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Abstract

This paper investigates the formation of inflation expectations using Large Language
Models (LLMs) through survey experiments conducted with Al agents. By simulating
survey responses, I assess how LLMs generate inflation expectations and perceptions
under varying access to knowledge sources, such as Federal Open Market Committee
(FOMC) minutes. The findings indicate that Al agents generally expect higher inflation
rates than realized, closely aligning with patterns observed in the New York Fed’s Survey
of Consumer Expectations (SCE) among human respondents. Information treatments,
particularly forward guidance on inflation rates, significantly shape LLMs’ inflation ex-
pectations, demonstrating a level of similarity to human respondents. By simulating the
full SCE panel with demographic characteristics and conducting a parallel experiment
without persona attributes, I demonstrate that both personas and non-personas synthetic
agents exhibit Bayesian updating and similar qualitative results, albeit with different mag-
nitudes. Furthermore, an experiment employing synthetic personas on political affiliation
reveals that persona attributes induce partisan biases in LLM responses, mirroring hu-
man survey behaviors. This approach can be leveraged in large-scale surveys both an
augmentation and a complement to other data collection methods. The study highlights
the critical roles of knowledge sources, model selection, persona prompting, and LLMs’
reasoning processes in expectation formation. These insights could advance our under-
standing of Al-human interactions in expectation formation, and inform the design of
Al-driven monetary policy communication strategies.
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1 Introduction

The use of Generative Artificial Intelligence (GAI), particularly the increasing adop-
tion of Large Language Models (LLMs), marks the beginning of a significant shift
in the landscape of economic research. These models have the potential to assist
economists in a wide range of tasks (Charness et al., 2023; Korinek, 2023; Chang et al.,
2024). As we integrate LLMs into economics, it becomes clear that their impact extends
beyond simply supporting economists in their research. These advanced models have
the capacity to enhance and transform research methodologies, leading to new ap-
proaches in conducting studies.

There are different opinions about the efficacy and capabilities of LLMs, highlight-
ing the need for a comprehensive understanding of their behaviors and cognitive
processes (Echterhoff et al., 2024). Since LLMs “think” and operate differently from
humans, conducting experiments with Al agents or surveying them offers a novel
method to better understand these processes. By deploying LLMs in structured sur-
veys and comparing their responses to those of human respondents, particularly in
economic research, we can obtain a clearer understanding of their strengths, limita-
tions, and the factors influencing their outputs (Park et al., 2023; Brand et al., 2023).

Moreover, studying LLMs is crucial not only for identifying their potential appli-
cations but also for the insights they can provide into human cognition and decision-
making (Zhu et al., 2024). LLMs are designed to process and generate language in
a manner that closely mimics human linguistic capabilities. By understanding how
these models interpret information, reach conclusions, and respond to various prompts,
we can gain valuable insights into their underlying mechanisms and compare these to
human decision-making processes. Additionally, since LLMs are trained on public
text data, their responses may reflect general public opinions. This understanding
may help us better comprehend how humans make decisions, form opinions, and
respond to information in various contexts. Furthermore, by comparing the perfor-
mance of LLMs to human subjects in experiments, we can identify the strengths and
limitations of these models and assess their potential to help or even replace human
decision-making in certain domains (Tjuatja et al., 2023; Wu et al., 2023). Such com-
parative analysis can shed light on the similarities and differences between human
cognition and Al, paving the way for more effective collaboration and integration of
Al in various fields.

Previous research has employed Al agents in game-theoretic scenarios to exam-
ine their decision-making processes (Horton, 2023; Brookins and DeBacker, 2023; Guo,
2023; Raman et al., 2024; Immorlica et al., 2024), simulating environments where agents
follow predefined rules to provide insights into strategic behavior. This study takes

a different approach by exploring the application of Large Language Models in sur-



vey experiments, specifically using them as subjects in inflation expectations surveys.
Unlike previous studies, this research enables Al agents to access and incorporate ex-
ternal knowledge, potentially improving the relevance and context-specificity of their
responses. By employing Al agents in this novel way, I offer a scalable approach to
study expectation formation, leveraging LLMs” ability to simulate human reasoning
and reproduce data patterns observed with human respondents (Fedyk et al., 2024).
This method demonstrates how Al agents can process and utilize information in real-
world scenarios, providing valuable insights into their decision-making processes in
different contexts.

While understanding the prior beliefs of LLMs is valuable, this study emphasizes
the importance of information treatment provisions in assessing LLM behavior. By ex-
amining how LLMs update their expectations in response to new information, we can
gain more meaningful insights into their decision-making processes, having a more
effective way to understand their reasoning and potential applications. This approach
is particularly relevant in the context of inflation expectation formation, where un-
derstanding how expectations are formed and updated is crucial for both policymak-
ers and researchers. As Al-assisted decision-making becomes more prevalent, under-
standing these processes becomes increasingly important (Korinek, 2023). This re-
search simulates how Al agents form and update economic expectations, providing
valuable insights into the dynamics of Al-driven economic reasoning.

Inflation expectations are increasingly important due to their significant role in
helping central banks design and implement monetary policies more effectively (Coibion
et al., 2022). Subjective inflation expectations not only influence household consump-
tion and firm decisions but also play a crucial role in financial markets and asset pric-
ing. The anticipation of inflation influences central bank policies, which in turn shape
the dynamics of bond and stock markets (Bernanke and Kuttner, 2005). For instance,
if inflation is expected to rise, central banks may increase interest rates to mitigate this
rise, leading to lower bond prices and higher yields. This also impacts the stock mar-
ket, as future corporate earnings are discounted based on these expectations, guiding
investment decisions.

In central banking, communication strategies are also critical in managing mar-
ket expectations and influencing the economy (Blinder et al., 2008; Eusepi and Pre-
ston, 2010). As Al becomes increasingly integrated into daily life through platforms
like ChatGPT, understanding how these systems form and influence economic expec-
tations becomes crucial. Their interpretation of central bank communications could
impact markets. Studying how LLMs process information such as FOMC minutes,
policy statements, or other economic reports offers valuable insights into the effec-
tiveness of current communication strategies and how they might need to adapt in an

Al-driven future. LLMs can mimic expectations surveys, enabling pre-testing before



actual deployment, and offer insights into how Al agents interpret key macroeconomic
variables. Furthermore, employing LLMs to simulate survey responses opens new av-
enues for refining policy messages through pre-testing. By analyzing Al agents’ re-
sponses to different communication forms, policymakers can better anticipate public
reactions and adjust their strategies accordingly. This approach could potentially en-
hance the precision of monetary policy and its transmission mechanisms, especially
as Al becomes more prevalent in decision-making processes across firms and house-
holds.

Recent studies have documented the rapid adoption of generative Al across vari-
ous sectors of the economy. Bick et al. (2024) find that nearly 40 percent of U.S. adults
used generative Al by August 2024, with 28 percent using it at work. This adoption
rate surpasses historical trends for technologies like personal computers and the in-
ternet. Similarly, Aldasoro et al. (2024) report that almost half of U.S. households use
generative Al tools, with usage particularly high among younger, more educated, and
higher-income individuals. However, they identify a significant “Al gender gap,” with
men more likely to use these tools than women. These findings suggest that while gen-
erative Alis being adopted rapidly, its diffusion is uneven across demographic groups.
As Al-assisted decision-making becomes more prevalent in the future, understanding
these adoption patterns and their implications for economic outcomes and inequality
will be also crucial.

The primary goals of this research are twofold: first, to shed light on the decision-
making processes of LLMs, particularly in the formation of inflation expectations by
providing them with access to different knowledge sources; second, to assess the in-
fluence of information provision treatments on the responses of LLMs. This paper
provides a detailed analysis of how Al agents process and integrate new information,
mirroring the way humans form expectations in similar contexts (Kim et al., 2024), and
incorporates a randomized experiment to examine how different information provi-
sion treatments affect their prior beliefs. By investigating the impact of various infor-
mation sources and treatments on LLMs’ inflation expectations, this study aims to un-
cover the factors that shape their decision-making processes and draw parallels with
human behavior. This approach enhances our understanding of AI’s capabilities and
limitations in the economics of expectations and behavioral macroeconomics, demon-
strating how Al can contribute to developing new methodologies in experimental eco-
nomics. The implications of this research extend beyond policy communication to the
broader landscape of Al-assisted decision-making. As LLMs are increasingly utilized
in financial forecasting, investment strategies, and risk assessment, their expectation
formation processes will influence economic activity. Understanding these processes
is vital for anticipating market behavior and developing regulatory frameworks that
ensure stability in an Al-influenced economy.



To achieve these objectives, I introduce a new experimental design utilizing custom-
built LLMs based on several variations of the GPT-4' model. Various text corpora, such
as FOMC meeting minutes, are employed to enhance the retrieval capabilities of these
custom GPTs. By incorporating these domain-specific knowledge sources, the LLMs
can generate more informed and context-aware responses to survey questions. Ad-
ditionally, this paper explores the impact of defining a persona in the prompts for Al
agents and its influence on the survey experiment results. In this context, I simulate
the full Survey of Consumer Expectations from the Federal Reserve Bank of New York,
creating agents that represent demographics such as gender, income, education, and
so on. Furthermore, I also incorporate persona attributes, such as political partisan-
ship, into the prompts to investigate how these factors affect the responses generated
by the LLMs. This analysis provides valuable insights into the role of individual char-
acteristics and biases in shaping the outputs of Al agents, highlighting the importance
of considering these factors when designing and interpreting Al-driven experiments
(Tjuatja et al., 2023). Moreover, I examine the effect of model selection on the survey
results. By comparing the performance of different LLMs and their underlying archi-
tectures, this study sheds light on how model choice impacts the accuracy, consistency,
and interpretability of the generated responses. The findings indicate substantial con-
sistency between different sessions of the experiment using the same model. However,
variations in results occur when different models are employed, particularly when the
training data or underlying architectures differ. This comparative analysis can inform
the selection of appropriate models for specific economic research questions.

Furthermore, the results demonstrate that Al respondents can reproduce data pat-
terns observed with human respondents, at least qualitatively. For example, the infla-
tion expectations generated by the Al agents closely align with those from the Survey
of Consumer Expectations among human participants. This suggests that employing
Al agents in survey experiments can augment and complement existing survey meth-
ods, providing a valuable tool for pre-testing surveys and gaining deeper insights into
expectation formation.

This paper not only contributes to the rapidly growing body of literature on the
economics of Al but also provides practical insights into the future of Al-assisted eco-
nomic forecasting and its potential impacts on policy-making and individual financial
decisions. By exploring the intersection of generative Al and inflation expectations,
this study aims to understand the potential of Al in economics research.

LGenerative Pre-trained Transformer



2 Literature Review

Recent developments in the field of Generative Al, especially in the context of
LLMs, represent a significant turning point in economics, introducing innovative tools
for research. This paper contributes to two main strands of the literature: the exper-
imental study of Al agents and LLMs in economics, and the formation of inflation
expectations. In addition to connecting these two domains as others have done (Faria-
e Castro and Leibovici, 2023; Bybee, 2023; Karger et al., 2024), this paper analyzes the
decision-making processes of LLMs by examining their retrieval capabilities and as-
sessing the impact of information treatments on Al agents in an experimental setup.
By focusing on these aspects, this study aims to provide a more comprehensive under-
standing of how LLMs integrate new information, and how their inflation expectations
are shaped by the knowledge sources they access and the information they receive.

2.1 Economics and LLMs

The introduction of LLMs, including products like ChatGPT, has significantly im-
pacted various sectors, including economics research. Recent studies have shown the
potential of LLMs in simulating complex economic scenarios and decision-making
processes (Akata et al., 2023; Heydari and Lore, 2023). Additionally, there is grow-
ing interest in understanding the broader implications of generative Al on economics
research (Charness et al., 2023; Korinek, 2023).

For instance, Horton (2023) investigates how LLMs can function as simulated eco-
nomic agents, drawing parallels to the concept of "homo economicus’ in economic theo-
ries. These LLMs, equipped with specific preferences, information, and endowments,
are tested in a variety of scenarios to examine their behavior. Inspired by classic games,
these experiments have shown that LLMs can emulate human behaviors, yielding re-
sults qualitatively similar to those of human subjects. In a related study, Brookins and
DeBacker (2023) explores the tendencies of GPT agents towards fairness and cooper-
ation. They engage GPT models in games like the dictator game and the prisoner’s
dilemma, finding that the Al often chooses strategies that prioritize fairness over op-
timal outcomes, displaying some level of human-like behavior. This line of research
goes further by suggesting a fully automated social science that could use LLMs as
scientists who could create hypotheses, design experiments, serve as subjects, and an-
alyze data (Manning et al., 2024; Batista and Ross, 2024; Tranchero et al.).

Recent studies have demonstrated significant advances in applying LLMs to macroe-
conomics. Li et al. (2023) introduce a framework using LLMs to create agents for
macroeconomic simulations, designed to exhibit human-like decision-making in com-

plex economic scenarios. Faria-e Castro and Leibovici (2023) explores LLMs’ profi-



ciency in generating inflation forecasts, showing that Google Al's PaLM can outper-
form traditional methods during 2019-2023, with lower mean-squared errors com-
pared to the Survey of Professional Forecasters. However, this approach has been
critiqued for manually limiting the Al's knowledge to predict past inflation. Simi-
larly, Bybee (2023) presents a novel approach to generating economic expectations by
applying LLMs to historical news data, closely aligning generated expectations with
existing survey measures. The limitation of these approaches lies in the manual re-
striction of LLM knowledge, typically instructing the model to consider predictions
from a specific past time point.

In contrast, recent work has explored forecasting without temporal restrictions.
Karger et al. (2024) introduce ForecastBench, a dynamic benchmark for evaluating au-
tomated forecasting systems on future events. Their findings reveal that while state-
of-the-art LLMs perform comparably to aggregated forecasts from the general pub-
lic, they still lag behind expert human forecasters in accuracy. This approach avoids
the need for artificial knowledge cutoffs when predicting future events. Additionally,
Hansen et al. (2024) simulate historical data from the Survey of Professional Forecast-
ers using both temporal restriction and unrestricted approaches, as well as with and
without synthetic personas of actual human professional forecasters. Their results
indicate differences between temporal restriction methods and show that Al agents
exhibit similar patterns to the Survey of Professional Forecasters, with specific sub-
samples demonstrating higher performance.

This study builds upon the insights provided by existing literature, exploring how
large language models integrate and apply knowledge domains to enhance their decision-
making processes. By focusing on the provision of new information, this research also
explores the process of updating beliefs, offering a deeper understanding of the black
box of LLMs. Through the selection of different models and prompts, this research
tills some gaps in the literature by demonstrating how these factors influence the con-
sistency and reliability of LLM outputs in survey experiments. Furthermore, the ex-
ploration of response consistency across multiple sessions contributes significantly to

our understanding of LLMs, offering a more robust assessment of their responses.

2.2 Inflation Expectation Formation

Inflation expectations play a crucial role in economic modeling and in shaping eco-
nomic behavior and policy. Understanding how these expectations are formed and
updated is important for both policymakers and researchers. This area of study goes
into the psychological and informational aspects of how people and firms understand
and predict future inflation. Inflation expectations are a particularly suitable candidate

for study using survey experiments with LLMs for several reasons. First, measuring



and influencing inflation expectations is challenging due to their complex formation
process and heterogeneity across economic agents (Coibion et al., 2020a; Weber et al.,
2022). Second, inflation expectations have far-reaching consequences for economic
decisions, such as consumption, investment, and wage setting, making them critically
important (Coibion et al., 2020b). Third, central banks increasingly recognize the im-
portance of inflation expectations for the conduct of monetary policy (Coibion et al.,
2020a; Pfajfar and Zakelj, 2018). By employing LLM:s to analyze vast amounts of eco-
nomic data and simulate the formation of inflation expectations, we can gain valuable
insights into the LLMs and potentially enhance our ability to predict and manage these
expectations.

Recent research has shown the complex processes involved in the formation of in-
flation expectations, highlighting the value of surveys (D’Acunto et al., 2024; D" Acunto
and Weber, 2024; Burke and Ozdagli, 2023). In this line, Candia et al. (2020) examines
how households form their expectations and how these expectations influence their
decisions. Their findings suggest that inflation expectations can drive changes in con-
sumer spending and firm price-setting behavior even in the absence of actual changes
in inflation, highlighting the role of subjective beliefs and information frictions in shap-
ing economic outcomes. D’Acunto et al. (2021) provide further evidence on the forma-
tion of consumer inflation expectations, showing that the prices of frequently pur-
chased grocery items have a disproportionate influence on households’ expectations.
This leads to potential biases and excessive sensitivity to transitory price fluctuations,
underscoring the role of personal consumption experiences and the salience of specific
prices in shaping inflation beliefs.

The subjective nature of inflation expectations, as discussed by Weber et al. (2022)
and Weber (2022), points to a consistent upward bias and strong influence from prices
of specific goods. Weber et al. (2022) show that households’ inflation expectations are
systematically higher than actual inflation, with the bias being more pronounced for
low-income and less-educated households. They attribute this finding to the salience
of price changes for frequently purchased items and the role of personal experiences in
shaping beliefs. As shown in Section 4.1, LLMs also exhibit higher expectations than
actual inflation.

Coibion et al. (2023) explore the effectiveness of forward guidance in managing in-
flation expectations, finding that households respond more to short-term interest rate
information than to long-term policy goals. This indicates that central banks might
need to tailor their communication strategies to better anchor expectations and im-
prove policy effectiveness. These results highlight the importance of carefully design-
ing central bank communications to effectively manage public inflation expectations,
considering the diverse ways in which different economic agents interpret and react

to inflation-related information.



Additionally, the link between public perceptions of inflation and the use of large
language models opens new paths for research. Studies like Stantcheva (2024); Binetti
et al. (2024); Afrouzi et al. (2023, 2024) show that people’s views on inflation often
diverge from the economic indicators and goals set by central banks. These insights
reveal how personal experiences and socioeconomic status shape how people perceive
and respond to inflation. As explored by Jiang et al. (2024), the inconsistent effects of
inflation expectations across demographic groups and their relationship with spend-
ing behavior illustrate the complex dynamics of household inflation expectations that
LLMs need to capture. By using LLMs to analyze vast amounts of text data and model
these perceptions, this research aims to uncover the complex patterns of how people
form their views on inflation.

As evidenced by the current literature, the intersection of LLMs and inflation ex-
pectation formation presents a promising avenue for future research. The complex
nature of inflation expectations, their importance for the economy, and the challenges
in measuring and managing them make this an ideal area for applying new methods
such as using LLMs. In this domain, this study contributes to expanding the under-
standing of how Al-driven models, particularly LLMs, can enhance the prediction and
analysis of inflation expectations. By integrating LLMs with a survey experiment, this
paper aims to show how these models process information, form expectations, and
make decisions related to inflation. Furthermore, I explore how the outputs of these
Al models compare to and potentially influence the expectations and decisions of hu-
man subjects. This approach can offer valuable insights into the complex dynamics of
inflation expectation formation and contribute to the development of more effective
policy tools for managing these expectations.

3 Experimental Design

In this experiment, I conducted surveys using different variations of GPT-4* via
the Assistants APL® The aim was to assess the influence of different knowledge do-
mains on inflation expectation formation and to observe the impact of information
treatments. This experiment consists of two phases: the first phase aims to understand
the impact of knowledge sources, and the second examines the impact of information
provision treatments on Al agents.

As shown in Table 1, I categorized the knowledge domains into six distinct types:
(1) no retrieval (N), which does not provide any additional knowledge beyond the
pre-trained GPT-4 data; (2) placebo (W), using general information from Wikipedia

2Full details on the implementation are provided in Appendix A.1.
30OpenAl'’s Assistants API allows us to create specialized GPTs with different capabilities, including
document retrieval.



texts as a baseline; (3) economic reports of the president (E), providing a broad view
of the US economic status; (4) FOMC minutes from 2018 (M0) and (5) FOMC minutes
from 2023 (M1), to compare the difference between old and recent monetary policy
status; and (6) FOMC minutes from 2020 to 2023 (M2), offering a wider range of data
on monetary policy. This structure allows me to analyze the impact of varying types
of economic knowledge on agents” expectations.

Table 1: Knowledge Domains in Survey Experiment
Code Description

N No Retrieval
w Placebo (Wikipedia Texts)
E Economic Reports of the President

MO FOMC Minutes (only 2018)

M1 FOMC Minutes (only 2023)

M2 FOMC Minutes (2020-2023)
Note: This experiment evaluates the impact of different information retrieval contexts. It con-
trasts no retrieval with retrieval, non-economic with economic texts, and texts on monetary
policy versus broader economic content. It also examines the influence of the historical con-
text window.

The survey on LLMs works similarly to an actual survey with humans, as shown in
Figure 1. For the first phase of the experiment, I utilize Retrieval-Augmented Genera-
tion (RAG). This approach enhances the language model’s responses with knowledge
retrieved from external sources during the survey. This process allows the model to
access and incorporate relevant data beyond its initial training set, leading to more in-
formed and accurate responses. Unlike fine-tuning, which adjusts a model’s internal
parameters to improve performance on a specific task, RAG actively pulls in exter-
nal data to better answer questions, providing a significant advantage in keeping the
model’s responses up-to-date and reliable. The RAG process can be shown as follows
(Gao et al., 2023):

plely) = > plzly.2)-p(zly) (1)
z€E€Retrieve(y)

where y is the input, z is the output, and z is the retrieved information from the ex-
ternal knowledge source. This expression shows how RAG combines the likelihood of
generating x given the input y and the retrieved information z, weighted by the prob-
ability of retrieving z given y. As shown in Figure 1, RAG operates with two prompts
instead of one. The first prompt instructs the LLM on how to retrieve information,

while the second prompt is the main question.
In the first phase, I only ask the initial three questions to Al agents to elicit their ini-
tial expectations and observe the impact of knowledge sources. In the second phase,

I use only the no-retrieval assistant and run the full experiment as shown in Figure 2.
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Main Prompt

API Calls :
(Each !
Query) !

What do you expect the rate of
inflation to be over the next 12
months?

Figure 1: An illustration of how RAG works
Note: This diagram shows a survey experiment for Al agents, which is very similar to the

structure of a traditional survey. The system prompt serves a similar role to survey instruc-
tions, the main prompts are the questions, and the RAG prompt resembles the thought process
that, while typically implicit in human surveys, is explicitly requested from the Al to utilize the
provided context in generating responses. All the prompts used in this survey are provided in
Appendix A.2.

The choice of the no-retrieval assistant for this phase allows us to isolate the effects of
information treatments and persona attributes without the confounding influence of
external knowledge sources. This setup closely mimics real-world scenarios where in-
dividuals typically rely on their existing knowledge and personal characteristics when
forming inflation expectations. Additionally, using the no-retrieval assistant enables a
more direct comparison with traditional survey methods, as it represents the baseline
capabilities of the LLM without augmentation. Further, in real-world applications, in-
dividuals mostly use the no-retrieval LLMs. After asking about their prior beliefs, the
Al agents were randomly assigned to one of six groups. The first group acted as a con-
trol, receiving no additional information, while the remaining five groups were each
provided with additional information as new context to consider for their subsequent
questions. This design enables me to examine how specific information treatments
might influence the AI agents’ prior beliefs.

For the information treatments, I employ two distinct experimental approaches
in my design. The first involves simulating the Survey of Consumer Expectations,
utilizing its microdata comprising 6,528 observations*. I conducted the experiment
twice: once without incorporating personas, and once with synthetic personas. This
approach allows for a comprehensive examination of how different information treat-
ments influence inflation expectations, both with and without the context of individ-

ual characteristics. The use of synthetic personas is increasingly recognized as a valu-

4This is the total number of unique participants after 2020 in the survey panel. It maintains the same
demographic composition as the SCE, with the shares of each category consistent with the original
survey (see Table A.17 and Armantier et al. (2017)).
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_____________________________________________________________________

Initial Questions
(Pre-Treatment)

Randomized into Groups
(Treatment)

Follow-up Questions
(Post-Treatment)

Q1
Last 12 month
Point Prediction
Q2
Next 12 month
Probability Distribution

Q3
Longer-run
Probability Distribution

Q1
Next 12 month
Point Prediction

Q2
Longer-run
Point Prediction

T1: Control Group

T2: Placebo Group

T3: Current FFR Rate

T4: Current Inflation

T5: Current Infla-
tion + Longer Run

T6: Current Fixed-
Rate 30-Year Mortgage

Figure 2: An Overview of the Survey Experiment Design

able tool in experiments with Al models, offering a way to simulate diverse individ-
ual characteristics while maintaining control over experimental conditions (Liu et al.,
2024). By defining key traits, such as age or income, synthetic personas enable us to
explore how these factors influence responses in a more controlled setting (Kwok et al.,
2024). This method enhances the realism of the experiment and provides insights into
how personal attributes may shape inflation expectations.

I also utilized both point predictions and probability distribution (density forecast)
questions because point predictions provide a clear measure of the most likely out-
come but often fail to capture the uncertainty about future conditions. Probability
distribution questions overcome this by allowing respondents to express uncertainty
across a range of outcomes, showing both the central tendency and the associated un-
certainty (Manski, 2018; Haaland et al., 2023). This method is crucial for capturing the
full range of respondents” expectations in economic surveys (Boctor et al., 2024). This
approach is also incorporated into my survey with Al agents, allowing us to compare
how Al agents respond to these questions.

For example, in the information provision experiment, as can be seen in Table 2, in
the main prompt, the Al agents in the persona-based condition receive both the per-
sona prompt and the general prompt on how to answer the questions. If it is in the
no-persona condition, it receives only the general instruction. Then, after answering
the first set of questions to elicit their prior beliefs, the Al agents randomly receive ad-
ditional information from one of the treatments. For example, one group is informed
about the current Federal Funds Rate set by the Federal Reserve, while another re-
ceives detailed information on both current inflation and future forecasts. After that, I

asked each subject in each group the post-treatment questions to investigate how the
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Table 2: Flow of the Survey Experiment

Stage Prompt

Persona-based: You are a {Age}-year-old {Gender} who
is {Marital} with an education level of a {Education} de-
gree and an income category of {Income}. You reside in
{STATE}.

1. Main Prompts

General: These are questions about inflation expectations
and the perception of inflation, not inflation prediction. Do
not answer nothing. You must ensure responses are solely
numerical and formatted accordingly:

- For point estimates: [__%]

- For distribution estimates: [___%, - %, - %, %, --_%,
o, Yo, Yo, —— %, Y]

2. Pre-Treatment Question Q2_I: ”In this question, you will be asked about the proba-
bility (PERCENT CHANCE) of something happening. The
percent chance must be a number between 0 and 100 and
the sum of your answers must add up to 100. (Full Ques-
tion: Table A.13 of Appendix A.3)”

3. Information Provision “The interest rate set by the Federal Reserve, known as the
Federal Funds Rate, is currently at 5.25%.”

4. Post-Treatment Question =~ “What do you expect the rate of inflation to be over the next
12 months? Please give your best guess. Over the next 12
months, I expect the rate of inflation to be ____ %.”

Note: For persona-based experiments, the survey combines the specific persona instructions
with general query and the questions, while for the non-persona experiments, only the general
instructions and main questions are used. Each query in the experiment is in a different unique
thread and is independent.

provided information influenced their prior beliefs. This experimental design helps to
determine not only the direct effects of specific economic data on expectations but also
how varying types of information shape agents’ changes in belief. To ensure that each
Al agent keeps the memory of previous steps and the specific treatment assigned, al-
though the final prompts were designed to elicit strictly numerical answers, I relaxed
this strictness to test if they kept the memory of the previous sequence.’

4 Results

4.1 Preliminary Observations

As mentioned in the previous section, this experiment was implemented in two
phases. The first phase, referred to as the no-information treatment, involved 600
subjects across six types of assistants. In this phase, three main questions were asked to
assess Al agents’ inflation expectations without any information provision. However,

each type of assistant was associated with one of the knowledge sources previously

>Some of the written explanations for this test is provided in Table A 4.

13



mentioned. The questions included the perceived inflation rate for the past 12 months
as a point prediction, the expected inflation density forecast (probability distribution)
for the upcoming 12 months, and the density forecast for the period between two and
three years into the future.

Table 3 presents the summary statistics of this phase. For question 1, I report the
point predictions. For questions 2 and 3, I used the midpoint formula to calculate the
mean. While many studies account for both with and without deflation responses in
the calculations, the amount that was assigned to deflation by Al agents in my survey

was negligible and both approaches are almost the same.®

Table 3: Summary Statistics for Phase 1 (No Information Treatment)

. Past Inflation 1 Year Ahead 3 Years Ahead
Assistant
(Obs.) min max mean std min max mean std min max mean std
N (100) 2 3.5 243 026 324 75 5.31 1 2.49 7.3 468 1.08
W (100) 0 1158 2.72 24 094 14 596 227 1.7 14 517 192
E (100) 0 7.1 301 129 -1 14 493 22 225 11 484 198

MO (100) 1.7 3.6 207 021 1.08 14 4.36 1.9 1.2 1012 454 18
M1 (100) 2 8 3.85 1.1 1 14 4.67 237 1.09 14 455 223
M2 (100) 1.7 685 386 086 155 8 4.72 1.5 132 1166 497 18

All (600) 0 1158 299 140 -1 14 4.99 2 225 14 479 184

Figure 3 shows the distribution of expectations reported by Al agents, compared to
the actual observed US inflation of 3.48% at the time of the experiment. The gray bars
show the distribution of responses from the Survey of Consumer Expectations with
human subjects. The red bars reflect short-run expectations of Al agents, with a mean
of 4.99%, and the gray bars show long-run expectations of Al agents, averaging 4.80%.
This indicates that while the distributions are similar, the Al agents’ expectations are
more concentrated around the mean, suggesting less variance in their inflation expec-
tations compared to human respondents.

Figure 4 shows the inflation expectations from different assistants, categorized into
past inflation (black), short-term inflation (gray), and long-term inflation (red). The
perceptions differ across assistants. For instance, Assistant M2, who had access to the
last four years of minutes, showed more consistent predictions. Interestingly, Assistant
N, which had no additional knowledge, also provided precise answers. This suggests
that while additional information can enhance prediction accuracy and reliability, it
may also introduce greater variability in responses, acting as a double-edged sword.

We can also compare the inflation expectations from Al agents with other well-

®In the Survey of Consumer Expectations, the median is usually reported instead of the mean due
to the presence of outliers. In this experiment, the absence of significant outliers can be attributed to
two factors: firstly, Al agents may follow the instructions more strictly, and secondly, their underlying
pre-trained models and data may have a more robust knowledge base about the notion and possibility
of deflation.
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Figure 3: Distribution of responses for human and Al respondents
Note: Data from SCE is trimmed from -10 to 30 as there are many outliers outside this range.
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Figure 4: Inflation Expectations in Different Horizon by Assistant
Note: The right side displays inflation expectations from the SCE, showing the 25th, median, and 75th
percentiles for comparison. Assistant M2 shows greater comparability, potentially due to broader data
access, while Assistant N, without additional retrieval capability, exhibits less variation.

known economic surveys such as the Survey of Professional Forecasters (SPF). Table 4
presents both the mean and median inflation expectations over various time periods,

allowing for a comparison between Al and human forecasts.

15



Table 4: Comparison with SCE and SPF
1 Year Ahead N W E MO0 M1 M2 All |SCE SPF
Mean 534 599 5.07 441 467 472 503|538 3.8
Median 53 6.06 502 443 438 476 5 | 326 3.8

2-3 Years Ahead | N W E MO M1 M2 All | SCE SPF*
Mean 484 52 492 457 458 499 485|280 25

Median 462 505 475 45 44 5 47 | 276 26
Note: SURVEY OF PROFESSIONAL FORECASTERS (SPF) 1S FROM THE SECOND QUARTER

2024 REPORT AND SURVEY OF CONSUMER EXPECTATIONS (SCE) IS FROM APRIL 2024.
* 5 Year Forecast

4.2 Using Personas in Prompt

Recent studies has increasingly highlighted the significance of personas in simu-
lating human-like behavior with large language models (Horton, 2023; Chen et al.,
2024; Hu and Collier, 2024). Many studies have employed persona prompting to cre-
ate Al agents with specific personality traits, backgrounds, and characteristics, gen-
erating more realistic and nuanced behaviors. While concerns exist about whether
inflation expectations or other survey responses generated by LLMs accurately reflect
real-world phenomena, recent studies by Fedyk et al. (2024) and Kazinnik (2023) sug-
gest that LLMs can effectively mimic complex human behaviors in financial contexts.
These findings support the view that, with appropriate setup, LLMs can provide valu-
able insights into human decision-making processes.

To explore the potential of using personas in this study, before conducting phase
2 and the full information treatment experiments on all agents, I compared inflation
expectations across different agent types. This preliminary analysis included agents
with no persona, agents living in Texas (a predominantly “red” state) or California (a
predominantly “blue” state), and agents identified as Republican or Democrat. The
aim was twofold: to justify the potential use of personas and demographic character-
istics in prompts, and to test the hypothesis that LLMs have a robust understanding
of underlying beliefs associated with different characteristics.

This approach is based on the idea that assigning specific attributes to an Al agent
can yield different responses. For instance, studies have shown that when tackling
complex questions, prompting an Al agent to consider itself as an expert can poten-
tially lead to more accurate and insightful responses compared to using no such at-
tribute (Samuel et al., 2024). Applying this concept here, I compared inflation expecta-
tions across these varied agent types. This configuration allowed for an examination
of how state residency and political affiliation might influence inflation expectations,
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with each added aspect facilitating comparison to the baseline no-persona condition.

As shown in Figure 5, the Republican persona consistently demonstrates higher
inflation predictions than other groups, particularly in mean values for both short-
run and long-run point predictions. This illustrates how political affiliation influences
the Al’s responses. The Democrat persona, while slightly different, often aligns more
closely with the no-persona expectations, especially in short-run predictions. Interest-
ingly, the Texas and California personas show distinct patterns, with Texas generally
aligning closer to Republican expectations and California closer to Democrat expec-
tations, reflecting the political leanings of these states. The distributions also reveal
that political partisanship had a much stronger effect on agents” inflation expectations
compared to their state of residence, especially in point predictions. For probabil-
ity distribution questions, we observe that agents assigned probabilities across bins
more uniformly, with less variation by political persona. However, for point prediction
questions, the Republican agent expressed significantly higher inflation expectations
than others, particularly in the long run.

These findings closely mirror the inflation expectation differences by political af-
tiliation found in recent survey work with human subjects by Binetti et al. (2024),
Stantcheva (2024), and Binder et al. (2024). The similarities between LLM and human
responses may be the result of the models’ training on diverse human-generated con-
tent, including economic discussions and news. However, differences could arise from
the LLMs’ lack of personal economic experiences or biases present in their training
data. This demonstrates the potential for using persona attributes derived from real-
world human data to generate realistic variation in LLM experiments. Moreover, the
influence of political affiliation on inflation expectations also depends on which party
is in power; subjects tend to expect higher inflation when the opposing party holds
the presidency, a pattern that seems to be captured in our Al-generated responses as
well.

To further validate these results, I do a comparison with data from the Survey of
Consumer Expectations. The data in Table 5 shows a big difference in inflation expec-
tations between California (a proxy for being Democrat and residing in a “blue” state)
and Texas (a proxy for being Republican and residing in a “red” state), with Texas
consistently showing higher expectations for both short-term (1 year ahead) and long-
term (3 years ahead) horizons. This aligns with my results, where the Texas/Republican
persona generally exhibited higher inflation expectations compared to the Califor-
nia/Democrat persona.

These comparisons between Al experiment results and the Survey of Consumer
Expectations data provide compelling evidence that LLM agents with carefully crafted
personas can generate inflation expectations that reflect real-world patterns. While
there are certainly differences and limitations, the overall trends and relative positions
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Figure 5: Inflation expectations by persona attributes

Note: This figure shows the inflation expectation outputs of Al agents with different political persona
attributes, including no persona, Republican, Democrat, living in Texas, and living in California. The
top row shows the density plots for the short-run (left) and long-run (right) point prediction questions.
The bottom row shows the distribution of probability distribution questions for the short-run (left)
and long-run (right). The Republican agent consistently expresses higher inflation expectations in the
point prediction questions compared to the other agents. For the probability distribution questions,
the agents tend to assign probabilities more uniformly across the inflation bins, with less variation by
political persona. The total number of observations is 200 (40 for each category).

of different groups (e.g., Republican vs. Democrat, Texas vs. California) are largely
consistent between the simulated data and actual survey responses. This opens up
new possibilities for using LLM-based experiments to explore economic expectations

and decision-making processes.
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Table 5: Statistics Summary of Subjects in SCE (Point Prediction)

State Metric Mean Std Median
CA 1 Year Ahead 5.39 13.25 4.50
CA 3 Year Ahead 212 13.37 3.00
TX 1 Year Ahead 954 1542 5.50

X 3 Year Ahead 6.06 16.77 4.00
Note: Based on the available microdata, this table represents the average of the aggregated
data for Texas and California from January 2023 to September 2023 of the Survey of Consumer
Expectations.

5 Information Provision Treatments

In the second phase of the experiment, I investigate how specific information treat-
ments influence the inflation expectations of Al agents, both with and without as-
signed personas. This phase focuses solely on the no-retrieval assistant (Assistant
N) and involves a sample of 6,528 Al agents for each condition—one with personas
based on the Survey of Consumer Expectations demographic data, and one without
any persona attributes. As already mentioned, this design allows for a comprehensive
analysis of how personal characteristics and information treatments interact to affect
the expectation formation of Al agents. By comparing the impact of information pro-
vision treatments on Al and human respondents, we can shed light on whether LLMs
can complement experiments involving human participants.

The results show that across almost all groups, there is a decrease in expected in-
flation following the provision of information treatments. This trend suggests that Al
agents, much like human subjects in studies conducted by Coibion et al. (2023) and
Coibion et al. (2020b), effectively integrate new information, leading to a revision of
their initial expectations.” A particularly interesting observation is that, due to the
nature of LLMs closely following the text input they receive, they demonstrate an ex-
ceptional ability to follow forward guidance. This consistency indicates that Al agents
exhibit an almost perfect adherence to forward guidance and long-term predictions
when provided with such information, highlighting a key characteristic of how LLMs
process and respond to explicit numerical forecasts.®

Table 6 presents the changes in short-run (ASR) and long-run (ALR) inflation ex-
pectations across different treatments for both persona-based and non-persona exper-
iments as well as the average treatment effects. In both setups, the prior expectations
are relatively consistent across treatments. However, the posterior expectations ex-
hibit greater variation, indicating that the treatments have a significant impact on how
expectations are updated. The changes appear more pronounced in the persona-based

experiments, suggesting that the inclusion of personal characteristics may lead to more

"This could also be because of point prediction vs probability distribution questions.
8Full summary statistics of this wave are provided in Appendix A.6.
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nuanced processing of new information. This indicates that Al agents with assigned
personas might be more sensitive to information treatments, possibly reflecting the

heterogeneity seen in human subjects due to demographic factors.

Table 6: Impact of Information Treatments on Inflation Expectations

With Persona No Persona
Treatment ASR ATESR ASR ATESR
T1: Control Group 0.22 0.19
T2: Placebo Group -072 -094 -039  -0.58
T3: Current FFR Rate -0.84 -1.06 -0.49 -0.68
T4: Current Inflation -0.77 -0.98 -0.16 -0.35
T5: Current Inflation + Longer Run 079  -101  -1.09 -1.27
T6: Current Fixed-Rate 30-Year Mortgage -0.11 -0.32 0.01 -0.18

With Persona No Persona
Treatment ALR ATELR ALR ATELR
T1: Control Group -1.49 -1.66
T2: Placebo Group -2.03 -0.54 -1.71 -0.05
T3: Current FFR Rate -2.17 -0.69 -1.83 -0.17
T4: Current Inflation -1.72 -0.24 -1.59 0.06
T5: Current Inflation + Longer Run -2.66 -1.17 -2.68 -1.03

Té: Current Fixed-Rate 30-Year Mortgage -1.13 0.35 -1.41 0.25

Note: This table represents mean changes in Short Run (SR) and Long Run (LR) inflation expectations.
A indicates change from prior to posterior; ATE is the Average Treatment Effect calculated as ATE =
E[(AYireatment — AYcontro1)]- The ATE for all variables is statistically significant at the 1% level.

5.1 Empirical Model

To empirically assess the impact of information treatments on Al agents” inflation
expectations, I follow the specification used by Coibion et al. (2018, 2023), which cap-
tures how new information influences expectation formation. This model allows us
to measure the influence of information interventions, as shown in experiments con-

ducted by Armantier et al. (2016). The empirical model is formulated as follows:

6 6
E;mPot = a+0Ej7rPre+Z BkTreatmentg-k)—i—Z Vi (Treatmentg-k)ijPre> +W, ¥+, (2)
k=2 k=2

where E;7P°" and E;7P™ represent the Al agent j’s inflation expectations after and be-

fore receiving the treatment, respectively. Treatment&k)

is a dummy variable indicating
whether Al agent j was subjected to treatment £ (with £ = 2,...,6), where treatment
1 serves as the control group. The coefficients (5, and 7, measure the level and inter-
action effects of the treatments on the expectations, respectively, relative to the control
group. The vector W ; includes control variables relevant to each agent, and ¥ denotes

the parameters associated with these controls.
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In line with Bayesian updating, agents revise their expectations by combining their
prior beliefs with new information, as highlighted by Baley and Veldkamp (2023) and
Coibion et al. (2018). The updated (posterior) expectation can be expressed as:

B = (1 — k) B + 1 S, 3)

where k;, € [0, 1] represents the weight placed on the new information from treatment
k, and S™® is the signal provided by treatment k.

By rearranging Equation (1) for agents in the control group (kK = 1) and those who
receive treatment (k > 1), and assuming W ; = 0 for simplicity, we have:

For the control group (k = 1):

Ejﬂ'pOSt = a+€Ej7Tpre+€j. (4)
For treatment groups (k > 1):
E;mP®t = (a4 Br) + (0 + ) E;7P™ + €. 5)

Comparing these with the Bayesian updating formula, we can interpret:
For the control group:

9 = (1 - "il)a (6)
a =k SV, (7)
For treatment groups:
0+ v = (1= k), (8)
o+ ﬁk = likS(k). (9)

The coefficient v thus captures how the weight on the prior expectation changes
in response to treatment k relative to the control group. A negative ~; implies that
agents in treatment group £ place less weight on their prior beliefs and more weight on
the new information compared to the control group. This is consistent with Bayesian
updating, where agents adjust their expectations more significantly when the new
information diverges from their prior beliefs.

Specifically, a negative 7, indicates that for agents in treatment group £, the higher
the prior expectation E;7P™, the larger the adjustment in the posterior expectation
E;mP°" in response to the treatment, compared to the control group. This reflects the
notion that agents with more extreme prior beliefs revise their expectations more upon

receiving informative signals (Armantier et al., 2016).
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Therefore, in the context of Equation (2), negative ~; coefficients suggest that the
information treatments effectively lead agents to revise their expectations away from
their priors, with more informative treatments resulting in larger absolute values of
vk~ This aligns with Bayesian updating principles and indicates that the treatments are
impactful in shaping agents’” inflation expectations (Coibion et al., 2018, 2023). The f
coefficients capture the level effect of the treatments, representing the average shift in
expectations in response to the information provided in each treatment group relative
to the control group.

This empirical model helps us understand how Al agents integrate new informa-
tion with their pre-existing beliefs, quantifying the adjustments made in their inflation
expectations in response to different types of information treatments compared to a
control group. The model is applied to both persona-based and non-persona exper-
iments, allowing for a comprehensive analysis of how personal characteristics and

information treatments interact to affect expectation formation in Al agents.

5.2 Analysis

To evaluate the effects of the information treatments, I estimate Equation (2) sep-
arately for the persona-based and non-persona experiments. Table 7 presents the re-
gression results for both short-run (1 year ahead) and long-run (3 years ahead) infla-
tion expectations. The coefficients 6sr and 0, represent the weight placed on prior
expectations for the control group. The significant and positive values of these coeffi-
cients in both experiments indicate substantial persistence in expectations, consistent
with adaptive expectations models.

The consistently negative and significant 7 coefficients suggest that the informa-
tion treatments lead Al agents to adjust their expectations away from their priors,
with more informative treatments having a larger impact. This pattern is consistent
with a form of Bayesian updating, where new information causes agents to revise
their prior beliefs, similar to findings by Armantier et al. (2016); Huber et al. (2023),
who demonstrate that different information treatments impact inflation expectations
across demographics. For instance, in the short-run expectations, Treatment 5 (Current
Inflation + Longer Run) has the largest negative 3 coefficient (-0.5122 with persona
and -0.8507 without persona), indicating that providing forward-looking information
significantly influences expectation formation. This finding aligns with some studies
on human subjects which show that forward guidance on interest rates can influence
inflation expectations (Coibion et al., 2022). However, it's important to note that the
literature has mixed results on the effectiveness of forward guidance, with its impact
often depending on the type of information provided and how it is communicated
(D’Acunto et al., 2022).
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Comparing the results between the persona-based and non-persona experiments
reveals some differences in treatment impacts. The 3 coefficients are generally larger
in absolute terms for the no-persona condition, particularly for short-run expectations.
However, the «y coefficients are often more negative in the persona-based experiment,
especially for short-run expectations. This suggests that incorporating personas may
lead to more sophisticated processing of information, resulting in a greater adjustment
of expectations when new information interacts with prior beliefs. This observation
supports recent findings that personal characteristics and demographic contexts shape
how individuals interpret and respond to economic information (Weber et al., 2022).

Table 7: Regression Results for Persona and No Persona

E[r] 1 Year Ahead (SR) E[n] 3 Years Ahead (LR)
With Persona No Persona With Persona No Persona
Intercept (Control Group) 3.9104*** 3.3349%** 3.0439*** 2.5756%**
(0.067) (0.042) (0.063) (0.055)
0sr (Control Group) 0.2112%** 0.1599*** - -
(0.012) (0.013)
01 r (Control Group) - - 0.1539*** 0.1254%**
(0.010) (0.012)
Relative to Control:
Population Growth (/33) -0.2056*** -0.1743*** 0.2048*** 0.3408***
(0.076) (0.059) (0.071) (0.067)
Current FFR (83) -0.3382*** -0.1817*** -0.0444 0.1277*
(0.069) (0.054) (0.068) (0.075)
Current Inflation (34) -0.1236* -0.0156 0.4381*** 0.5804***
(0.066) (0.058) (0.083) (0.073)
Current + Inflation Prediction (85) -0.5122%** -0.8507*** -0.8385*** -0.4707***
(0.069) (0.061) (0.069) (0.061)
Mortgage Rate (85) -0.0009 0.2428*** 0.5451*** 0.7183***
(0.081) (0.053) (0.088) (0.080)
Yo -0.1411%* -0.1337*** -0.1263*** -0.1022%**
(0.015) (0.016) (0.013) (0.014)
3 -0.1661*** -0.1494*** -0.1347*** -0.0864***
(0.014) (0.015) (0.012) (0.016)
Y4 -0.1974%** -0.1177%** -0.1412%** -0.1328***
(0.013) (0.016) (0.015) (0.015)
5 -0.1620*** -0.1090*** -0.1261*** -0.1245%**
(0.014) (0.017) (0.012) (0.013)
Y6 -0.1381*** -0.1320*** -0.1058*** -0.1149***
(0.016) (0.015) (0.016) (0.016)
R-squared 0.368 0.368 0.414 0.420
Observations 6,528 6,402 6,528 6,402

Note: 1 also estimated the Huber regression. As there are not many outliers the results are almost the
same. Robust standard errors are in parentheses. ** p<0.01, ** p<0.05, * p<0.1

Figure 6 visualizes the estimated coefficients from the regression models, compar-
ing Al agent responses with human survey data. This figure illustrates the distinct im-
pacts of each information treatment on short-run (1 year ahead) and long-run (3 years
ahead) inflation expectations across both persona-based and non-persona Al agents,
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as well as human respondents. It can be seen while both persona and non-persona Al
agents exhibit similar patterns of response to the treatments, the magnitude of these ef-
fects often differs. For instance, Treatment 5 (Current + Inflation Prediction) exerts the
most substantial negative effect on Al agents” expectations, especially in the short run,
underscoring the influence of forward guidance on inflation expectations—a finding
consistent with some of the existing literature on human responses to similar guidance
(D’Acunto et al., 2021).

Interestingly, the mortgage rate information (Treatment 6) has a positive effect on
inflation expectations among Al agents, contrasting with a negative effect observed in
human survey data (Coibion et al., 2023). This difference could reflect distinct interpre-
tative processes between Al agents and human respondents when assessing inflation-
related information. Furthermore, while human survey responses often show larger
changes in response to treatments—particularly with current Federal Funds Rate (FFR)
and inflation information—the AI control group displays a baseline positive effect (9),

whereas human respondents in the control group tend toward negative expectations.

Short-Run Inflation Expectations (1 Year Ahead) Long-Run Inflation Expectations (3 Years Ahead)
Y_6- AR A Human Survey | AR A Human Survey
5 _— 4 with Persona _— r4  with Persona
Y2 - b4 No Persona = No Persona
y_4- A B — A B
Y_3- AW q A B
Y_2- a8 1 2
B_6 - Mortgage Rate Hats 1 s
B_5 - Current + Inflation Prediction{ el i A 1 el A
B_4 - Current Inflation q loj=a 1 Y
B_3 - Current FFR A Ielisi A b ol A
B_2 - Population Growth A loimh b otk
0 - Control Group ® A 1 ® A
Intercept - A e A L |
71‘ 0 70‘ 5 0.0 0:5 l:O l.‘S 2.‘0 2.‘5 3.‘0 71‘ 0 76 5 0.0 0:5 l:l) l.‘S 2.‘0 2.‘5 3.‘0
Coefficient Value Coefficient Value

Figure 6: Estimated Coefficients from Regression Models

The differences between Al and human responses highlight important consider-
ations for using LLMs in economic research. Al agents show more consistent and
predictable reactions to information treatments, potentially due to their lack of per-
sonal biases or experiences. However, this consistency may overlook the nuanced
and sometimes irrational ways humans process economic information (Coibion et al.,
2022; Weber et al., 2022). It’s crucial to remember that LLMs, as transformer-based
models, are fundamentally designed to predict the next most likely word or sequence
based on patterns in their training data, rather than truly reasoning about economic
concepts (Brown et al., 2020).
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The integration of reinforcement learning from human feedback (RLHF) in LLM
training represents a significant advancement in aligning Al behavior with human
preferences and decision-making patterns (Ouyang et al., 2022). This approach could
potentially bridge the gap between Al consistency and human nuance in economic
reasoning, allowing LLMs to better capture the complexities of human economic decision-
making (Bai et al., 2022). However, it also raises questions about whose feedback is
incorporated and how this might influence the model’s economic perspectives.

The primary motivation for this paper’s experiments lies in the growing impor-
tance of Al-assisted decision making across various economic domains (Korinek, 2023;
Chang et al., 2024). As Al systems increasingly influence financial markets, policy
analysis, and individual economic choices, it becomes critical to understand their un-
derlying mechanisms and how they interpret economic information. This understand-
ing is essential for predicting how AI might shape market dynamics, influence policy
effectiveness, and interact with human decision-makers in mixed human-AIl economic
environments (Fedyk et al., 2024; Zhu et al., 2024).

While LLMs’ strong responsiveness to clear signals makes them highly adaptable,
it may lead to overestimating the effectiveness of certain policy communications in
real-world scenarios. The incorporation of RLHF could potentially mitigate this by
introducing more human-like variability and context-sensitivity in responses (Chris-
tiano et al., 2017). However, these differences still underscore the need for careful
calibration when using Al models to predict or simulate human economic behavior,
especially as we move towards a future where Al plays a more significant role in eco-

nomic decision-making processes (Korinek, 2024; Acemoglu, 2024).

5.3 Demographics and AI Agents’ Expectations

The demographic variables in the persona-based experiments (Table 8) show some
interesting patterns. Higher education levels are associated with lower inflation ex-
pectations, while older age groups tend to have higher expectations. These patterns
mirror some findings in human survey data (Huber et al., 2023; D" Acunto et al., 2022),
suggesting that the Al agents are capturing realistic demographic influences on expec-
tation formation.

These findings have important implications for both the development of Al models
in forecasting and the design of effective communication strategies for central banks
and policymakers. They suggest that Al agents, particularly those with assigned per-
sonas, can serve as valuable tools for simulating and predicting the impacts of various
information dissemination strategies on public inflation expectations. However, the
differences between Al and human responses highlight the need for careful calibra-

tion and interpretation when using Al models to predict human economic behavior.
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E[rn] 1 Year Ahead E[r] 3 Years Ahead

With Persona  No Persona  With Persona  No Persona

Intercept (Control Group) 3.9104*** - 3.0439%** -
(0.067) (0.063)
Demographic Variables:
Age Group: 18-30 - -
Age Group: 31-40 0.0051 0.0409
(0.030) (0.029)
Age Group: 41-50 -0.0252 0.0517%
(0.030) (0.029)
Age Group: 51-60 0.0213 0.0424
(0.031) (0.029)
Age Group: 60+ 0.0681** 0.1302%**
(0.029) (0.028)
Gender: Male 0.0140 0.0103
(0.016) (0.016)
Education: College - -
Education: High School 0.2144*** 0.2113***
(0.025) (0.028)
Education: Some College 0.1709*** 0.0966***
(0.018) (0.019)
Income: Under 50k - -
Income: 50k to 100k -0.0699*** -0.0360
(0.021) (0.023)
Income: Over 100k -0.1701*** -0.0981***
(0.022) (0.025)
R-squared 0.368 - 0.414 -
Observations 6,528 - 6,528 -

Table 8: Regression Results for Demographic Variables
Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
Age Group base is 18-30, Gender base is Female, Education base is College, and Income base is Under
50k. The 'No Persona’ columns are left blank as the regression did not include demographic variables
for this condition.

5.4 Topic Modeling

To gain deeper insights into the reasoning behind the Al agents’ responses, I con-
ducted a topic modeling analysis on the open-ended explanations provided in the
final question of the survey. Using a zero-shot classification approach’, I categorized
the responses into ten predefined topics based on common themes in inflation dis-
course. This method allowed for a comparative analysis between persona-based and
non-persona Al agents’ reasoning patterns.

Figure 7 illustrates the distribution of topics across both experimental conditions.
Notably, “Inflation Trends” emerged as the dominant topic for both groups. This
shows that the Al agents focus on historical and current inflation patterns in forming
their expectations. Interestingly, persona-based agents showed a slightly higher ten-
dency to reference inflation trends, suggesting that demographic characteristics might
influence the emphasis placed on historical data. Other significant topics included
“Interest Rates” and “Federal Reserve” actions. The similarity in topic distributions

“Initially, I used Latent Dirichlet Allocation (LDA) to explore different topics and select the topic
titles. Subsequently, I employed a zero-shot classification approach using the BART-large-mnli model.
Other models yielded similar results, highlighting the effectiveness of transformer-based models in
context-aware topic modeling.
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between persona and no-persona conditions indicates a consistent underlying reason-
ing process across Al agents, regardless of assigned demographic characteristics.

HE With Persona
Il No Persona

Percentage (%)

To.1e

Figure 7: Distribution of Topics in Al Agents” Reasoning

This topic modeling analysis provides valuable insights into the cognitive pro-
cesses of Al agents in forming inflation expectations. The consistent emphasis on key
economic factors across both conditions demonstrates the Al’s ability to identify and
prioritize relevant information. However, the nuanced differences between persona
and no-persona agents suggest that demographic characteristics can subtly influence
the weighting of various factors in expectation formation, mirroring patterns observed
in human survey data.

6 Extension

6.1 Reasoning Behind LLMs

OpenAl’s recent release of the ol-preview and ol-mini models' represents a sub-
stantial development in Generative Al’s ability to engage in complex reasoning pro-
cesses. The ol models, as explained in OpenAl’s release notes, are designed to spend
more time “thinking” before they respond, achieved through a specific version of the
chain-of-thought (CoT) prompting pattern. This method, introduced by Wei et al.
(2023), has been refined through a large-scale reinforcement learning algorithm that
teaches the model to “think” productively using its chain of thought. Unlike previ-

ous versions, these models spend more time processing problems before responding,

10Released on September 12, 2024 (known as “strawberry”) in two variations.
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much like a person would. Through training, they learn to refine their thinking pro-
cess, try different strategies, and recognize their mistakes.

These new models are particularly relevant to my study of inflation expectations.
While previous experiments with GPT-4 variations provided valuable insights into
how Al models form and update inflation expectations, the o1 models offer the poten-
tial to go deeper into the reasoning processes behind these expectations and address
some criticisms regarding LLMs as “black boxes.” For example, when asked about
past and future inflation expectations, an ol model might reveal a chain of thought
comprising the stages shown in Table 9. Due to limited access to this model, I ran the
experiment with five Al agents, one for each treatment group, in addition to the three

pre-treatment questions.

Table 9: Different Stages Mentioned by Al Agents

Category Number of Topics
Inflation Analysis 13
Probability Assessment 10
Economic Analysis 10
Data Interpretation 20
Guideline Compliance 10

This level of detail in the reasoning process provides economists with valuable
insights into how different factors are weighted and integrated in forming inflation
expectations. However, the ol models also introduce new challenges. Depending
on the amount of reasoning required, requests can take from a few seconds to several
minutes. In this experiment, instead of only collecting numerical responses, I captured
all the reasoning and chain-of-thought processes of the model. The numerical answers
are shown in Table 10, and the full clustering of reasoning patterns is provided in
Appendix A.8.

The o1 model’s responses exhibited a higher degree of nuance and consideration
of multiple economic factors compared to previous models. For instance, when asked
about short-term inflation expectations after receiving the current Federal Funds Rate
information (T3), the model provided a detailed explanation with several stages of
thinking:
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Table 10: Forecasts of GPT o1 and Time Taken per Question

Question Participant Forecast Seconds
Pre-Treatment Perceived Inflation 3.7% 10
Pre-Treatment Probability Prediction 1 Year Ahead  2.7% 22
Pre-Treatment Probability Prediction 3 Years Ahead 3.4% 28
Population Growth Group 3% 29
Current FFR 2.5% 6
Post-Treatment 1 Year Ahead Current Inflation 2.8% 16
Longer-Run Inflation 3.0% 6
30-Year Mortgage Rate 3% 9
Population Growth 3.4% 44
Current Rate, FFR 2.5% 20
Post-Treatment 3 Years Ahead Current Inflation 2.5% 56
Longer-Run Inflation 2.8% 27
30-Year Mortgage Rate 2.5% 22

Note: Probability predictions for 1 year ahead are [0.1%, 0.2%, 0.5%, 1.0%, 3.2%, 30%, 50%, 12%,
2%, 1%], and for 3 years ahead are [0.1%, 0.2%, 0.5%, 1%, 3%, 20%, 50%, 20%, 5%, 0.2%].

¢ Formulating Expectations: I'm thinking about the question regarding inflation
expectations over the next 12 months, aiming to provide a numerical answer with-

out mentioning policies or guidelines.

¢ Assessing Inflation Expectations: OK, let’s think it through: predicting the U.S.
inflation rate for the next 12 months involves considering the Federal Reserve’s
target of 2% and the latest CPI of 3.7% from August/September 2023.

* Examining Inflation Potential: I'm piecing together the current Federal Funds
Rate and economic forecasts. Inflation over the next 12 months might be around
2-3%, with a projected 2.5% as a reasonable estimate.

Over the next 12 months, I expect the rate of inflation to be 2.5%. (6 seconds)

This level of reasoning aligns closely with the complex decision-making processes
we expect from expert economic forecasters, offering a more realistic simulation of
human expectation formation. Furthermore, the 01 model’s responses to information
treatments showed more nuanced belief updating compared to earlier experiments.
These results suggest that the ol model’s chain-of-thought capabilities could simu-
late more accurately how economic agents process and integrate new information into
their inflation expectations. While promising, it is important to note that the use of
these models in this context is still in its early stages. As we continue to refine method-
ologies for running experiments on LLMs and Al agents and leverage these new Gen-
erative Al capabilities, we may gain deeper insights into the formation and updating

of economic expectations. This could potentially lead to more accurate economic mod-
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els and inform more effective monetary policy communication strategies in an era of

Al-assisted decision making.

6.2 Consistency in Responses

A common concern in experiments involving Al and language models is the con-
sistency of their responses. In a second wave of the first phase, I used two assistants:
one without retrieval capabilities (N) and another with four years of FOMC minutes
data (M2). Figure 8 illustrates the distribution of responses across these two waves,

showing a strong consistency between them.

I Wavel BN Wave 2

Assistant N (No Retrieval)

Assistant M2 (FOMC Minutes (2020-2023))
Short-Run Prior

Short-Run Prior
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Assistant M2 (FOMC Minutes (2020-2023))
Long-Run Prior

Frequency

5 6
Value
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Long-Run Prior

Frequency
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Frequency
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Figure 8: Consistency of Responses in two Waves

Note: t-test shows that there is no statistically significant variation between the two runs.

The strong consistency observed between the two waves has significant implica-
tions for the reliability of LLMs in economic experiments. This consistency suggests
that LLMs can produce stable and reproducible results across multiple runs, a cru-
cial factor for reproducibility. Also, this consistency demonstrates that LLM responses
are time-invariant, suggesting that their economic reasoning remains stable over short
periods. However, as we observe in Section 6.3, while LLMs exhibit temporal con-

sistency, they are model-variant, with different architectures or versions producing
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varying results. This reliability within models enhances the potential of LLMs as tools
for economic research, allowing for more confident extrapolation of findings and en-
abling comparative studies across different economic scenarios.

6.3 Model Selection

The selection of a large language model is a critical factor that can significantly
impact the results and conclusions drawn from experiments involving these models.
This is also important in exploring the formation of inflation expectations using LLMs.
GPT models are adept at generating coherent and contextually relevant text, capturing
long-range dependencies, and producing extended sequences, making them ideal for
tasks requiring a nuanced understanding of language context (Bommasani et al., 2021).

Short Run Prior
140 Dataset
1 GPT4 turbo run: April 15
mmm GPT4o run: May 15

120 == GPT4 turbo run: July 15

100

Count

T i il
6 10
Values

Long Run Prior

100

Count

Figure 9: Short-Run and Long-Run Inflation Expectations for Different Models
Note: The figure compares responses to short-run (SR) and long-run (LR) inflation expectation

questions for different GPT-4 models. Results are presented for three runs: GPT-4 turbo on
April 15, GPT-40 on May 15, and GPT-4 turbo on July 15. The GPT-40 model has lower inflation
expectations. However, the overall shape of the distributions remains similar across models

and runs, suggesting consistent response patterns despite updates and architectural variations.
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The training data used to develop LLMs plays a crucial role in shaping their capa-
bilities and potential biases. Models trained on diverse and extensive datasets develop
a broad understanding of language and its complexities, enhancing their generaliz-
ability. GPT-4, in its various versions, satisfies this requirement. Furthermore, the
use of retrieval-augmented generation (RAG) necessitates a model that can effectively
access external knowledge sources to generate informed and accurate responses.

Recently, OpenAl introduced GPT-4o, their latest model with an updated knowl-
edge cutoff. This model also improved in speed and computation time, and claimed
to be their best model to date. For robustness, I conducted another experiment to as-
sess the impact of model changes. Figure 9 shows the different distributions for our
two main questions based on the model. The mean has shifted to the left; however,
the shape of the distribution remains the same. To determine whether this change re-
sulted from the model or a temporal effect, I conducted an additional experiment with
the GPT-4 model. The findings suggest that the change is more likely due to the model
itself.

Another important aspect of the model is randomness, which can be adjusted by
changing the temperature parameter. In the original run, the Assistants API did not
allow temperature adjustments''. In a recent update, the temperature can be set be-
tween 0 and 2'?. Adjusting the temperature affects the randomness of the model’s

responses, which is crucial for ensuring consistency and reliability in the experiment.

7 Discussion

Based on the findings presented in the previous sections, this study offers valuable
insights into both Al agent modeling and the potential for Al-assisted decision-making
in the context of inflation expectations. LLMs, such as GPT-4, trained on vast textual
datasets, show an ability to generate coherent and contextually relevant responses. By
processing extensive information, LLMs can model how economic agents might form
inflation expectations based on available data (Bybee, 2023; Fedyk et al., 2024). The
experiments in this paper show that sometimes LLMs exhibit patterns in expectation
formation that resemble those of human agents.

While LLMs have significant processing power, they may still display limitations
similar to humans due to biases in training data or information cutoffs (Bender et al.,
2021). This suggests that while LLMs can serve as useful models for understanding
expectation formation, they are not immune to the challenges faced by human agents.

1OpenAl announced that the default temperature was 1 € [0, 2] for Assistants APL.

12This parameter typically ranges between 0 and 1 for most models, but OpenAl sets it between 0 and
2 for the Assistants API. Testing different settings revealed consistent results between 0 and 1; however,
increasing the temperature above 1 led to poor and sometimes nonsensical responses.
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Integrating Al assistance into human decision-making offers a potential solution to
these constraints. Rational inattention models posit that agents face costs when acquir-
ing and processing information, leading them to optimally choose how much attention
to allocate to different signals (Sims, 2003; Mackowiak and Wiederholt, 2009). Limited
attention models similarly emphasize that agents have bounded cognitive capacities
(Simon, 1955; Gabaix, 2014). These constraints can result in agents forming suboptimal
expectations due to incomplete information processing.

By leveraging Al tools like LLMs, humans can process complex information more
effectively, reducing cognitive burdens and information-processing costs. To provide
a general framework for understanding Al-assisted decision-making in the context of
inflation expectations, this paper proposes the following model:

Consider a human agent whose inflation expectation E/?[m; 1] is updated with the

assistance of an Al tool. The combined expectation can be modeled as:

E o) = (1 — @) By [mesa] + BN 4] (10)
o ¢ Tty

where:

o E[m.1] is the Al-assisted expectation

e Ef[r:41] is the human agent’s initial expectation

o EM[m41] is the expectation provided by the Al tool

* ¢, € [0,1] is a weighting factor

* )\ € [0, 1] represents the agent’s personal perception of the Al tool

e 7, € [0,1] is the trust in the Al tool

* «; € [0,1] is the perceived accuracy of the Al tool

* ¢; > 0is the cost of using the Al tool

This framework acknowledges that the effectiveness of Al assistance depends on
both the Al’s capabilities and the human agent’s perception and willingness to use the
tool. Higher personal perception, trust, and accuracy increase ¢, leading the agent to
rely more on the Al’s input, while higher cost decreases ¢;.

By incorporating personal perception, trust, cost, and accuracy into the expectation
formation process, this framework acknowledges that the effectiveness of Al assis-
tance depends not only on the Al’s capabilities but also on the human agent’s percep-
tion and willingness to use the tool. This general framework provides a foundation

for understanding how Al-assisted decision-making could mitigate rational inatten-

tion and limited attention in the context of inflation expectations.
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Moreover, as shown in the Extension section, the integration of more advanced
AI models with enhanced reasoning capabilities further improves the alignment be-
tween Al-generated expectations. This indicates that ongoing advancements in Al
technology can potentially enhance the effectiveness of Al-assisted decision-making
in economics. However, while Al assistance can mitigate some cognitive constraints,
it is important to acknowledge potential limitations. Al tools may introduce biases if
the underlying models are trained on skewed data (Bender et al., 2021). Additionally,
overreliance on Al could lead to herding behavior or reduce diversity in expectations,
which has implications for market dynamics (Afrouzi et al., 2023).

8 Conclusion

This study presents a new approach to investigating the formation of inflation ex-
pectations by integrating Large Language Models and survey experiments. The key
tindings highlight that the knowledge domain significantly impacts the variation in
responses. LLMs with access to relevant economic data, such as Federal Open Market
Committee minutes, exhibit lower variance in their inflation expectations compared to
those with access to irrelevant information. This emphasizes the importance of provid-
ing LLMs with domain-specific knowledge to improve the accuracy and consistency
of their responses. Moreover, the study demonstrates that information treatments,
particularly those related to forward guidance, have the most significant impact on
updating LLMs’ prior inflation expectations, aligning with previous findings from hu-
man subject studies. Specifically, the information treatments effectively influenced
the LLMs’ expectations, demonstrating their sensitivity to new information in a man-
ner similar to human respondents. The findings reveal that LLMs generally predict
higher inflation than actual rates, closely mirroring the responses observed in human
surveys like the Survey of Consumer Expectations. This suggests that LLMs can effec-
tively simulate human-like reasoning in economic contexts, providing a valuable tool
for pre-testing surveys and understanding expectation formation.

Furthermore, introducing a persona in the prompt results in partisan expectations,
reflecting patterns observed in human surveys. For instance, LLMs assigned a Re-
publican persona exhibited higher inflation expectations compared to those with a
Democrat persona or no specified persona. This demonstrates the ability of LLMs to
capture heterogeneity among economic agents, making them useful tools for mod-
eling diverse perspectives. Conversely, as Al adoption increases, we may observe a
reduction in polarization, since a unified Al source might mitigate the disparate im-
pacts of varied news outlets on individuals” expectations. The study also underscores

the significance of model selection and the chain-of-thought processes within LLMs.
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Variations in underlying architectures, training data, and reasoning capabilities can
significantly influence the responses generated. For example, the introduction of the
ol models with enhanced chain-of-thought capabilities showed changes in inflation
expectations and provided deeper insights into the reasoning behind those expecta-
tions. This emphasizes the need for careful consideration when employing LLMs in
economic research, as different models may yield different outcomes.

This experimental design demonstrates strong consistency in responses across dif-
ferent sessions using the same model, suggesting reliability in the LLMs’ outputs.
However, differences emerge when different models are used, particularly if their
training data or underlying architectures differ. This finding is crucial for researchers
and policymakers who plan to use LLMs for economic forecasting or policy analysis,
as it highlights the importance of model validation and robustness checks. The impli-
cations of this research are multifaceted. First, it contributes to the growing body of
literature on the intersection of Al and economics, showcasing how LLMs can enhance
methodologies used in economic research and provide new insights into expectation
formation. Second, it offers practical insights for central banks and policymakers. By
using LLMs to simulate how different information treatments influence inflation ex-
pectations, policymakers can refine their communication strategies to more effectively
manage public expectations.

Moreover, as Al continues to advance and become more integrated into economic
and financial decision-making, understanding how Al agents form and update their
expectations about key economic variables becomes increasingly important. LLMs
can serve as valuable tools for policymakers to anticipate market reactions, design
effective communication strategies, and enhance the precision of monetary policy.

Finally, this study opens avenues for future research. Incorporating a wider range
of persona attributes—such as varying levels of financial literacy, risk preferences, or
socio-economic backgrounds—could simulate a more diverse population of agents
and provide deeper insights into expectation formation. Exploring the use of other
Al models or hybrid approaches could further enhance our understanding of the role
of Al in economic analysis.

In conclusion, this paper demonstrates the potential of integrating generative Al
with survey experiments to explore and understand inflation expectations. By leverag-
ing the capabilities of LLMs, we can gain valuable insights into the cognitive processes
underlying expectation formation, improve economic forecasting, and inform the de-
velopment of more effective monetary policies in an increasingly Al-driven economy,

fostering the future of Al-assisted decision making.
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A  Appendix

Al

Notes on Implementations

In my study, I used different versions of the GPT-4 model to see how they would

answer survey questions. Each part of the experiment, or “thread,” treated a single

survey filled out by an Al agent independently. However, the same Al agent answered

all the questions in that survey, just like how a person would answer all the questions

in a human survey. I noted the details of the models used, the tokens processed, and

the dates of the experiments in Table A.11.

ID Model Experiment Token Date Obs Knowledge Cutoff
1 GPT4Turbo Knowledge Source (Phase 1) 7,078,126  Apr 14,2024 600 2023-01-12
2 GPT 4 Turbo Pilot (Phase 2) 14,291,337  Apr 15, 2024 2400 2023-01-12
3 GPT 4 Turbo Model Selection 10,791,991 Jul 15,2024 600 2023-01-12
4 GPT4o Model Selection 5,447,033 May 15, 2024 600 2024-05-01
5 GPT 4o Basic Persona 322,308 May 22,2024 600 2024-05-01
6 GPT4omini Main Survey Experiments 88,320,112 Sep 18-22,2024 5628 x2 2024-07-18
7 ol preview Reasoning — Sep 14,2024 30 2023-01-10

Table A.11: Details on Models Used in the Experiment

The implementation process involved several key considerations and strategies:

1. Model Selection: I utilized various GPT-4 versions, as they represent state-of-
the-art LLMs.

2. Temperature: For all experiments in this paper, I used the default temperature

of 1, which lies within the range [0, 2] and is commonly employed in many
real-world applications. I also conducted experiments with temperatures lower
and higher than 1. As the temperature decreases below 1, the distribution of
responses becomes narrower, with the mean and median remaining almost un-
changed but exhibiting less variation. Conversely, as the temperature increases
above 1, responses become much less reliable, sometimes generating non mean-
ingful text. This is why many real-world applications, following best practices,

use the default temperature.

. Prompts: I crafted system prompts with neutral language to guide the Al’s

responses. To ensure robust results, I experimented with prompt variations.
I found that imprecise or overly broad prompts often led to the Al stating it
couldn’t predict the future or offering similar evasive responses. This sensitiv-
ity to context is characteristic of transformer models. Consequently, I designed
prompts for both numerical answers and open-ended explanations, iterating

multiple times to achieve the right balance of clarity and specificity.
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4. Knowledge Access: For the first phase, I implemented Retrieval-Augmented
Generation (RAG) using API Assistants. This allowed models to access relevant
economic data during queries. RAG offered a cost-effective method to combine
the models” general capabilities with specific economic information. The pro-
cess involved feeding PDF files downloaded from FOMC and other sources to
the API assistant, as illustrated in Figure 1. OpenAl’s proprietary embedding
and indexing system then identified relevant information for context-aware re-

sponses from the Al agent.

5. Structured Responses: I established a system for structured numerical responses
to inflation expectation questions, as shown in Section A.2. This approach en-
sured Al outputs aligned with traditional survey data formats, facilitating eas-
ier analysis and comparison with human surveys. Additionally, I incorporated
open-ended questions to gain deeper insights into the AI’s reasoning processes.

6. Adjustments: For probability questions, less than 0.5 percent of the observations
did not sum to 100 percent. In these cases, I applied a weighted adjustment to
normalize the totals to 100 percent.
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A.2 Prompts

To ensure clear and consistent answers, I designed straightforward prompts guid-
ing Al agents on response types and formats. These included instructions for numer-
ical percentage estimates and specific formats like single numbers or lists of percent-
ages summing to 100%. By providing clear examples and using simple, neutral lan-
guage, I ensured accurate instruction following. This approach helped the collection

of consistent and comparable data across different Al agents and treatments.

System Prompt

The GPT is designed to answer users’ questions about the expectations for future in-
flation. It responds with numerical percentage estimates, reflecting its opinions and antic-
ipations about inflation while acknowledging the inherent uncertainty in such forecasts. It
presents answers in two formats: single percentage points for point prediction and a list of
percentages for probability distribution questions. The GPT ensures responses are solely
numerical and not any written statements with the alphabets and formatted accordingly:
for point prediction, it uses [-__ %,] and for probability distribution questions, it uses [___
Yo, Yo, Yo, Yo, Yo, Yo, Yo, Vo, YVo,___P,].

RAG Prompt (Only for Retrieval Mode)

Use your general understanding of the document including the sentiments of the pol-
icy and all the information around it to answer. These are questions about inflation expec-

tations and the perception of inflation, not inflation prediction. Do not answer nothing.

Main Prompt (For example, for T_3 with Current rate, FFR)

Initial: "Q2_1 In this question, you will be asked about the probability (PERCENT
CHANCE) of something happening. The percent chance must be a number between 0
and 100 and the sum of your answers must add up to 100. What do you think is the
percent chance that, over the next 12 months... [RANGE OF EACH OPTION BELOW is
0-100 and each option can be 2 DECIMAL POINTS but the most important thing is that
the total should be 100%] ... Give your answer as a list like this: [ -~ %, --__ %, —___ %, ____
Yo, - Yo, Yoy - Yo, Yoy Yo, - %]

Additional Context(Information Provision Step): “The interest rate set by the Federal

Reserve, known as the Federal Funds Rate, is currently at 5.25%.”

Follow-up: “What do you expect the rate of inflation to be over the next 12 months?
Please give your best guess. Over the next 12 months, I expect the rate of inflation to be

%
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A3

More on the Survey

Table A.12 lists all the survey questions used in the experiment. The questions

are designed to elicit both point predictions and probability distributions of inflation

expectations, both in the short run and long run.

Table A.12: Survey Questions

Q.d Question

Q11

Last 12 month Point Prediction (Pre-Treatment)

Over the last 12 months, what do you think the overall rate of inflation/deflation has been
in the economy? The rate of inflation/deflation was [Your answer as a number] percent
over the last 12 months. If you think there was inflation, please enter a positive number.
If you think there was deflation, please enter a negative number. If you think there was

neither inflation nor deflation, please enter zero.

Q2.1

Next 12 month Probability Distribution (Pre-Treatment)

In THIS question, you will be asked about the probability (PERCENT CHANCE) of some-
thing happening. The percent chance must be a number between 0 and 100 and the sum
of your answers must add up to 100. What do you think is the percent chance that, over
the next 12 months... [RANGE OF EACH OPTION BELOW is 0-100 and each option can
be 2 DECIMAL POINTS but the most important thing is that the total should be 100%]

¢ the rate of deflation (opposite of inflation) will be 12% or more ______

* the rate of deflation (opposite of inflation) will be between 8% and 12% ______
¢ the rate of deflation (opposite of inflation) will be between 4% and 8% ______
* the rate of deflation (opposite of inflation) will be between 2% and 4% ______
¢ the rate of deflation (opposite of inflation) will be between 0% and 2% ______
e the rate of inflation will be between 0% and 2% ______

e the rate of inflation will be between 2% and 4% ______

* the rate of inflation will be between 4% and 8% ______

¢ the rate of inflation will be between 8% and 12% ______

e the rate of inflation will be 12% or more______

Give your answer as a list like this: [...%,...%,...%,...%,...%,...%,...%,...%,...%,...%]

Continued on next page
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Table A.12 — continued from previous page

Q.id Question

Q3.1 Longer-run Probability Distribution (Pre-Treatment)
In THIS question, you will be asked about the probability (PERCENT CHANCE) of some-
thing happening. The percent chance must be a number between 0 and 100 and the sum
of your answers must add up to 100. What do you think is the percent chance that over
12-month period, 24 months from now and 36 months from now... [RANGE OF EACH
OPTION BELOW is 0-100 and each option can be 2 DECIMAL POINTS but the most im-
portant thing is that the total should be 100%]

e the rate of deflation (opposite of inflation) will be 12% or more ______

* the rate of deflation (opposite of inflation) will be between 8% and 12% ______
¢ the rate of deflation (opposite of inflation) will be between 4% and 8% ______
¢ the rate of deflation (opposite of inflation) will be between 2% and 4% ______
* the rate of deflation (opposite of inflation) will be between 0% and 2% ______
e the rate of inflation will be between 0% and 2% ______

e the rate of inflation will be between 2% and 4% ______

* the rate of inflation will be between 4% and 8% ______

¢ the rate of inflation will be between 8% and 12% ______

¢ the rate of inflation will be 12% or more______

Give your answer as a list like this: [...%,...%,...%,...%,...%,...%,...%,...%,...%,...%]

Randomly assigned to one of the group in Table A.13.

Q1_F Next 12 month Point Prediction (Post-Treatment)
What do you expect the rate of inflation to be over the next 12 months? Please give your

best guess. Over the next 12 months, I expect the rate of inflation to be ____ %.

Q2_F Longer-run Point Prediction (Post-Treatment)
What do you expect the rate of inflation to be over that period? Please give your best
guess. Over the 12-month period, 24 months from now and 36 months from now, I expect

the rate of inflation to be __ %.

Q3_F Open-ended Question

Please provide a brief explanation for your answers in 1-2 sentences.

Note: ”1” indicates initial questions and “F” indicates follow-up questions.



Table A.13 outlines the control and treatment groups used in the experiment. Each

Al agent after the first sets of initial questions was randomly assigned to one of these

groups. The data used in this part is from FOMC’s Summary of Economic Projections.

Table A.13: Control and Treatment Groups

id Title Information
T1 Control group No additional information
T2  Placebo group Population of the U.S. grew by 1.2% between 2020 and 2022.
T3  Current Federal Funds The interest rate set by the Federal Reserve, known as the Federal Funds
Rate Rate, is currently at 5.25%.
T4  Current Inflation Over the last twelve months, the overall inflation rate in the economy as
measured by the percentage change in a consumer price index has been
3.2%.
T5  Current Inflation + Longer Over the last twelve months, the overall inflation rate in the economy as
Run Prediction measured by the percentage change in a consumer price index has been
3.2%. One forecast at the Federal Reserve is that this inflation rate will be
2.8% on average over the next few years and in the longer-run.
T6  Fixed-rate 30-year mort- The current average rate for fixed-rate 30-year mortgage is 7.5% per year.

8age

Note: The treatments are derived from Coibion et al. (2023) and the data have been updated

based on the Federal Open Market Committee’s Summary of Economic Projections (SEP) for
March 2024.



A.4 Miscellaneous Responses

The following table shows some of the responses generated by the Al agent with

different prompts. It shows that they keep their memory based on their knowledge

domain and also the assigned information treatment. It also displays the results for

prompts that were not implemented well, leading to inaccurate responses.

Treatment

Assistant

Response

Question

T1

T1

T6

T2

T5

MO

The document outlines that the medians of participants’ projec-
tions for both total and core Personal Consumption Expenditures
(PCE) price inflation are expected to be around [1.9%] in 2018 and
anticipated to rise to [2.1%] by 2020. From the description, it ap-
pears that inflation expectations are gradually increasing but re-
main close to the Federal Reserve’s target of around 2%. Based
on these data points and trends reflected up to 2020, a reasonable
estimate of the expected rate of inflation over the next 12 months
could be projected within a similar range, around [2.0%]. This pro-
vides a baseline expectation given the historical data trends and
projected figures available in the document.

Projecting the rate of inflation specifically between April 2025
and April 2026 requires considering potential long-term economic
policies, global market trends, and other macroeconomic factors,
such as energy prices or geopolitical stability. In the absence of
specific forecasting data from within the document and under nor-
mal economic conditions, central bank inflation targets provide a
useful reference.

Central banks often aim for an ...

The information provided does not offer a direct basis from which
to infer future inflation rates. Consequently, without specific eco-
nomic analyses, projections or other related content, predicting
the rate of inflation over the next 12 months based on the given
mortgage rate alone is not feasible.

Based on the information provided in the document, I am unable
to determine the overall rate of inflation or deflation over the last
12 months. The document does not contain specific economic data
or indicators pertaining to inflation rates.

I'm unable to provide opinions, forecasts, or generate speculative

data, including predicting future inflation or deflation rates.

Q1.F

Q2.F

Q1F

Q21

Q1 F



T1

T1

T4

T3

MO

MO

M2

M1

To provide a detailed and accurate answer to your question, I will
need to analyze the document you've uploaded. I will begin by
examining the document to understand its insights on inflation ex-
pectations or relevant economic outlooks for the given time frame.
This will enable me to make informed estimations for each cate-
gory you've asked about.

I will now start analyzing the document

As an Al I'm not capable of predicting future economic indicators
like inflation rates. If you're seeking expert analysis or forecasts
regarding inflation rates over the next 12 months, I recommend
consulting economic forecasts from reliable financial institutions,
central banks, or government economic reports, which typically
use economic models and current economic data to provide their
inflation forecasts.

Predicting the future unemployment rate involves complexities
such as economic policy changes, technological advancements,
global economic conditions, and market trends, among others.
While inflation data provides insight into economic conditions, it
does not directly predict unemployment rates due to the multi-
faceted relationship between inflation and unemployment, often
discussed in terms of the Phillips curve.

Given that I lack real-time data access and forecasting capabilities,
it’s difficult to ascertain the likelihood of a higher unemployment
rate 12 months from now based on past inflation rates alone. For
accurate predictions, analyzing a wide range of economic indica-
tors alongside inflation rates is essential. Economists and financial
analysts use various models to make such forecasts, and it’s advis-
able to consult their analyses for predictions on economic condi-
tions, including the unemployment rate.

Over the 12-month period between April 2025 and April 2026, a
reasonable estimate for the rate of inflation might be around 4% to
6%

Q3.1

Q21

Q2F




A.5 Additional Observations
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Figure A.10: Distribution of Al responses per assistant type (1 year ahead)
Note: The gray area is the NY FED Consumer Expectation Survey (5-2023), scaled down for

comparison and also trimmed for the range between -10 and 30.

N (No Retrieval) W (Placebo (Wikipedia Texts)) E (Economic Reports of the President)
30
30 Mean: 4.68 Mean: 5.17 25 Mean: 4.86
SD: 1.08 SD: 1.91 SD: 1.95
25
2 20
20
g g1
H g H
g15 315 :
& i T 10
10 10
5 5 5
04 0- 04
-0 -5 [ 5 10 15 20 2 30 -0 -5 0 5 10 15 20 25 30 -0 -5 0 5 10 15 20 25 30
Values Values Values
MO (FOMC Minutes (only 2018)) M1 (FOMC Minutes (2023)) M2 (FOMC Minutes (2020-2023))
25 Mean: 4.53 o Mean: 4.55 25 Mean: 4.99
SD: 1.78 SD:222 SD: 1.79
2 2%
20
> > 20 >
315 3 3
g S 45 §15
z 2 z
E10 £ £
0 10
5 5 5
04 0- 04
-0 -5 0 5 10 15 20 25 3 -0 -5 0 5 10 15 20 25 30 -0 -5 0 5 10 15 20 25 30

Values Values Values

W Al Long Run Prior [0 FRBNY Survey (Apr 2025 - Apr 2026)

Figure A.11: Distribution of Al responses per assistant type (3 year ahead)
Note: The gray area is the NY FED Consumer Expectation Survey (5-2023), scaled down for

comparison and also trimmed for the range between -10 and 30.
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A.6 Additional Result of Persona Prompting

A.7 Additional Result of Persona Prompting

In the experiment, I wanted to see how giving different personas to the Al agents
would affect their inflation expectations. I assigned various characteristics to the Al
agents, such as being from California or Texas, or identifying as Democrat or Republi-
can. The tables above show the summary statistics of the inflation expectations made
by these Al agents with different personas.

Table A.15 presents the average inflation expectations for each persona group. For
instance, Al agents with a Republican persona tend to predict higher inflation rates
compared to those with a Democrat persona or no persona at all. This suggests that
the assigned persona influences the Al’s responses, mirroring how personal beliefs or
regional differences might affect human expectations.

Table A.15: Summary Statistics of Basic Persona Experiment

Category Variable Mean Median Std Dev. Min Max
Short Run Point Prediction 3.48 3.50 025 3.00 4.50

Californi Long Run Point Prediction 3.53 3.75 0.43 3.00 4.00
A& ghort Run Probability Distribution ~ 5.19 5.48 086 319 635
Long Run Probability Distribution 513 5.06 096 284 6.95

Short Run Point Prediction 3.43 3.50 0.18 3.00 3.50

D ¢ Long Run Point Prediction 3.77 4.00 036 3.00 4.00
eMOCTAL " Short Run Probability Distribution  5.34 5.49 0.82 384 7.94
Long Run Probability Distribution 5.42 5.60 071 384 6.35

Short Run Point Prediction 3.36 3.50 023 3.00 3.50

No P Long Run Point Prediction 3.46 3.50 0.43 3.00 4.00
O TEISONA  ghort Run Probability Distribution  5.58 5.63 0.86 299 750
Long Run Probability Distribution 5.54 5.60 111 341 828

Short Run Point Prediction 3.86 4.00 0.45 3.00 4.0

Republican Long Run Point Prediction 4.02 4.00 0.61 3.00 6.00
CPUPHCAN  ghort Run Probability Distribution  5.59 5.65 0.80 3.99 6.70
Long Run Probability Distribution 5.63 5.75 099 376 7.30

Short Run Point Prediction 3.41 3.50 019 3.00 3.50

T Long Run Point Prediction 3.84 4.00 0.41 3.00 4.50
exas Short Run Probability Distribution ~ 5.29 5.35 073 370 635
Long Run Probability Distribution 5.16 5.39 081 324 6.70
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Table A.16 compares the inflation expectations between Al agents with personas

and those without for the simulation of SCE panel. The results indicate that incorpo-

rating personas leads to higher average inflation expectations in both the short run

and the long run. This means that the Al agents with assigned personas anticipate

more inflation than those without any specific persona.

Table A.16: Summary Statistics of Inflation Expectations

Stat Dataset P Inflation = Short-run Prior Long-run Prior = Short-run Post. Long-run Post.
v With Persona 5047 4591 5297 4091 3.431
€M No Persona 3.901 3.691 4757 3.368 2.945
- With Persona  0.748 2244 2.090 0.783 0.838
No Persona 0.787 1.781 1.565 0.691 0.631
v With Persona  3.000 -1.300 -0.400 2.000 2.000
m
No Persona 2.000 -0.100 -0.220 2.000 2.000
 With Persona  5.000 4400 5.000 4000 3.000
Median
No Persona 3.500 2727 4300 3.500 3.000
v With Persona  8.000 10.560 10.640 7.000 6.000
" No Persona 8.500 10.840 10.780 6.000 5.000
N With Persona 6,528 6,528 6,528 6,528 6,528
No Persona 6,402 6,528 6,528 6,402 6,402

Table A.17 shows the demographic distribution of the personas I used, based on

the microdata from the Survey of Consumer Expectations.

Table A.17: Demographic Distribution of Persona Used from the SCE

Variable Category Distribution
Gender Male 3,297 (50.5%)
Female 3,233 (49.5%)
Marital Status Married 4,117 (63.0%)
Not Married 2,413 (37.0%)
Age Under 40 2,071 (31.7%)
40 to 60 2,602 (39.8%)
Over 60 1,857 (28.5%)
Education High School 786 (12.0%)
Some College 2,068 (31.7%)
College 3,676 (56.3%)
Income Under $50k 2,026 (31.0%)
$50k to $100k 2,236 (34.2%)
Over $100k 2,268 (34.8%)
Total (Unique Participants from 01,/2020 to 09/2023) 6,528
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Figures A.12 and A.13 illustrate the distribution of posterior inflation expectations
for both short-run (1 year ahead) and long-run (3 years ahead) horizons, comparing
cases with and without persona attributes. Each one shows the density of posterior
expectations across different treatment groups. In the short-run, we observe more var-
ied distributions, particularly for the persona-based scenario, indicating that different
information treatments lead to diverse expectation updates. The long-run expecta-
tions show more convergence, especially in the non-persona case, suggesting that Al
agents tend to align their long-term inflation expectations more closely regardless of
the information provided. Notably, the “Current Inflation + Longer Run” treatment
(T5) consistently produces a more concentrated distribution in both time horizons and
groups, implying that this type of forward guidance has a strong anchoring effect on
Al agents’ expectations.
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Figure A.12: Distribution of Posterior for Short-run(1 Year Ahead)

(Without Persona)
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Figure A.13: Distribution of Posterior for Long-run(3 Year Ahead)
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Figure A.14 is showing how Al agents with different demographic personas, sim-
ulated on SCE participants, form varying inflation expectations. The posterior expec-
tations are more concentrated compared to the prior expectations, indicating a great
convergence in the Al agents” expectations after receiving additional information.
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Table A.18: Regression for the Determinants of Inflation Perceptions/Expectations

Dependent Variable
Past Inflation ~ Short-Run Expectation Long-Run Expectation
Constant 5.133*** 3.777%** 4.859%**
(0.109) (0.330) (0.308)
Age -0.008** -0.023** -0.024**
(0.004) (0.012) (0.011)
Age Squared 0.00071*** 0.0002* 0.0002
(3.72e-05) (0.0001) (0.0001)
Gender (Male) -0.015 0.347*** 0.245***
(0.019) (0.056) (0.052)
Marital Status (Married) -0.051** 0.185%** 0.208***
(0.021) (0.063) (0.058)
Education: High School 0.288*** 0.185** 0.102
(0.029) (0.092) (0.085)
Education: Some College 0.208*** 0.479* 0.369***
(0.021) (0.063) (0.059)
Income: Over $100k -0.099*** 0.742%** 0.715***
(0.023) (0.070) (0.065)
Income: Under $50k -0.020 -0.334%** -0.505%**
(0.024) (0.071) (0.066)
Census Region:
East North Central 0.037 0.142 0.091
(0.048) (0.137) (0.125)
East South Central 0.102* 0.596*** 0.490***
(0.057) (0.166) (0.150)
Mid-Atlantic 0.053 0.156 0.142
(0.048) (0.141) (0.128)
Mountain 0.031 0.443*** 0.377***
(0.053) (0.154) (0.140)
Pacific -0.016 0.370*** 0.326**
(0.049) (0.140) (0.127)
South Atlantic -0.000 0.486*** 0.410%**
(0.047) (0.135) (0.123)
West North Central 0.105** 0.073 0.094
(0.052) (0.152) (0.138)
West South Central 0.064 0.449*** 0.428%**
(0.052) (0.149) (0.135)
Observations 6,528 6,528 6,528
R-squared 0.045 0.049 0.060

Notes: Robust standard errors in parentheses. ** p<0.01, ** p<0.05, * p<0.1. Reference groups: Educa-
tion - College degree; Income - $50k to $100k; Census Region - New England. *

“The regression specification is: Y; = [y + SiAge, + 52Age? + pB3Gender; + (4Marital;, +
23:1 ~;Education;; + S5_, dxIncomey; + 320 _, 0,CensusRegion, . + ¢;, where Y] represents the de-
pendent variable (inflation perception or expectation) for individual :.
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I estimated the same model for both September 2023 and December 2023, which
is the most recent available microdata, to compare the coefficients of determinants for
both short-run and long-run expectations. We need to remember that the Survey of
Consumer Expectations (SCE) asked for both point predictions and probability distri-
butions (first for short-run and then for long-run expectations). In my survey, I can
only use the pre-treatment questions, which are the probability distributions. Also,
the timing, based on the lack of similar data from the microdata, is not completely
correct, but it could be a starting point to see the determinants of expectations for Al

agents versus human participants. (See Figure A.15)
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Figure A.15: Estimates for Determinants of Inflation Expectations (SCE vs. Al)
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A.8 Reasoning of GPT ol

Table A.19: Reasoning Patterns Across Treatments

Pattern Population Growth  Federal Funds Rate  Current Inflation Long-Run Inflation = Mortgage Rate
Data  Analy- General economic Focus on monetary Emphasis on recent Integration of  Use of broader indi-
sis and Trend trends and histori- policy’s impact and inflation data, in- short-term data cators like fixed-rate
Tracking cal inflation up to  current Federal cluding monthly with long-term  mortgage rates to as-
October 2023. Funds Rate. and annual rates. projections for a  sess inflation dynam-
comprehensive ics.
outlook.
Probability Balanced probabili-  Probabilities Distribution = cen- Bimodal distribu- Incorporation of
Mapping and ties across various skewed  towards tered on recent tion distinguishing market expectations
Scenario Eval- inflation and defla- policy targets, re- trends with moder- short-term and influencing inflation
uation tion scenarios. flecting Federal ate variance. long-term expecta-  probabilities.
Funds Rate influ- tions.
ence.
Time Horizon Consistent method- Projections  align Gradual normal- Separate expecta- Inflation expectations

Considerations

ology for one-year
and three-year fore-
casts.

with policy targets
over the long term.

ization of inflation
based on current
trends.

tions for short-term
and long-term hori-
zons, considering
different factors.

tied to long-term
market rates, aligned
with mortgage
trends.

Economic Indi-
cators and Pol-
icy Considera-
tions

Limited focus on
specific ~ policies,
emphasizing gen-
eral economic
conditions.

Strong  emphasis
on Federal Reserve
policies  affecting

inflation paths.

Moderate  consid-
eration of policies,
balancing data-
driven insights with
policy impacts.

Long-term  infla-
tion  expectations
strongly anchored
to policy targets, in-
corporating current
and future policies.

Indirect policy influ-
ence through market-
driven indicators like
mortgage rates.

External Fac- Inclusion of popu- Minimal considera- Primarily internal Some inclusion of Consideration of
tors lation growth as an  tion of external fac- economic data fo- structural factors housing market
influencing external ~ tors beyond mone- cus with limited affecting long-term  conditions as key
factor. tary policy. external factors. inflation, such as external influences

demographics. on expectations.
Methodological  Utilizes general eco-  Policy-focused Data-driven projec- Integrates  short- Employs market-
Approach nomic knowledge analysis prioritizing  tions based on re- term and long-term based extrapolation

and historical data
for predictions.

the Federal Funds
Rate’s role in infla-
tion forecasting.

cent inflation statis-
tics and analysis.

data for compre-
hensive multi-
horizon forecasts.

using indicators like
fixed-rate mortgage
rates to predict.
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