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This paper integrates generative AI with survey experiments to explore
inflation expectations in Large Language Models. It shows that knowl-
edge domain significantly affects expectations; LLMs accessing relevant
economic documents exhibit lower variance. LLMs generally predict
higher inflation than actual rates, reflecting human like behavior. Infor-
mation treatments, particularly involving forward guidance, influence
LLMs’ inflation expectations almost perfectly. Additionally, the intro-
duction of a persona in the prompts results in partisan expectations,
reflecting patterns observed in human surveys. The paper also exam-
ines the influence of model selection, highlighting how it significantly
shapes the outcomes.
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The use of Generative Artificial Intelligence (GAI), particularly with the in-
creasing usage of Large Language Models (LLMs), signals a great shift in the
landscape of economic research. These models have the potential to assist in a
wide range of tasks for economists (Charness, Jabarian and List, 2023; Korinek,
2023). As we begin to integrate LLMs into economics, it has become clear that
their impact extends beyond only supporting various tasks; they can enhance
the methodologies used in economic research, suggesting new approaches for
economists to conduct studies and develop new insights.

There are conflicting opinions about the efficacy of LLMs, highlighting the
need for a comprehensive understanding of their behaviors, cognitive processes
(Echterhoff et al., 2024), and underlying models. The ways in which LLMs think
and operate differ from humans, and conducting experiments with AI agents
or surveying these agents could offer a novel method to bridge these perspec-
tives. By deploying LLMs in structured surveys and comparing their responses
to those of human respondents, particularly in economic research, we can obtain
a clearer, empirical understanding of their strengths, limitations, and the factors
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influencing their outputs (Park et al., 2023; Brand, Israeli and Ngwe, 2023).
Moreover, the study of Large Language Models is crucial not only for their

potential applications but also for the insights they can provide into human cog-
nition and decision-making (Zhu, Yan and Griffiths, 2024). LLMs are designed to
process and generate natural language in a manner that closely mimics human
language. By understanding how these models interpret information, reach con-
clusions, and respond to various prompt, we can gain valuable insights into their
underlying mechanisms and compare it to human decision-making processes.
This understanding could potentially help us better comprehend how humans
make decisions, form opinions, and respond to information in various contexts.
Furthermore, by comparing the performance of LLMs with human subjects in
experiments, we can identify the strengths and limitations of these models and
assess their potential to augment or even replace human decision-making in cer-
tain domains (Tjuatja et al., 2023; Wu et al., 2023). This comparative analysis can
shed light on the similarities and differences between human and AI, paving the
way for more effective collaboration and integration of AI in various fields.

Previous research has utilized AI agents in game-theoretic scenarios to study
decision-making processes (Horton, 2023; Brookins and DeBacker, 2023; Guo,
2023), simulating environments where these agents follow some rules to provide
insights about strategic behavior. Building on this line of research, this study use
these methods by enabling AI agents to access and incorporate external knowl-
edge, thus improving the relevance and context-specificity of their responses to
the query. This approach allows for a more realistic representation of how AI
agents can process and utilize information in real-world scenarios, providing a
deeper understanding of their potential applications.

Specifically, in the intersection of generative AI and economics, this paper
presents an exploration into the applications of Large Language Models on in-
flation expectations surveys. Inflation expectations have become increasingly
important due to their significant role in helping central banks design and com-
municate monetary policies more effectively(Coibion, Gorodnichenko and We-
ber, 2022). The relevance of subjective inflation expectations extends beyond
household consumption and firm decisions and play a crucial role in financial
markets and asset pricing as well. The anticipation of inflation affects central
bank policies, which 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 market, as future corporate earnings
are discounted based on these expectations, guiding investment decisions.

As AI continues to advance and play a significant role in economic and fi-
nancial decision-making, understanding how AI agents form and update their
expectations about key economic variables, including inflation, becomes crucial.
LLMs can mimic these surveys, test them before actual deployment, and offer in-
sights into how AI agents interpret key macroeconomic variables. The primary
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goal of this research is twofold: first, to delve into the decision-making processes
of LLMs, particularly in the area of inflation expectation formation by giving
them access to different knowledge sources, and second, to assess the influence
of information provision treatments on their responses. This methodology not
only provides a detailed analysis of how AI agents process and integrate new
information, mirroring the way humans form their expectations in similar con-
texts, but also incorporates a randomized experiment to examine how different
information provision treatments affect their prior beliefs. By investigating the
impact of various information sources and treatments on LLMs’ inflation expec-
tations, this study aims to uncover the factors that shape their decision-making
processes and draw parallels with human behavior. This approach helps our un-
derstanding of AI’s capabilities and limitations in the economics of expectations
and behavioral macroeconomics and also shows how AI can contribute to the
development of new methodologies in experimental economics.

To achieve these objectives, I introduce a new experimental design that uti-
lizes custom-built LLMs based on a few variations of GPT-41 model. I employ
various text corpora to enhance the retrieval capabilities of these custom GPTs,
such as minutes from Federal Open Market Committee (FOMC) meetings. By
incorporating these domain-specific knowledge sources, the LLMs have the po-
tential to generate more informed and context-aware responses to survey ques-
tions. Furthermore, this paper explores the impact of defining some basic per-
sona in the prompt for AI agents and its influence on the results of the survey
experiments. By incorporating persona attributes, such as political partisanship,
into the prompts, this study investigates how these factors change the responses
generated by the LLMs. This analysis provides valuable insights into the role of
individual characteristics and biases in shaping the outputs of AI agents, high-
lighting the importance of considering these factors when designing and inter-
preting AI-driven experiments. Additionally, this paper examines the effect of
model selection on the survey results. By comparing the performance of differ-
ent LLMs and their underlying architectures, this study sheds light on the impact
of model choice on the accuracy, consistency, and interpretability of the gener-
ated responses. The findings indicate substantial consistency between different
sessions of the experiment using the same model; however, variations in results
can occur when different models are employed, particularly if the training data
or underlying architectures are altered. This comparative analysis can inform
the selection of appropriate models for specific economic research questions.

This paper not only contributes to the rapidly growing body of literature on AI
and economics but also provides practical insights into the future of AI-assisted
economic forecasting and its potential impacts on policy-making and individual
financial decisions. By exploring the intersection of generative AI and inflation
expectations, this study aims to understand the potential of AI in enhancing our
understanding of their thought process.

1Generative Pre-trained Transformer
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I. Literature Review

Recent developments in the field of Generative Artificial Intelligence, espe-
cially in the context of Large Language Models, have shown a significant turn-
ing point in economics, introducing innovative tools for research. This paper
contributes to two main strands of the literature: the experimental study of
AI agents and LLMs in economics, and the formation of inflation expectations.
While some studies attempt to connect these two domains (Faria-e Castro and
Leibovici, 2023; Bybee, 2023), this paper delves deeper into the decision-making
processes of LLMs by examining their retrieval capabilities and assessing the
impact of information treatments on AI agents in an experimental setup. By
focusing on these aspects, this study aims to provide a more comprehensive un-
derstanding of how LLMs processes integrate new information, and how their
inflation expectations are shaped by the knowledge sources they access and the
information they receive.

A. Economics and LLMs

It is now obvious that the introduction of large language models, including
products like ChatGPT, has significantly impacted various sectors, including the
field of 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 Lorè, 2023). Additionally, there is growing interest in
understanding the broader implications of generative AI on economics research
(Charness, Jabarian and List, 2023; Korinek, 2023).

For instance, Horton (2023) investigates how LLMs can function as simulated
economic agents, drawing parallels to the concept of ’homo economicus’ in eco-
nomic theories. 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-like behaviors, yielding results qualitatively similar to those of human
subjects. In a related study, Brookins and DeBacker (2023) explores the tenden-
cies of GPT agents towards fairness and cooperation. It engages GPT models in
games like the dictator game and the prisoner’s dilemma, finding that the AI of-
ten chooses strategies that prioritize fairness over optimal outcomes, displaying
some level of human-like behavior. This line of research even goes further and
suggests a fully automated social science that could use LLMs as scientists who
could create hypotheses, design experiments, serve as subjects, and analyze data
(Manning, Zhu and Horton, 2024; Batista and Ross, 2024).

Recent studies also have shown significant advances in the application of LLMs
in the realm of macroeconomics. For example, Li et al. (2023) introduce a frame-
work using large language models to create agents for macroeconomic simu-
lations. These agents are uniquely designed to exhibit human-like decision-
making and adaptability in complex economic scenarios. Faria-e Castro and
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Leibovici (2023) explore the proficiency of LLMs in generating inflation forecasts,
showing that these AI tools can outperform traditional methods in accuracy and
efficiency. They examine the capacity of Google AI’s PaLM to produce condi-
tional inflation forecasts during 2019-2023. Comparing these forecasts with those
from the Survey of Professional Forecasters, the study finds LLM forecasts gen-
erally more accurate, with lower mean-squared errors. However, there are some
critiques to this approach as they manually limit the AI knowledge to predict
past inflation. Similar to this research, Bybee (2023) presents a novel approach to
generating economic expectations by applying large language models to histor-
ical news data. It shows that this method closely aligns generated expectations
with existing survey measures for different indicators.

This study builds upon the insights provided by existing literature, explor-
ing how large language models integrate and apply knowledge domains to en-
hance their decision-making processes. By focusing on the provision of new
information, this research also delves into the process of updating beliefs, offer-
ing a deeper understanding of the black box of LLMs. Through the selection of
different models and prompts, my research fills some gaps in the literature by
demonstrating how these factors influence the consistency and reliability of LLM
outputs in survey experiments. Furthermore, the exploration of response con-
sistency across multiple sessions contributes significantly to our understanding
of LLMs, offering a more robust assessment of their responses.

B. Inflation Expectation Formation

Inflation expectations play a crucial role in shaping economic behavior and
policy. Understanding how these expectations are formed and updated is im-
portant for both policymakers and researchers. This area of study delves into
the psychological and informational aspects of how people and firms under-
stand and predict future inflation. Inflation expectations are a particularly suit-
able candidate for study using survey experiments with LLMs for several rea-
sons. First, measuring and influencing inflation expectations is challenging due
to their complex formation process and heterogeneity across economic agents
(Coibion et al., 2020; Weber et al., 2022). Second, inflation expectations have
far-reaching consequences for economic decisions, such as consumption, invest-
ment, wage setting, and so they are really important (Coibion, Gorodnichenko
and Ropele, 2020). Third, central banks increasingly recognize the importance
of inflation expectations for the conduct of monetary policy (Coibion et al., 2020;
Pfajfar and Žakelj, 2018). By employing LLMs to analyze vast amounts of eco-
nomic data and simulate the formation of inflation expectations, we can gain
valuable insights into the underlying dynamics and potentially enhance our abil-
ity to predict and manage these expectations.

Recent research has shed light on the complex processes involved in the forma-
tion of inflation expectations and why surveys could give us important insights
(D’Acunto et al., 2024; D’Acunto and Weber, 2024). In this line, Candia, Coibion
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and Gorodnichenko (2020) examines the impact of how households form their
expectations and how these expectations influence their decisions. Their find-
ings suggest that inflation expectations can drive changes in consumer 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 shaping
economic outcomes. D’Acunto et al. (2021) provide further evidence on the for-
mation of consumer inflation expectations, showing that the prices of frequently
purchased grocery items have a disproportionate influence on households’ ex-
pectations. 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 III.A
LLMs also exhibit higher expectations than actual inflation.

Coibion et al. (2023) explore the effectiveness of forward guidance in managing
inflation expectations, finding that households respond more to short-term in-
terest rate information than to long-term policy goals. This indicates that central
banks might need to tailor their communication strategies to better anchor ex-
pectations and improve policy effectiveness. These results highlight the impor-
tance of carefully designing 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, Nuzzi and Stantcheva (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 spending behavior illus-
trate 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 infla-
tion expectation 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
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applying new methods such as using LLMs. In this domain, my contribution
is to expand the understanding of how AI-driven models, particularly LLMs,
can enhance the prediction and analysis of inflation expectations. By integrat-
ing LLMs with economic related text data, 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 AI models compare to
and potentially influence the expectations and decisions of human subjects. This
approach can offer valuable insights into the complex dynamics of inflation ex-
pectation formation and contribute to the development of more effective policy
tools for managing these expectations.

II. Experimental Design

In this experiment, I conducted a survey using GPT-4 Turbo2 with Assistants
API3. The aim was to assess the influence of different knowledge domains on
inflation expectation formation and to observe the impact of information treat-
ments. As shown in Table 1, I categorized the knowledge domains into six dis-
tinct types: no retrieval (N), which does not have any additional knowledge be-
yond the pre-trained GPT-4 data; placebo (W), using general information from
Wikipedia texts as a baseline; economic reports of the president (E), providing
a broad view of the US economic status; FOMC minutes from 2018 (M0) and
FOMC minutes from 2023 (M1), to compare the difference between old and re-
cent monetary policy status; and 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
M0 FOMC Minutes (only 2018)
M1 FOMC Minutes (2023)
M2 FOMC Minutes (2020-2023)

Note: This experiment, evaluates the impact of different information retrieval contexts. It contrasts 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 context window.

The way the survey on LLMs works is similar to an actual survey with hu-
mans, as shown in Figure 1. I utilize Retrieval-Augmented Generation (RAG) in

2GPT-4 Turbo is an upgrade to GPT-4 that excels at handling long texts and following detailed instructions,
making it suitable for tasks such as finding and using information in large documents. The cut-off date of
training set at the time of the experiment was December 2023.

3OpenAI’s Assistants API are a feature that allows us to create specialized GPTs with different capabilities,
including document retrieval.
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this approach because it enhances the language model’s responses with knowl-
edge retrieved from external sources during the survey. This process allows the
model to access and incorporate relevant data beyond its initial training set, lead-
ing to more informed and accurate responses. Unlike fine-tuning, which adjusts
a model’s internal parameters to improve performance on a specific task, RAG
actively pulls in external 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 showed as follows (Gao et al., 2023):

(1) p(x|y) =
∑

z∈Retrieve(y)

p(x|y, z) · p(z|y)

where y is the input, x is the output, and z is the retrieved information from
the external 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 probability 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.

FIGURE 1. AN ILLUSTRATION OF HOW RAG WORKS

Note: This diagram is adapted from the example in Gao et al. (2023). It shows a survey experiment for AI
agents, which is very similar to the structure of a traditional survey. The system prompt serves a similar role to
survey instructions, 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 AI to utilize the provided
context in generating responses. All the prompts used in this survey are provided in Appendix A.A1.
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In the experiment, I first asked AI agents a series of questions to elicit their
initial expectations. After these initial questions, the AI agents were randomly
assigned into one of six groups. The first group acted as a control, receiving
no additional information, while the remaining five groups each were provided
with additional information as new context to consider for their next questions.
This design enables me to examine how specific information might influence the
AI agents’ prior beliefs. The list of treatments is provided in Table 2.

TABLE 2—CONTROL AND TREATMENT GROUPS

Group 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 Rate
The interest rate set by the Federal Reserve, known as the Federal Funds
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 Run Predic-
tion

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%. 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 Current fixed-rate 30-
year mortgage

The current average rate for fixed-rate 30-year mortgage is 7.5% per
year.

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.

The initial questions and follow-up questions are shown in Table 3. I utilized
both point predictions and probability distribution (density forecast) questions
because point predictions provide a clear measure of the most likely outcome
but often fail to capture the uncertainty about future conditions. Probability
distribution questions overcome this by allowing respondents to express uncer-
tainty across a range of outcomes, showing both the central tendency and the
associated uncertainty (Manski, 2018). 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 our survey with AI agents, allowing us
to compare how AI agents to these questions.

TABLE 3—SURVEY QUESTIONS

Q id Question
Q1 I Last 12 month Point Prediction (Pre-Treatment)
Q2 I Next 12 month Probability Distribution (Pre-Treatment)
Q3 I Longer-run Probability Distribution (Pre-Treatment)
Q1 F Next 12 month Point Prediction (Post-Treatment)
Q2 F Longer-run Point Prediction (Post-Treatment)

Note: ”I” indicates initial questions and ”F” indicates follow-up questions. The full table of the questions is
presented in Appendix A.A2.
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The survey begins by assigning different groups to specific types of text or
knowledge sources. After answering the first set of questions to elicit their prior
beliefs, they randomly receive additional information. For example, one group
is informed about the current Federal Funds Rate set by the Federal Reserve,
while another receives detailed information on both current inflation and future
forecasts (Table 2). After that, I ask each subject in each group the post-treatment
questions to investigate how the provided information influenced their prior be-
liefs. This experimental design helps to determine not only the direct effects of
specific economic data on expectations but also how varying types of informa-
tion shape agents’ changes in belief. Visually, the structure of the experiment
can be shown in Figure 24. The experiment was conducted in two phases. In
the first phase, all six assistants were surveyed (without any follow-up or in-
formation treatments) to assess their comprehension and the way they accessed
different knowledge sources. In the second phase, which focused on the impact
of the information treatment, only Assistant N and Assistant M2 were used for
the randomized experiment.

N: No Retrieval

W: Selected
Wikipedia Corpus

E: Economic report 2024

M0: FOMC Minutes 2018

M1: FOMC Minutes 2023

M2: FOMC Min-
utes 2020-2023

Knowledge
Source

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

4To ensure that each AI agent keeps the memory of previous steps and the specific treatment assigned,
although the final prompts were designed to elicit strictly numerical answers, I relaxed this strictness to test if
they preserved memory of the previous sequence. This method also provides some insight into the thought
processes of the AI agents on how they form expectations and update their prior beliefs. The results of some
written responses are provided in Appendix A.A3.
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III. Results

A. Preliminary Observations

As mention 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 AI agents’ inflation expectations without any information provi-
sion. However, each type of assistant was associated with one of the knowledge
sources previously 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. The complete
list of questions is provided in Appendix A.A2.

Table 4 presents the summary statistics for three questions. 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 their calculations, the amount that was assigned to defla-
tion by AI agents in this survey were negligible and the two approach almost
gives same results. 5

TABLE 4—SUMMARY STATISTICS FOR PHASE 1 (NO INFORMATION TREATMENT)

Assistant (Obs.)
Past Inflation 1 Year Ahead 3 Years Ahead

min max mean std min max mean std min max mean std

N (100) 2 3.5 2.43 0.26 3.24 7.5 5.31 1 2.49 7.3 4.68 1.08
W (100) 0 11.58 2.72 2.4 0.94 14 5.96 2.27 1.7 14 5.17 1.92
E (100) 0 7.1 3.01 1.29 -1 14 4.93 2.2 -2.25 11 4.84 1.98
M0 (100) 1.7 3.6 2.07 0.21 1.08 14 4.36 1.9 1.2 10.12 4.54 1.8
M1 (100) 2 8 3.85 1.1 1 14 4.67 2.37 1.09 14 4.55 2.23
M2 (100) 1.7 6.85 3.86 0.86 1.55 8 4.72 1.5 1.32 11.66 4.97 1.8

All (600) 0 11.58 2.99 1.40 -1 14 4.99 2 -2.25 14 4.79 1.84

Figure 3 shows the distribution of inflation expectations reported by AI agents,
compared to the actual observed US inflation of 3.48% at the time of the experi-
ment. The gray bars represent the agents’ perceptions of past inflation, averag-
ing 2.99%, close to the actual rate. The black bars reflect short-run expectations,
with a mean of 4.99%, and the red bars show long-run expectations, averaging

5In the Survey of Consumer Expectations run by the NY Fed, 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, AI agents may follow the instructions more strictly, and secondly, their underlying
pretrained models and data may have a more robust knowledge base about the notion and possibility of
deflation
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4.80%. We need to keep that in mind that these numbers are based on probability
distribution questions. The following sections will explore how and why these
expectations arise from the agents’ models and knowledge cutoffs.

FIGURE 3. DISTRIBUTION OF RESPONSES FOR ALL THE SAMPLE

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.

FIGURE 4. INFLATION/DEFLATION RATE BY ASSISTANT
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Figure 5 illustrates the AI agents’ expectations of inflation and deflation rates
based on probability distribution questions. In the short run, the majority of
responses fall within the 4% to 8% inflation range, indicating that the agents
generally predict moderate inflation in the near future. For long-term forecasts,
the data more frequently is in the 2% to 4% range, suggesting that agents ex-
pect inflation to moderate slightly over a longer period. These findings indicate
a common expectation among the AI agents for moderate inflation, with a ten-
dency toward lower inflation in the long term.

FIGURE 5. AVERAGE PROBABILITY DISTRIBUTION FOR ALL SUBJECTS

Figures 6 and 7 compare the AI-generated inflation expectations to the data
from the Federal Reserve Bank of New York Consumer Expectation Survey. The
histograms show that Assistant W, which only accessed general information
from Wikipedia, had the most varied predictions, indicating less precise infla-
tion forecasting when relying on less relevant data. On the other hand, Assistant
M2, which had access to recent FOMC minutes, showed tighter responses, espe-
cially for long-term inflation predictions. This suggests that using more targeted,
high-quality economic data leads to more consistent and reliable forecasting out-
comes6.

6The Kruskal-Wallis test confirmed significant differences across the assistants, indicating they indeed
draw from different distributions, supporting the impact of underlying knowledge on forecast precision.



14

FIGURE 6. DISTRIBUTION OF NEXT 12 MONTH INFLATION EXPECTATION

Note: The gray area is the NY FED Consumer Expectation Survey (5-2023), scaled down for comparison.

FIGURE 7. DISTRIBUTION OF NEXT 12 MONTH INFLATION EXPECTATION

Note: The gray area is the NY FED Consumer Expectation Survey (5-2023), scaled down for comparison.
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We can also compare the inflation expectations from AI agents with those from
well-known economic surveys such as the Survey of Professional Forecasters
(SPF) and the Survey of Consumer Expectations (SCE). Table 5 presents both the
mean and median inflation expectations over various time periods, allowing for
a comparison between AI and human forecasts. Responses from human sub-
jects to inflation expectation questions in the SCE exhibit a significant number of
outliers and extremely high predictions for both inflation and deflation.

TABLE 5—COMPARISON WITH SCE AND SPF

1 Year Ahead N W E M0 M1 M2 All SCE SCE P∗ SPF
Mean 5.34 5.99 5.07 4.41 4.67 4.72 5.03 5.38 -3.66 3.8
Median 5.3 6.06 5.02 4.43 4.38 4.76 5 3.26 4.09 3.8

2-3 Years Ahead N W E M0 M1 M2 All SCE SCE P∗ SPF∗∗

Mean 4.84 5.2 4.92 4.57 4.58 4.99 4.85 2.80 -2.42 2.5
Median 4.62 5.05 4.75 4.5 4.4 5 4.7 2.76 3.46 2.6

Note: SPF IS FROM SECOND QUARTER 2024 REPORT AND SCE IS FROM APRIL 2024. FOR MEAN CALCU-
LATION OF SCE THE ONLY THE RANGE OF -10 TO 30 IS CONSIDERED.
∗ POINT PREDICTION
∗∗ 5 Year Forecast

It’s important to note that the SCE does not report the mean due to the pres-
ence of extreme outliers. Even when restricting the range of responses to be-
tween -10 and 30, the mean for density forecasts remain negative, showing that
the outliers have a huge impact on the average (Figure 8).

FIGURE 8. POINT PREDICTION AND PROBABILITY DISTRIBUTION OF SCE DATA FOR APRIL 2024
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In the second phase of the experiment, I only used two assistants: one without
retrieval mode (N) and the other with four years of knowledge from FOMC min-
utes data (M2). The experimental design, illustrated in Figure 2, were applied
across these subjects. As a result, the experiment included a total of 2400 sub-
jects, divided equally with 1200 for each assistant. Each treatment group within
this phase comprised 200 subjects per assistant. Figure 9 compares the distribu-
tion of responses in these two distinct experiments. There is always a question
concerning the consistency of LLMs across different sessions. Because this ex-
periment involved two runs with assistants M2 and N, we are able to compare
their responses. These plots illustrate the distribution of results from these two
runs and we can see there is strong consistency in two different sessions.

FIGURE 9. CONSISTENCY OF RESPONSES IN TWO RUNS

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

Table 6 and Table 7 show summary statistics for the control group and the
five treatment groups for Assistant N and M2. They show how the AI agents
respond to information treatments and how their inflation expectations change
after receiving the treatments. For both assistants, all groups show a decrease
in expected inflation after receiving the information treatments, suggesting that
the AI agents similar to human studies (Coibion et al., 2023; Coibion, Gorod-
nichenko and Ropele, 2020) integrate new information, leading to a revision of
their expectations. An interesting observation is that in treatment 5, which in-
cludes the long-run forecast, out of 400 subjects, 394 reported an expectation of
2.8%, five reported 3%, and one reported 3.2%. This indicates that the AI agents
almost fully follow the forward guidance and long-term prediction.
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TABLE 6—DESCRIPTIVE STATISTICS OF ASSISTANT N

T1 T2 T3

Mean SD Mean SD Mean SD

Pre-Treatment
Perceived inflation, previous 12 months 2.70 0.43 2.68 0.48 2.66 0.45
Expected inflation, 12-month ahead 5.49 0.91 5.45 0.93 5.47 0.89
Expected inflation, longer period 5.24 1.15 5.26 1.08 5.19 0.99

Post-Treatment
Expected inflation, 12-month ahead 3.35 0.24 3.38 0.21 3.28 0.26
Expected inflation, longer period 3.64 0.54 3.56 0.42 3.38 0.56

T4 T5 T6

Mean SD Mean SD Mean SD

Pre-Treatment
Perceived inflation, previous 12 months 2.69 0.37 2.69 0.39 2.63 0.44
Expected inflation, 12-month ahead 5.52 1.03 5.33 0.92 5.46 0.92
Expected inflation, longer period 5.35 1.14 5.37 1.18 5.49 1.15

Post-Treatment
Expected inflation, 12-month ahead 3.33 0.25 2.80 0.01 3.32 0.25
Expected inflation, longer period 3.53 0.36 2.80 0.00 3.73 0.42

TABLE 7—DESCRIPTIVE STATISTICS OF ASSISTANT M2

T1 T2 T3

Mean SD Mean SD Mean SD

Pre-Treatment
Perceived inflation, previous 12 months 3.48 1.28 4.05 1.69 3.91 1.63
Expected inflation, 12-month ahead 5.50 1.31 5.28 1.58 5.29 1.59
Expected inflation, longer period 5.34 1.39 4.92 1.64 5.00 1.66

Post-Treatment
Expected inflation, 12-month ahead 3.34 0.50 3.46 0.50 3.36 0.53
Expected inflation, longer period 3.55 0.55 3.73 0.83 3.32 0.81

T4 T5 T6

Mean SD Mean SD Mean SD

Pre-Treatment
Perceived inflation, previous 12 months 4.06 1.66 4.09 1.99 3.89 1.71
Expected inflation, 12-month ahead 5.17 1.66 5.23 1.77 5.15 1.69
Expected inflation, longer period 4.79 1.46 4.72 1.53 4.95 1.82

Post-Treatment
Expected inflation, 12-month ahead 3.31 0.22 2.81 0.04 3.66 0.77
Expected inflation, longer period 3.57 0.49 2.80 0.00 3.72 0.76
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Figure 10 shows how short-run and long-run inflation expectations change
across different treatments for two types of assistants. The prior values (gray
bars) are fairly consistent across treatments for both assistants, while the pos-
terior values (red bars) vary more, indicating that the treatments impact how
expectations are updated. The changes are more noticeable for Assistant M2,
likely due to having more information to process. Table 8 shows if there is statis-
tical difference between the net amount of update of two assistants. It confirms
that, except for a few cases (T 1 and T 5 in the short run, T 3 in the long run), the
type of assistant significantly affects the magnitude of these updates.

FIGURE 10. COMPARISON OF PRIOR AND POSTERIOR INFLATION EXPECTATIONS

T 1 T 2 T 3 T 4 T 5 T 6 T 1 T 2 T 3 T 4 T 5 T 6

Measure Short-run Long-run

T-statistic -0.224 1.719 1.786 2.365 0.612 4.398 -1.67 3.717 0.56 4.243 4.453 3.58
P-value 0.82 0.09 0.07 0.02 0.54 <0.001 0.10 <0.001 0.58 <0.001 <0.001 <0.001

TABLE 8—BETWEEN-ASSISTANT COMPARISONS OF TREATMENT EFFECT
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B. Empirical Model

To empirically assess the impact of information treatments on AI agents’ in-
flation expectations, I follow Coibion, Gorodnichenko and Weber (2022) and
(Coibion et al., 2023) specification that allows to capture the impact of new infor-
mation. The model is formulated as follows:

(2)

Ejπ
post = α+θEjπ

pre+
6∑

k=2

βkTreatment(k)j +
6∑

k=2

γkTreatment(k)j Ejπ
pre+W jΨ+ϵj

Here, Ejπ
post and Ejπ

pre represent the AI agent j’s expectations after and be-
fore receiving the treatment, respectively. Treatment(k)j indicates whether AI
agent j was subjected to treatment k. The coefficients βk and γk measure the level
and interaction effects of the treatments on the expectations, respectively, with γk
expected to be negative, indicating that more informative treatments lead agents
to revise their expectations more significantly away from their prior beliefs. But,
βk as the level effect can be positive or negative. The vector W j includes con-
trol variables relevant to each agent, and Ψ denotes the parameters associated
with these controls, and ϵj capturing the error term7. This specification helps us
understand how AI agents integrate new information with their pre-existing be-
liefs, quantifying the adjustments made in their inflation expectation in response
to different types of information treatments (Coibion, Gorodnichenko and Ku-
mar, 2018).

C. Analysis

To evaluate the effects of the different information treatments, I estimate the
specification in Equation (2) for both assistants N and M2. Table 9 and Figure 11
show regression results and compares the impact of different information treat-
ments on the inflation expectations for two class of AI assistants, N and M2, for
both short-run (1 year ahead) and long-run (3 years ahead) horizons 8. The co-
efficients θSR and θLR represent the weight placed on prior expectations, with
Assistant N showing higher persistence in prior expectations compared to M2.
The β coefficients capture the level effects of each treatment, while the γ coeffi-
cients measure the interaction effects between treatments and prior expectations.
The results indicate that information treatments have varying effects on the as-
sistants’ inflation expectations. The placebo treatment (T2) and current FFR in-
formation (T3) have limited impact, while treatments involving current inflation

7In this experiment I only run the queries using a no persona approach and as a result I do not have
covariates that are specific for each agent.

8It’s common to use Huber regressions to handle extreme values of expectations, but since my data has
few outliers, I chose to use OLS. The Huber regression results in Appendix A.A4 show nearly the same results
for comparison.
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rates (T4) and forward guidance (T5) lead to significant downward revisions in
expectations for both assistants. These results highlight the importance of the
type and specificity of information provided in shaping the inflation expecta-
tions of AI agents.

The differential responses of Assistants N and M2 to the various treatments
offer insights into how different knowledge bases and retrieval capabilities can
influence the formation and updating of inflation expectations. For instance, the
stronger response of Assistant N to the current FFR information (T3) in the short
run suggests that models without extensive economic knowledge may be more
susceptible to anchoring effects from specific economic indicators. Conversely,
Assistant M2’s more muted response to this treatment may indicate that models
with broader economic context are better able to contextualize individual pieces
of information within a larger economic framework.

TABLE 9—REGRESSION RESULTS FOR ASSISTANTS N AND M2

E[π] 1 Year Ahead E[π] 3 Years Ahead
Assistant N Assistant M2 Assistant N Assistant M2

Intercept (Control Group) 3.468*** 3.426*** 2.990*** 3.184***
(0.0956) (0.157) (0.128) (0.121)

θSR (Control Group) -0.0212 -0.0199 - -
(0.0175) (0.0268) - -

θLR (Control Group) - - 0.127*** 0.0450**
- - (0.0269) (0.0219)

Relative to Control:

Population Growth (β2) 0.00484 0.0387 0.0330 -0.537**
(0.126) (0.210) (0.189) (0.215)

Current FFR (β3) -0.210 0.0893 0.294 -0.420**
(0.146) (0.192) (0.226) (0.187)

Current Inflation (β4) -0.0993 -0.0329 0.467*** 0.0138
(0.125) (0.165) (0.172) (0.169)

Current + Inflation Perdition (β5) -0.669*** -0.608*** -0.190 -0.384***
(0.0956) (0.158) (0.128) (0.121)

Mortgage Rate (β6) -0.207 0.443* 0.232 -0.130
(0.142) (0.247) (0.185) (0.220)

γ2 0.00454 0.0187 -0.0222 0.178***
(0.0233) (0.0376) (0.0395) (0.0457)

γ3 0.0248 -0.00991 -0.107** 0.0666*
(0.0263) (0.0329) (0.0464) (0.0375)

γ4 0.0141 0.00350 -0.113*** 0.0354
(0.0230) (0.0283) (0.0354) (0.0354)

γ5 0.0216 0.0176 -0.127*** -0.0450**
(0.0175) (0.0268) (0.0269) (0.0219)

γ6 0.0328 -0.0201 -0.0324 0.0920**
(0.0257) (0.0440) (0.0365) (0.0460)

R squared 0.454 0.225 0.373 0.285
Obs. 1200 1200 1200 1200

Note:

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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The significant impact of the combined current inflation and forward guidance
treatment (T5) on both assistants’ expectations is particularly noteworthy. This
finding aligns with research on human subjects that emphasizes the importance
of clear and forward-looking central bank communications in managing infla-
tion expectations (Coibion et al., 2023). The fact that AI agents exhibit similar
responses to this type of information suggests that they may be capturing fun-
damental aspects of how economic agents process economic information. Fur-
thermore, the observed differences in the persistence of expectations between
short-run and long-run horizons, as indicated by the θSR and θLR coefficients,
mirror patterns often seen in human survey data. This similarity raises ques-
tions about the extent to which AI models trained on human-generated text may
implicitly shows typical patterns of human economic reasoning and expectation
formation.

FIGURE 11. COMPARISON OF DIFFERENT TREATMENTS

These findings have important implications for both the development of AI
models in economic forecasting and the design of effective communication strate-
gies for central banks and policymakers. They suggest that AI models, when
properly designed and trained, can potentially serve as valuable tools for simu-
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lating and predicting the impacts of various information dissemination strate-
gies on public inflation expectations. However, the observed differences be-
tween Assistants N and M2 also underscore the critical importance of carefully
considering the knowledge base and architecture of AI models used in such ap-
plications, as these factors can significantly influence the models’ responses to
economic information.

D. Model Selection

The selection of a large language model is a critical factor that can signifi-
cantly impact the results and conclusions drawn from experiments involving
these models. In the context of this study, which aims to explore the formation
of inflation expectations using LLMs, the selection of an appropriate model is im-
portant. GPT models are good at generating coherent and contextually relevant
text. Their ability to capture long-range dependencies and generate extended
sequences makes them ideal for tasks that require a nuanced understanding of
language context. (Bommasani et al., 2021).

The training data used to develop LLMs also plays a crucial role in shaping
their capabilities and potential biases. Models trained on diverse and extensive
datasets can develop a broad understanding of language and its complexities,
thereby enhancing their generalizability. GPT-4 (different versions of it) is one of
the frontier and very large models that satisfies this requirement. Furthermore,
the use of retrieval-augmented generation in this study necessitates the selection
of a model that can effectively obtain external knowledge sources to generate
informed and accurate responses.

Recently, OpenAI introduced GPT4o, their latest model with an updated knowl-
edge cutoff. The model has also progressed in terms of speed and computation
time, and they claim it to be their best model. For the sake of a robustness check,
I conducted another experiment to see the impact of model change. Figure 12
shows the different distributions for our two main questions based on the model.
As we can see, the mean has shifted to the left; however, the shape of the dis-
tribution remains the same. The time difference between these two runs is one
month. To determine whether this change is a result of the model or a change in
time, I conducted another experiment with the GPT-4 model, and it seems that
the change is more likely due to the model itself.

Another important aspect of the model is randomness, which can be changed
by adjusting the temperature of the model. In the original run, the OpenAI As-
sistants API did not have the option to adjust the temperature9. In the recent
update, the temperature can be changed, and it is between 0 and 210.

9OpenAI announced that the default temperature was 1 for Assistants API.
10This parameter typically ranges between 0 and 1 for most models, but OpenAI set it between 0 and 2 for

the Assistants API. I tested different temperature settings and found that results remain consistent between 0
and 1. However, increasing the temperature above 1 leads to poor and sometimes nonsensical responses.
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FIGURE 12. RESPONSE TO SHORT-RUN AND LONG-RUN INFLATION EXPECTATION FOR GPT4 AND GPT4O

Note: The figure compares the responses to short-run and long-run inflation expectation questions for differ-
ent GPT-4 models. The top graph shows the distribution of responses for the short-run (SR) prior question,
and the bottom graph shows the distribution for the long-run (LR) prior question. The results are presented
for three different runs: GPT-4 turbo run on April 15, GPT-4o run on May 15, and GPT-4 turbo run on July
15. GPT-4o model, indicating lower inflation expectations. However, the overall shape of the distributions
remains similar across the different models and runs, suggesting a consistent pattern in the responses despite
model updates and variations in the underlying architecture.

E. Persona Characteristic

The importance of persona in simulating human like behavior with large lan-
guage models has been increasingly recognized in recent research (Horton, 2023;
Chen et al., 2024; Hu and Collier, 2024). Many studies have explored using
persona prompting to create LLM agents with specific personality traits, back-
grounds, and characteristics in order to generate more realistic and nuanced be-
haviors. There are valid concerns about whether the inflation expectations or
any other survey responses generated by LLMs truly reflect what happens in the
real world, especially when we think about comparing AI behavior to human ac-
tions. However, recent studies by Fedyk et al. (2024) and Kazinnik (2023) shows
that LLMs can mimic complex human behaviors in financial contexts, support-
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ing the view that, with the right setup, LLMs can provide accurate insights into
how humans make decisions.

FIGURE 13. INFLATION EXPECTATIONS BY PERSONA ATTRIBUTES

Note: This figure shows the inflation expectation outputs of AI agents with different political persona at-
tributes, 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 probabil-
ities more uniformly across the inflation bins, with less variation by political persona. The total number of
observations are 200 (40 for each category) and the session conducted on May 22.

In this experiment, I compared the inflation expectation for agents with no
specified persona, agents living in Texas or California, and agents identified as
Republican or Democrat. The purpose of this configuration is to examine how
state residency and political affiliation influence inflation expectations, and by
adding only one aspect at a time, it becomes easier to compare each group to the
baseline. The results, shown in Figure 13, suggest that political partisanship had
a much stronger effect on the agent’s inflation expectations compared to whether
they lived in a red or blue state. For the probability distribution questions, the
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agents assigned probabilities across for bins that are much more realistic. How-
ever, for the point prediction questions, the Republican agent expressed signifi-
cantly higher inflation expectations than the others. Interestingly, these findings
closely mirror the inflation expectation differences by political affiliation found
in recent survey work with human subjects by Binetti, Nuzzi and Stantcheva
(2024), Stantcheva (2024) and Binder, Kamdar and Ryngaert (2024). This demon-
strates the potential for using persona attributes from real-world human data to
generate realistic variation in LLM experiments.

FIGURE 14. COMPARISON OF MEAN AND MEDIAN ACROSS DIFFERENT PERSONA CATEGORIES

Figure 14 further illustrates the impact of persona on inflation expectations.
The Republican persona consistently shows higher inflation predictions than the
other groups, especially in the mean values. This highlights how the persona’s
political affiliation influences the AI’s responses. The Democrat persona, while
slightly different, often aligns with the no Persona expectations. These results
again shows that persona attributes can significantly shape the outputs of AI
models, making them reflect real-world biases in human behavior.

IV. Conclusion

This study presents a new approach to investigating the formation of inflation
expectations by integrating Large Language Models and survey experiments.
The key findings highlight the impact of the knowledge domain on the varia-
tion in responses, with LLMs having access to relevant economic data, such as
related Federal Open Market Committee minutes, exhibiting lower variance in
their inflation expectations compared to those with access to irrelevant informa-
tion. This emphasizes the importance of providing LLMs with domain-specific
knowledge to improve the accuracy and consistency of their responses. More-
over, the study demonstrates that information treatments, particularly those re-
lated to forward guidance, have the most significant impact on updating LLMs’
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prior inflation expectations, aligning with some of the previous findings from
human subject studies.

The research also explores the influence of model selection and persona char-
acteristics on the survey results. The findings indicate substantial consistency
between different sessions of the experiment using the same model; however,
variations in results can occur when different models are employed, particu-
larly if the training data or underlying architectures are altered. Furthermore,
the study shows that incorporating persona attributes, such as political partisan-
ship, can significantly influence the responses generated by the LLMs, highlight-
ing the importance of considering these factors when designing and interpreting
AI-driven experiments and models.

Future directions for this research include extending the study by incorporat-
ing more models for comparison and further exploring the impact of persona for
AI agents. Introducing detailed demographic characteristics to the LLMs could
provide insights into how different segments of the population might interpret
and respond to information. Additionally, comparing the performance of LLMs
with human subjects under similar experimental conditions could further reveal
the strengths, limitations, and potentials of these AI models in economic fore-
casting.
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APPENDIX

A1. Prompts

System Prompt
The GPT is designed to answer users’ questions about the expectations for

future inflation based on their understanding of the provided documents. It
responds with numerical percentage estimates, reflecting its opinions and
anticipations about inflation while acknowledging the inherent uncertainty
in such forecasts. The GPT uses the information from the text to derive its
responses but does not use exact inflation targets from the document. It
presents answers in two formats: single percentage points for point predic-
tion 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 [ %, %, %,
%, %, %, %, %, %, %,].

RAG Prompt or Prompt before Prompt

Do not use the exact inflation if mentioned in the document. 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 expectations and the perception of inflation, not inflation predic-
tion. Do not answer nothing.

Main Prompt (For example, for T 3 with Current rate, FFR)

Initial: ”Q2 I 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: [ %, %,
%, %, %, %, %, %, %, %]
”
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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 %.”

An Example of a Bad Prompt

You are a helpful assistant. Read the document and then answer the ques-
tion you were asked. Please provide your response in a concise manner.
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A2. Survey Questions

Q id Question

Q1 I Over the last 12 months, what do you think the overall rate of
inflation/deflation has been in the economy? The rate of infla-
tion/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 I In THIS question, you will be asked about the probability (PER-
CENT 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 im-
portant thing is that the total should be 100%] ... Give your answer
as a list like this: [ %, %, %, %, %, %, %,

%, %, %]

Q3 I In THIS question, you will be asked about the probability (PER-
CENT 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 12-month period, 24 months from now and 36 months from
now... [RANGE OF EACH OPTION BELOW is 0-100 and each op-
tion 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:
[ %, %, %, %, %, %, %, %, %,
%]

Q1 F 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 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 %.
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A3. Miscellaneous Responses

The following table shows some of the responses generated by the AI 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

T 1 M0 The document outlines that the medians of participants’
projections for both total and core Personal Consump-
tion 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 appears that infla-
tion expectations are gradually increasing but remain-
ing 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 infla-
tion over the next 12 months could be projected within
a similar range, around [2.0%]. This provides a base-
line expectation given the historical data trends and pro-
jected figures available in the document.

Q1 F

T 1 W 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 geopo-
litical stability. In the absence of specific forecasting data
from within the document and under normal economic
conditions, central bank inflation targets provide a use-
ful reference.
Central banks often aim for an ...

Q2 F

T 6 E The information provided does not offer a direct basis
from which to infer future inflation rates. Consequently,
without specific economic 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.

Q1 F

T 2 W 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 pertain-
ing to inflation rates.

Q2 I
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T 5 W I’m unable to provide opinions, forecasts, or generate
speculative data, including predicting future inflation or
deflation rates.

Q1 F

T 1 M0 To provide a detailed and accurate answer to your ques-
tion, I will need to analyze the document you’ve up-
loaded. I will begin by examining the document to un-
derstand its insights on inflation expectations or rele-
vant economic outlooks for the given time frame. This
will enable me to make informed estimations for each
category you’ve asked about.
I will now start analyzing the document

Q3 I

T 1 M0 As an AI, 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 fore-
casts from reliable financial institutions, central banks,
or government economic reports, which typically use
economic models and current economic data to provide
their inflation forecasts.

T 4 M2 Predicting the future unemployment rate involves com-
plexities such as economic policy changes, technological
advancements, global economic conditions, and market
trends, among others. While inflation data provides in-
sight into economic conditions, it does not directly pre-
dict unemployment rates due to the multifaceted re-
lationship 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 indicators along-
side inflation rates is essential. Economists and financial
analysts use various models to make such forecasts, and
it’s advisable to consult their analyses for predictions on
economic conditions, including the unemployment rate.

Q2 I

T 3 M1 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%

Q2 F
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A4. Huber Regression

TABLE A3—HUBER REGRESSION RESULTS FOR ASSISTANTS N AND M2

E[π] 1 Year Ahead E[π] 3 Years Ahead
Assistant N Assistant M2 Assistant N Assistant M2

Intercept 3.45*** 3.37*** 2.92*** 3.12***
(0.058) (0.089) (0.155) (0.124)

θSR 0.006 0.007 - -
(0.010) (0.016)

θLR - - 0.14*** 0.05**
(0.029) (0.023)

β2 0.05 0.11 0.10 -0.26
(0.080) (0.120) (0.227) (0.171)

β3 0.28*** 0.07 0.42* -0.44**
(0.082) (0.120) (0.236) (0.171)

β4 0.09 0.10 0.60** 0.10
(0.077) (0.117) (0.222) (0.178)

β5 -0.57*** -0.56*** -0.12 -0.32
(0.080) (0.115) (0.219) (0.173)

β6 -0.01 0.22 0.35 -0.06
(0.081) (0.116) (0.224) (0.164)

γ2 -0.009 -0.01 -0.04 0.10***
(0.014) (0.022) (0.042) (0.032)

γ3 -0.06*** -0.02 -0.13* 0.06**
(0.015) (0.022) (0.044) (0.032)

γ4 -0.02 -0.03 -0.14*** 0.01
(0.014) (0.021) (0.041) (0.034)

γ5 -0.02 -0.01 -0.14** -0.05
(0.015) (0.021) (0.040) (0.033)

γ6 0.001 -0.03 -0.05 0.06**
(0.015) (0.021) (0.041) (0.031)

R squared 0.2422 0.2012 0.3745 0.2686
Obs. 1200 1200 1200 1200


