q9. Number of your contacts older than 54 years.
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• Q10. Number of your contacts who are self-employed workers.

• Q11. Number of your contacts who are medical doctors.

• Q12. Number of your contacts who are unemployed.

Response Format:

[Number of contacts voting for PP]

[Number of contacts voting for PSOE]

[Number of contacts voting for Vox]

[Number of contacts voting for Sumar]

[Number of contacts voting for others/blank]

[Number of contacts not voting/unknown]

[Number of contacts aged 18-34]

[Number of contacts aged 35-54]

[Number of contacts aged >54]

[Number of contacts self-employed]

[Number of contacts doctors]

[Number of contacts unemployed]

The information provided will be used anonymously and will only be pub-
lished in aggregate after the elections. We thank you for your participation in
this study.

A.1.8 Correlation Matrices

The following tables show the correlations between the other two regions com-
mented in section 5.2.3.

Table SM12: Correlation matrix: Andalusia, Human Surveys

PP PSOE Vox Sumar

PP 1.0000 0.1238 0.1366 0.0369
PSOE 0.1238 1.0000 -0.0616 0.7994
Vox 0.1366 -0.0616 1.0000 -0.0609
Sumar 0.0369 0.7994 -0.0609 1.0000
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Table SM13: Correlation matrices: Andalusia (GPT 5 - P. Perfect - Age and
income)

(a) Chat Interface

PP PSOE VOX SUMAR

PP 1.0000 -0.0664 0.8330 -0.2575
PSOE -0.0664 1.0000 -0.0124 0.0935
VOX 0.8330 -0.0124 1.0000 -0.1365
SUMAR -0.2575 0.0935 -0.1365 1.0000

(b) API Interface

PP PSOE VOX SUMAR

PP 1.0000 0.6812 0.8821 0.2270
PSOE 0.6812 1.0000 0.6753 0.5064
VOX 0.8821 0.6753 1.0000 0.4515
SUMAR 0.2270 0.5064 0.4515 1.0000

Table SM14: Correlation matrix: Valencia, Human Surveys

PP PSOE Vox Sumar

PP 1.0000 0.2647 0.4569 -0.0215
PSOE 0.2647 1.0000 0.1564 0.6778
Vox 0.4569 0.1564 1.0000 0.0013
Sumar -0.0215 0.6778 0.0013 1.0000

Table SM15: Correlation matrices: Valencia (GPT 5 - P. Perfect - Age and
income)

(a) Chat Interface

PP PSOE VOX SUMAR

PP 1.0000 0.0405 0.8486 -0.3034
PSOE 0.0405 1.0000 0.1446 0.4660
VOX 0.8486 0.1446 1.0000 -0.1037
SUMAR -0.3034 0.4660 -0.1037 1.0000

(b) API Interface

PP PSOE VOX SUMAR

PP 1.0000 0.6548 0.8690 0.0997
PSOE 0.6548 1.0000 0.6140 0.4573
VOX 0.8690 0.6140 1.0000 0.2692
SUMAR 0.0997 0.4573 0.2692 1.0000

A.2 Chilean Elections

Analogous to the Spanish study, the tables below display the vote estimates for
every iteration using the four NSUM estimators. The results are categorized by
round and temporal stage. Furthermore, we have included both the Original
and Perfect prompts to illustrate their respective impacts on the LLM-generated
data.

A.2.1 Results - First Round
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Survey FP JJ MEO JK JAK EA EM HM BLANK
Real Results 19.7 26.9 1.2 13.9 23.9 0.7 12.5 1.3 1.1
Human Surveys 7.1 23.3 2.6 13.5 26.8 1.9 13.3 2.9 8.6

Date: 08/11
API · P.original · GPT 4 · Naive 15.2 12.8 13.8 2.6 21.8 1.9 16.2 6.7 9.0
API · P.original · GPT 4 · MOS 15.2 12.7 14.1 2.7 21.6 1.8 16.2 6.7 8.8
API · P.original · GPT 4 · MLE 14.9 12.5 13.9 2.9 21.7 2.0 16.2 6.8 9.2
API · P.original · GPT 4 · PIMLE 15.1 12.7 14.1 2.8 21.7 1.8 16.2 6.7 8.8
API · P.perfect · GPT 4 · Naive 14.3 13.9 15.4 2.8 17.4 1.5 15.2 6.7 12.7
API · P.perfect · GPT 4 · MOS 14.3 13.9 15.5 2.9 17.4 1.5 15.3 6.7 12.6
API · P.perfect · GPT 4 · MLE 13.9 14.1 15.4 3.1 17.2 1.6 15.3 6.9 12.6
API · P.perfect · GPT 4 · PIMLE 14.3 13.9 15.5 2.9 17.4 1.5 15.3 6.7 12.6
API · P.original · GPT 5 · Naive 10.2 12.5 7.9 3.9 20.3 3.9 27.9 2.7 10.6
API · P.original · GPT 5 · MOS 10.2 12.6 8.0 3.9 20.3 3.9 28.0 2.7 10.5
API · P.original · GPT 5 · MLE 10.1 12.6 7.9 3.8 20.3 3.8 28.0 2.7 10.6
API · P.original · GPT 5 · PIMLE 10.2 12.6 8.0 3.9 20.3 3.9 28.0 2.7 10.5
API · P.perfect · GPT 5 · Naive 10.0 12.6 7.8 3.7 20.5 3.7 29.2 2.6 10.0
API · P.perfect · GPT 5 · MOS 10.0 12.7 7.8 3.7 20.4 3.7 29.2 2.7 9.9
API · P.perfect · GPT 5 · MLE 10.0 12.7 7.8 3.7 20.4 3.7 29.2 2.7 9.9
API · P.perfect · GPT 5 · PIMLE 10.0 12.7 7.8 3.7 20.4 3.7 29.2 2.7 9.9
API · P.original · GPT 4o mini · Naive 22.2 11.1 0.0 0.0 33.3 0.0 11.1 0.0 22.2
API · P.original · GPT 4o mini · MOS 22.2 11.1 0.0 0.0 33.3 0.0 11.1 0.0 22.2
API · P.original · GPT 4o mini · MLE 22.2 11.1 0.0 0.0 33.3 0.0 11.1 0.0 22.2
API · P.original · GPT 4o mini · PIMLE 22.2 11.1 0.0 0.0 33.3 0.0 11.1 0.0 22.2
API · P.perfect · GPT 4o mini · Naive 22.2 11.1 0.0 0.0 33.3 0.1 11.1 0.0 22.2
API · P.perfect · GPT 4o mini · MOS 22.2 11.1 0.0 0.0 33.3 0.1 11.1 0.0 22.2
API · P.perfect · GPT 4o mini · MLE 22.2 11.1 0.0 0.0 33.3 0.1 11.1 0.0 22.2
API · P.perfect · GPT 4o mini · PIMLE 22.2 11.1 0.0 0.0 33.3 0.1 11.1 0.0 22.2
CHAT · P.original · GPT 5 · Naive 20.4 11.7 7.5 0.9 26.9 0.1 19.6 6.0 6.9
CHAT · P.original · GPT 5 · MOS 20.3 11.8 7.5 0.9 26.8 0.1 19.8 6.0 6.9
CHAT · P.original · GPT 5 · MLE 20.1 11.6 7.7 0.9 26.6 0.1 20.2 6.0 6.9
CHAT · P.original · GPT 5 · PIMLE 20.2 11.8 7.5 0.9 26.8 0.1 19.8 6.0 6.9
CHAT · P.perfect · GPT 5 · Naive 14.4 14.1 6.0 0.6 23.6 2.6 24.9 3.8 10.0
CHAT · P.perfect · GPT 5 · MOS 13.9 14.4 5.9 0.7 23.6 2.6 25.1 3.8 9.9
CHAT · P.perfect · GPT 5 · MLE 13.7 13.9 5.8 0.7 23.0 2.9 25.9 4.2 9.9
CHAT · P.perfect · GPT 5 · PIMLE 14.0 14.4 6.0 0.7 23.7 2.5 24.9 3.8 9.9

Date: 21/11
CHAT · P.original · GPT 5 - Post · Naive 13.7 10.7 6.2 0.9 22.7 0.3 29.8 3.8 12.0
CHAT · P.original · GPT 5 - Post · MOS 14.8 10.6 6.6 0.9 22.2 0.3 28.9 4.1 11.6
CHAT · P.original · GPT 5 - Post · MLE 15.7 10.2 6.9 1.2 21.6 0.4 28.0 4.5 11.4
CHAT · P.original · GPT 5 - Post · PIMLE 14.8 10.6 6.6 0.9 22.3 0.3 28.9 4.1 11.6
CHAT · P.perfect · GPT 5 - Post · Naive 16.5 17.6 8.1 1.7 24.3 2.2 18.2 1.9 9.5
CHAT · P.perfect · GPT 5 - Post · MOS 16.3 18.8 8.4 2.0 24.4 2.2 17.0 1.8 9.2
CHAT · P.perfect · GPT 5 - Post · MLE 16.2 18.0 8.2 2.0 23.6 2.5 18.0 2.1 9.5
CHAT · P.perfect · GPT 5 - Post · PIMLE 16.3 18.6 8.3 1.9 24.3 2.2 17.2 1.8 9.3

Table SM16: Vote Intention Percentage Results Chile (First Round). The first
iterations were conducted before the first round (16/11) whereas the second set
was generated after the primary election. (FP: Parisi, JJ: Jara, MEO: Ominami,
JK: Kaiser, JAK: Kast, EA: Artés, EM: Matthei, HM: Mayne-Nicholls)
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A.2.2 Results - Second Round

Survey JAK JJ BLANK
Real Results 57.39 41.29 1.33
Human Surveys 48.00 38.00 12.00

Date: 24/11
API · P.original · GPT 4 · Naive 38.60 43.66 17.74
API · P.original · GPT 4 · MOS 38.52 43.64 17.85
API · P.original · GPT 4 · MLE 38.43 43.35 18.22
API · P.original · GPT 4 · PIMLE 38.56 43.66 17.78
API · P.perfect · GPT 4 · Naive 40.33 39.77 19.89
API · P.perfect · GPT 4 · MOS 40.89 39.47 19.63
API · P.perfect · GPT 4 · MLE 40.85 39.33 19.82
API · P.perfect · GPT 4 · PIMLE 41.00 39.42 19.58
API · P.original · GPT 5 · Naive 44.96 38.68 16.36
API · P.original · GPT 5 · MOS 45.01 38.65 16.34
API · P.original · GPT 5 · MLE 45.12 38.53 16.35
API · P.original · GPT 5 · PIMLE 45.00 38.65 16.35
API · P.perfect · GPT 5 · Naive 45.82 37.94 16.24
API · P.perfect · GPT 5 · MOS 45.86 37.99 16.15
API · P.perfect · GPT 5 · MLE 46.00 37.97 16.02
API · P.perfect · GPT 5 · PIMLE 45.86 38.00 16.15
API · P.original · GPT 4o mini · Naive 33.33 66.67 0.00
API · P.original · GPT 4o mini · MOS 33.33 66.67 0.00
API · P.original · GPT 4o mini · MLE 33.33 66.67 0.00
API · P.original · GPT 4o mini · PIMLE 33.33 66.67 0.00
API · P.perfect · GPT 4o mini · Naive 33.33 56.75 9.92
API · P.perfect · GPT 4o mini · MOS 33.33 54.16 12.51
API · P.perfect · GPT 4o mini · MLE 33.33 54.23 12.43
API · P.perfect · GPT 4o mini · PIMLE 33.33 54.15 12.52
CHAT · P.original · GPT 5 · Naive 47.24 34.70 18.05
CHAT · P.original · GPT 5 · MOS 47.50 34.62 17.87
CHAT · P.original · GPT 5 · MLE 47.54 34.61 17.85
CHAT · P.original · GPT 5 · PIMLE 47.61 34.61 17.78
CHAT · P.perfect · GPT 5 · Naive 45.72 40.61 13.67
CHAT · P.perfect · GPT 5 · MOS 46.69 39.88 13.43
CHAT · P.perfect · GPT 5 · MLE 46.44 40.00 13.56
CHAT · P.perfect · GPT 5 · PIMLE 46.77 39.81 13.43

Table SM17: Vote Intention Percentage Results Chile (Second Round, First
Iteration). (JAK: Kast, JJ: Jara)
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Survey JAK JJ BLANK
Real Results 57.39 41.29 1.33

Date: 04/12
Human Surveys 47.98 38.23 12.79
CHAT · P.original · GPT 5 · Naive 47.15 35.99 16.85
CHAT · P.original · GPT 5 · MOS 47.30 36.02 16.68
CHAT · P.original · GPT 5 · MLE 47.46 36.05 16.48
CHAT · P.original · GPT 5 · PIMLE 47.31 35.99 16.70
CHAT · P.perfect · GPT 5 · Naive 45.32 39.92 14.76
CHAT · P.perfect · GPT 5 · MOS 46.53 38.94 14.53
CHAT · P.perfect · GPT 5 · MLE 46.14 39.07 14.80
CHAT · P.perfect · GPT 5 · PIMLE 46.52 38.97 14.51

Date: 12/12
Human Surveys 46.53 39.73 13.73
API · P.original · GPT 4 · Naive 38.80 42.42 18.77
API · P.original · GPT 4 · MOS 39.25 42.42 18.33
API · P.original · GPT 4 · MLE 39.11 42.13 18.77
API · P.original · GPT 4 · PIMLE 39.36 42.39 18.25
API · P.perfect · GPT 4 · Naive 37.16 41.75 21.09
API · P.perfect · GPT 4 · MOS 37.02 42.08 20.91
API · P.perfect · GPT 4 · MLE 37.15 41.72 21.13
API · P.perfect · GPT 4 · PIMLE 37.18 42.11 20.71
API · P.original · GPT 5 · Naive 45.24 38.53 16.23
API · P.original · GPT 5 · MOS 45.30 38.51 16.20
API · P.original · GPT 5 · MLE 45.40 38.46 16.14
API · P.original · GPT 5 · PIMLE 45.31 38.51 16.18
API · P.perfect · GPT 5 · Naive 45.37 37.60 17.03
API · P.perfect · GPT 5 · MOS 45.39 37.64 16.97
API · P.perfect · GPT 5 · MLE 45.40 37.64 16.96
API · P.perfect · GPT 5 · PIMLE 45.39 37.64 16.97
API · P.original · GPT 4o mini · Naive 33.33 66.67 0.00
API · P.original · GPT 4o mini · MOS 33.33 66.67 0.00
API · P.original · GPT 4o mini · MLE 33.33 66.67 0.00
API · P.original · GPT 4o mini · PIMLE 33.33 66.67 0.00
API · P.perfect · GPT 4o mini · Naive 33.33 58.25 8.42
API · P.perfect · GPT 4o mini · MOS 33.33 55.40 11.26
API · P.perfect · GPT 4o mini · MLE 33.33 55.48 11.18
API · P.perfect · GPT 4o mini · PIMLE 33.33 55.41 11.26
CHAT · P.original · GPT 5 · Naive 40.15 40.29 19.55
CHAT · P.original · GPT 5 · MOS 40.09 40.37 19.53
CHAT · P.original · GPT 5 · MLE 39.90 40.42 19.69
CHAT · P.original · GPT 5 · PIMLE 40.16 40.35 19.49
CHAT · P.perfect · GPT 5 · Naive 45.82 40.67 13.51
CHAT · P.perfect · GPT 5 · MOS 47.12 39.70 13.18
CHAT · P.perfect · GPT 5 · MLE 46.81 39.89 13.30
CHAT · P.perfect · GPT 5 · PIMLE 47.10 39.73 13.17

Table SM18: Vote Intention Percentage Results Chile (Second Round, Second
and Third Iterations). (JAK: Kast, JJ: Jara)18



A.2.3 Original Prompt - First Round

Role and Context
You are a person between (age range) years old from Chile. You have read

and accepted to participate in a survey conducted by a team of statistics and
computer science researchers who are collecting data on the voting intention
for the 2025 Chilean presidential elections. The group of contacts may include
family, friends, or work colleagues whose voting intention you know.

• Q1. Scientific Study Information

We are a team of statistics and computer science researchers. We col-
lect data to estimate the vote intention in the 2025 Chilean presidential
elections. The following survey contains questions regarding the voting
intention of the people that you know for the 2025 Chilean presidential
election. These contacts can include family, friends, or colleagues whose
voting intention you know.

– Responses are anonymous. The researchers cannot identify the par-
ticipants.

– Data cannot be modified or deleted once submitted.

– The data may be published in aggregated form under the Open Data
Commons Attribution License.

– The results will not be published before the 2025 Chilean presidential
elections have concluded.

Please respond to the following questions considering that you have given
your consent to participate in the survey, keeping in mind that it is early
November 2025.

• Q2. How many of your contacts will vote for Franco Parisi Fernández in
the Chilean presidential election?

• Q3. How many of your contacts will vote for Jeannette Jara Román in
the Chilean presidential election?

• Q4. How many of your contacts will vote for Marco Antonio Enŕıquez -
Ominami Gumucio in the Chilean presidential election?

• Q5. How many of your contacts will vote for Johannes Kaisser Barents -
Von Hohenhagen in the Chilean presidential election?

• Q6. How many of your contacts will vote for José Antonio Kast Rist in
the Chilean presidential election?

• Q7. How many of your contacts will vote for Eduardo Antonio Artés
Brichetti in the Chilean presidential election?

• Q8. How many of your contacts will vote for Evelyn Matthei Fornet in
the Chilean presidential election?
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• Q9. How many of your contacts will vote for Harold Mayne - Nicholls
Secul in the Chilean presidential election?

• Q10. How many of your contacts will vote null or blank in the Chilean
presidential election?

• Q11. How many of your contacts will not vote or you do not know their
vote for the Chilean presidential election?

• Q12. How many of your contacts considered previously are between 18
and 34 years old?

• Q13. How many of your contacts considered previously are between 35
and 54 years old?

• Q14. How many of your contacts considered previously are over 54 years
old?

• Q15. How many of your contacts considered previously are independent
workers?

• Q16. How many of your contacts considered previously are unemployed?

• Q17. How many of your contacts considered previously are medical doc-
tors?

A.2.4 Perfect Prompt - Second Round

It is November 2025. As a participant in a survey on voting intention for
the Chilean presidential elections on December 14, 2025, provide numerical re-
sponses in a single column taking into account the given context. Assume you
are a person living in Chile, between (age range) years old. Provide numerical
answers for the following questions regarding your contacts:

• Q1. Number of your contacts who will vote for Jeannette Jara Román.

• Q2. Number of your contacts who will vote for José Antonio Kast Rist.

• Q3. Number of your contacts who will vote null or blank.

• Q4. Number of your contacts who will not vote or whose vote is unknown.

• Q5. Number of your contacts with ages between 18 and 34 years.

• Q6. Number of your contacts with ages between 35 and 54 years.

• Q7. Number of your contacts older than 54 years.

• Q8. Number of your contacts who are independent workers.

• Q9. Number of your contacts who are unemployed.
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• Q10. Number of your contacts who are medical doctors.

• Q11. Number of your contacts who live abroad.

Response Format:

[Number of contacts voting for Jeannette Jara Román]

[Number of contacts voting for José Antonio Kast Rist]

[Number of contacts voting null/blank]

[Number of contacts not voting/unknown]

[Number of contacts aged 18-34]

[Number of contacts aged 35-54]

[Number of contacts aged >54]

[Number of contacts independent workers]

[Number of contacts unemployed]

[Number of contacts doctors]

[Number of contacts living abroad]

The information provided will be used anonymously and will only be pub-
lished in aggregate after the elections. We thank you for your participation in
this study.
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