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1. Introduction

Forecasting surveys are a cornerstone in economic modeling and policy-making,

serving as a key input for understanding expectations and beliefs (Rudebusch, 2002;

Orphanides and Williams, 2002, 2007; Patton and Timmermann, 2010; Manzan, 2011,

2021). However, traditional forecast surveys face significant limitations.

First, surveys are costly to conduct, resulting in low-frequency data collection.1

Second, survey data is static, reflecting participants’ responses at a specific point

in time, which inherently complicates establishing a time series of observations for

new questions introduced into the survey. Third, researchers and policymakers are

constrained by the fixed design of surveys, where existing questions cannot easily be

altered, and new questions are challenging to introduce. Finally, personal charac-

teristics of forecasters may impact macroeconomic forecasts (Benchimol et al., 2022;

Huang et al., 2022). These limitations may reduce the ability of surveys to inform

economic policy effectively.

A central question in forecasting is how expectations are formed. The literature

increasingly questions the assumptions behind the full-information rational expecta-

tions (FIRE) model. Studies point to informational frictions (Mankiw and Reis, 2002;

Maćkowiak and Wiederholt, 2015) and behavioral biases in expectation formation,

such as over-extrapolating past trends (Bordalo et al., 2020) or under-extrapolating

due to cognitive limitations (Gabaix, 2020). Despite extensive research, the precise

mechanisms driving expectation formation remain unresolved, particularly regarding

the influence of personal characteristics.

To address these challenges, we introduce a novel simulation-based framework that

1For instance, the Survey of Professional Forecasters (SPF) is conducted only quarterly.
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replicates the Survey of Professional Forecasters by generating synthetic forecast data

using Large Language Models (LLMs).2 By creating synthetic forecasters based on

hand-collected individual-level personal characteristics, we produce panel-style survey

responses that mirror the SPF generation process, using identical inputs such as real-

time data and survey framework. This approach allows us to overcome the constraints

of traditional surveys by enabling high-frequency, adaptable, and cost-effective data

collection. It also allows us to take the influence of personal characteristics into ac-

count.

Recent advances in artificial intelligence show that, in certain domains, LLMs can

reliably simulate economic agents and produce outputs aligning with human reasoning

(Argyle et al., 2023; Horton, 2023; Fedyk et al., 2024; Zarifhonarvar, 2024). LLMs also

replicate human-like errors (Koralus and Wang-Maścianica, 2023; Hayes et al., 2024)

and reflect distinct personality traits based on psychological models (Jiang et al.,

2023). Moreover, their probabilistic judgments often exhibit biases similar to human

reasoning patterns (Zhu and Griffiths, 2024). These findings suggest that LLMs are

valuable tools for modeling both artificial and human decision-making processes.

Building on this literature, we show that LLMs can effectively simulate real-world

survey responses at the individual level. Our key innovation lies in integrating indi-

vidual forecaster personas with real-time macroeconomic data to replicate the SPF.

This framework enables us to explore how personal characteristics influence economic

expectations and forecasting behavior, providing a more detailed view of forecast dy-

namics than aggregate models allow.

Our contributions are threefold. First, we provide novel insights into the behav-

2We select the Survey of Professional Forecasters (SPF) for this study because it is the longest-
running publicly available forecasting project, providing a rich dataset of professional forecasts on
key macroeconomic indicators (Croushore, 1993) and making it an ideal benchmark for our exercise.
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ioral aspects of forecasting by leveraging individual forecaster characteristics such as

education, job experience, and institutional affiliation. We examine how these traits

influence forecasters’ willingness to deviate from consensus and their overall forecast

accuracy. Second, we are among the first to apply generative AI in macroeconomic

forecasting, opening new avenues for predictive modeling. Our findings demonstrate

that LLM-generated forecasts can enhance accuracy and offer deeper insights into

economic trends by capturing forecasters’ behavioral responses to real-time data and

macroeconomic shifts. Third, we present a novel framework that integrates synthetic

forecasting agents with real-time data, replicating the forecast generation process at

both the individual and aggregate levels. This approach addresses key limitations in

traditional surveys, and provides a robust complement to conventional survey-based

methodologies.

Our work extends the emerging literature on the application of LLMs in economic

forecasting. For instance, Faria-e Castro et al. (2023) show that LLMs like Google’s

PaLM can generate inflation forecasts that often outperform the SPF. Similarly, By-

bee (2023) use historical news data to generate economic expectations via LLMs, with

outcomes aligning closely to survey-based measures. However, our paper differs in

scope and approach by using LLMs to simulate individual decision-making processes

and applying them to macroeconomic forecasting. Through this integration of behav-

ioral analysis and AI-driven forecasting, we offer a more comprehensive understanding

of how personal traits influence forecasting behavior, and at the same time provide a

novel framework for improving forecast accuracy.

Our findings reveal that AI models, particularly the GPT 4o-mini, often outper-

form human forecasters in short- and medium-term forecasts, with lower mean squared

errors and more accurate directional predictions. However, human forecasters retain
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an advantage in long-term forecasting, especially during periods of economic volatility

such as the 2008 financial crisis and the COVID-19 pandemic. These results suggest

that while AI can replicate human forecasting patterns in stable conditions, further

refinement is needed to improve performance during times of economic uncertainty.

The remainder of the paper is organized as follows: Section 2 covers the structure of

the SPF panel. Section 3 discusses how synthetic forecaster persona are constructed.

Section 4 outlines our methodology for generating synthetic forecasts using LLMs.

Section 5 describes the data used. Section 6 explains the simulation framework. Sec-

tion 7 presents the results of our analysis, comparing AI-generated forecasts with those

from the SPF and the realized macroeconomic values. Section 8 concludes.

2. The Survey of Professional Forecasters

The Survey of Professional Forecasters (SPF) is a quarterly survey of economic

experts in the United States. Initiated in the fourth quarter of 1968 by the American

Statistical Association and the National Bureau of Economic Research, it has been

conducted by the Federal Reserve Bank of Philadelphia since 1990. Response deadlines

have typically been around the middle of each quarter.3

The SPF panelists are considered attentive and rational agents who provide fore-

casts based on extensive data analysis, quantitative models, and their professional

judgment. They produce projections as part of their professional responsibilities and

typically have substantial experience in macroeconomic forecasting. These partici-

pants are knowledgeable about the variables they forecast and the relevant economic

theories.4 Panelists work in various settings: some at forecasting firms serving exter-

3For complete survey deadlines and release dates, see the Philadelphia Fed’s website.
4Forecasters are recruited via the SPF Call for Participants. New panelists undergo a trial period
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nal clients, others at banks or financial institutions providing forecasts internally and

externally. The panel also includes chief economists from industry trade groups and

manufacturers, as well as academics specializing in optimal forecasting methods.

Although SPF forecasters remain anonymous and their personal characteristics are

largely unknown, the individual-level SPF dataset does include each forecaster’s indus-

try classification (”financial service provider” or ”non-financial service provider”), as

well as assigns identifiers that allow researchers to track an individual’s forecasts across

different survey rounds. The anonymity of individual forecasters is understandable,

as it protects the forecasters’ professional interests and encourages them to provide

honest and unbiased forecasts without concern for potential repercussions.5

The composition of the SPF panel varies over time due to respondents joining or

leaving, and occasionally, respondents may not answer all survey questions, resulting

in an unbalanced panel. However, the use of numerical identifiers allows for tracking

individual forecasts over time. This facilitates analyses of forecast behavior at the

individual level and enables comparisons between forecasters—for instance, assessing

relative accuracy or tendencies to be contrarian or uncertain. Since the Philadelphia

Fed began overseeing the survey, the average number of panelists has been around 40

(see Figure A.10).

Forecasters employ various methods to produce their predictions. A special survey

in 2009 (Stark, 2013) revealed that most use quantitative models but adjust projections

to account for current economic conditions and recent trends. Nearly all supplement

during which their submissions are reviewed for conceptual errors, such as forecasting the wrong
variable or using incorrect data transformations. No judgment is made on the forecasts themselves
beyond checking for conceptual accuracy. More information is available on the Philadelphia Fed’s
website.

5While we are able to gather the names and the individual characteristics of these forecasters, we
only report aggregate statistics in the paper.
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their models with subjective beliefs about the economy. Additionally, forecasters use

different methods depending on the forecast horizon; for example, the model used for

predicting real GDP in the current quarter may differ significantly from that used for

forecasting average GDP growth over the next five years.

The survey form has undergone changes over time; in our sample period from

1999 to 2023, there have been eight modifications. These changes have expanded the

original form, but the core essence of the survey has been preserved.

3. Synthetic SPF Personas

Although the SPF panelists are anonymized in the published datasets, the Philadel-

phia Fed acknowledges individual forecasters on their website by listing their names.6

Additionally, many panelists publicly disclose their participation in the SPF on social

media or professional platforms. Leveraging this information, we construct a unique

dataset of individual forecaster characteristics within the SPF. Specifically, we em-

ploy two approaches to create synthetic forecast personas: one based on forecaster

characteristics and another based on their biographies. Table 2 presents examples of

personas generated by both methods.

3.1. Generating Synthetic Personas Based on Characteristics

We develop detailed personas for each forecaster by collecting key information

about their backgrounds, such as their education, job titles, and affiliated organiza-

tions. This includes specifics like alma maters, degrees earned, professional roles, and

the types of institutions they represent. When available, we also incorporate the lo-

cations of their organizations, countries of origin, and relevant social media presence.

6A screenshot of such acknowledgments is provided in Figure A.8.
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Each characteristic is summarized in Table 1.

Gathering forecaster characteristics is crucial because empirical literature demon-

strates that personal backgrounds significantly influence behavior and beliefs. For

instance, individuals who grew up during the Great Depression tend to be more cau-

tious about financial risk (Malmendier and Nagel, 2011), while those who experienced

hyperinflation are less likely to invest in risky assets (Fajardo and Dantas, 2018).

Personal experiences shape outlooks on forecasting macroeconomic variables such as

inflation (Malmendier and Nagel, 2016). Moreover, both the geography and institu-

tional affiliations of experts can affect their forecasting approaches (Batchelor, 2007;

Hong and Kacperczyk, 2010).

To construct our dataset, we begin by compiling a list of forecaster names from the

acknowledgments provided by the Philadelphia Fed for each survey. Using open-source

intelligence (OSINT) techniques, we gather detailed professional and demographic

information about each individual through internet searches. To infer the country

of origin, we consider indicators such as the location of their high school listed on

professional profiles like LinkedIn.7

With these forecaster profiles established, we create personalized narratives for the

prompts provided to the LLMs. Each forecaster is introduced as a member of the SPF

panel, with their academic and professional achievements highlighted. They are then

prompted to provide predictions based on the most recent economic data available,

such as inflation, GDP, or employment figures. By integrating their background and

real-time data into the prompt, we encourage the LLM to generate forecasts that reflect

7The assumption is that attending high school in a particular country significantly influences an
individual’s formative years, shaping their perspectives and potentially affecting their future forecasts.
While the majority of participants are American, the variation in our data provides sufficient relevance
for the country-of-origin variable. We thank Nicole Lindsay for this insight.
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the forecaster’s expertise and judgment. This process results in forecasts tailored to

the individual, capturing their unique experiences and roles in the forecasting process.

3.2. Generating Synthetic Personas Based on Biography

An alternative approach involves crafting synthetic personas using biographical

narratives. We use OpenAI’s Assistant API to interact with a specialized AI assistant

designed for this task. Specifically, we employ the following system prompt:

You are designed to gather information on the background and biography

of a professional forecaster who participates in the Survey of Professional

Forecasters for the Federal Reserve Bank of Philadelphia. Your task is to

create a persona, with a maximum of 200 words, that accurately represents

their most important characteristics, forecasting expertise, background, and

overall persona. Do not reference them by name, but mentioning associated

organizations is acceptable. Each text should start with “You are ...”. Use

simple words and easy-to-read text.

The assistant processes the biographical information obtained from each fore-

caster’s online profile and generates a synthesized persona as output. This approach

captures the essence of the forecaster’s expertise and background without revealing

their identity, allowing the LLM to produce forecasts that embody the forecaster’s

professional persona.

4. Method

4.1. General Mechanism

For each of the SPF forecast personas, we replicate the process of filling out the

SPF survey as closely as possible for each quarter in the sample.
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Considering N forecasters and T surveys, i.e., quarters, we set out to produce a

nowcast and 1-4 quarters ahead forecasts for each forecast variable Xt, i.e.:

{
[E(Xt+s|Ft,i)]

s=4
s=0

}
∀i∈N, t∈T

where Ft,i is the information set available to forecaster i at the time of the deadline for

the SPF survey in quarter t. This information set includes real-time macroeconomic

data, the aggregate SPF forecast in the previous survey, the individual forecaster’s

previous forecast, and the persona-specific knowledge and expereicnes. The nowcast

appears as the case where s = 0.

For example, consider a fictional forecaster, Alexandra Bryson, who is member of

the panel betweeen 2017 Q1 and 2023 Q4. We first generate a set of forecasts for

different horizons for each of the variables for Alexandra for her first forecasting date

(2017 Q1). For this first forecasting date, Alexandra operated with available real-time

data and the data on the aggregate forecasts made by the panel in 2016 Q4. On our

next iteration in 2017 Q2, we incorporate this data in Alexandra’s information set,

and iterate forward until Alexandra’s tenure on the panel concludes.

4.2. Large Language Models

Recent research demonstrates that language models can effectively mimic human

economic behavior and thought patterns (Horton, 2023; Brand et al., 2023; Argyle

et al., 2023; Jiang et al., 2023; Aher et al., 2023). Trained on vast corpora of text,

these models learn the statistical structures of language, enabling them to generate

contextually appropriate and coherent responses. Essentially, LLMs can be viewed as

computational proxies for human respondents, able to produce outputs that resemble

human reasoning and decision-making.
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The concept of synthetic agent modeling, introduced by Horton (2023) and Argyle

et al. (2023), merges theoretical and empirical research to simulate human behavior

using LLMs. Traditional economic theory often becomes unwieldy when incorporating

realistic attributes, while empirical research may be constrained by data limitations.

Synthetic agent modeling bridges these approaches by positioning the model prompt

as the central behavioral driver. This methodology allows for the testing of hypotheses

and theories about human behavior.

Horton (2023) suggest that LLMs emerge as implicit computational representa-

tions of humans—termed homo silicus. Analogous to the economic concept of homo

economicus, LLMs can be endowed with information, preferences, and biases, facili-

tating the simulation of behavior in diverse scenarios. LLMs thus serve as preliminary

simulation environments, enabling researchers to uncover novel social science insights

that can be validated in real-world settings.

Similarly, Argyle et al. (2023) demonstrate that a single language model, when

properly conditioned, can produce outputs biased both toward and against specific

groups and perspectives, closely mirroring human response patterns across fine-grained

demographic dimensions. This indicates that language models encapsulate a multitude

of biases, reflecting the diversity of human thought. Additionally, Brand et al. (2023)

employ an LLM to generate realistic consumer behavior survey responses, finding that

the distributions of responses to changes in product attributes and choice probabili-

ties align with observed consumer behavior, including patterns like downward-sloping

demand curves and state dependence.

Expanding on the role of LLMs in economics, Immorlica et al. (2024) argue that

these models should be conceptualized as economic agents. AI systems can function

similar to human consultants, possessing their own information sets, actions, and
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preferences, albeit with limited agency. This perspective positions AI not merely as a

tool but as an active participant in economic interactions.

Some social scientists even advocate for using LLMs as full substitutes for hu-

man participants in psychological studies (Dillion et al., 2023; Grossmann et al.,

2023). Grossmann et al. (2023) contend that advanced AI models, trained on ex-

tensive datasets, capture a wide array of human experiences and viewpoints. Not

burdened by human limitations such as attention spans or cognitive biases, language

models can provide broader parameter responses. This approach is particularly bene-

ficial in high-risk contexts, offering a simulated testing environment prior to real-world

implementation.

In this paper, our focus is on time series forecasting. Given that language models

excel at modeling sequential dependencies in text, we posit that their capabilities

can generalize to capturing sequential dependencies in time series data. Combined

with their ability to simulate human reasoning, LLMs provide an ideal framework for

recreating the SPF and exploring the formation of economic expectations.

4.3. Temporal Restriction

Do language models generate or recall? Language models are trained on large

datasets collected during a specific period, allowing them to learn patterns and rela-

tionships within the data. However, when generating responses, they do not simply

recall exact pieces of information. Instead, they create new outputs based on these

learned patterns, which gives the impression of generating content, even though the

underlying knowledge comes from previously seen data (Gurnee and Tegmark, 2023).

There are, however, nuances.

Restricting large language models (LLMs) to operate within a specific temporal

scope presents a unique set of challenges in the context of forecasting. LLMs are
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trained on large datasets that include information from various time periods, meaning

they can often reference or generate insights from data outside the intended forecasting

window. This becomes problematic when attempting to simulate real-time forecasts,

as historical or future data that would not have been available to human forecasters

at a given point in time might influence the model’s predictions.

To address this issue, the LLMs in this study were provided with real-time datasets

that reflect the economic data available to human forecasters at the time of their

predictions. The LLMs were specifically instructed through prompts to base their

forecasts only on the information available up to the specific quarter being forecasted

(e.g., t0 or t1), and not to rely on data beyond that point.

Despite this effort, enforcing strict temporal adherence is challenging. Language

models are naturally trained to predict the next word or sentence based on patterns

they have learned from vast amounts of text. When tasked with forecasting, LLMs

may unintentionally draw on patterns or knowledge that imply future data trends,

even when explicitly told to disregard information beyond a specific time point.

This phenomenon can lead to what is known as “temporal leakage,” where predic-

tions are informed by data that should be outside the forecaster’s knowledge at the

time. The introduction of temporal leakage can result in several potential impacts on

forecast accuracy.

First, the effect of temporal leakage is often less pronounced in short-term forecasts,

as the model can primarily rely on current or very recent data to make predictions.

However, if the model references future trends or patterns it has learned from historical

data, even in a subtle way, this could give it an unintended advantage over human

forecasters. In some cases, this might explain why AI models outperformed human

forecasters in shorter forecast horizons, as shown in the results.
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The impact of temporal leakage can be more detrimental in longer-term forecasts.

While human forecasters rely heavily on judgment and expert knowledge to navigate

the uncertainty of distant future predictions, LLMs might fall back on probabilis-

tic trends that they have learned from the overall training data. This could lead to

overconfidence or reliance on patterns that do not hold in real-time economic envi-

ronments, ultimately reducing forecast accuracy. In our study, this was reflected in

the slightly inferior performance of AI models for long-term forecasts, as compared

to human forecasters who were able to better incorporate uncertainty and contextual

knowledge.

To deal with this issue, we apply several mitigation strategies to limit temporal

leakage and improve the realism of simulated real-time forecasts. First, the models

were explicitly instructed to focus on the data available up until the quarter being

forecasted, with prompts designed to emphasize the importance of ignoring future

trends. This approach aimed to “condition” the model to act as a human forecaster

with limited knowledge of future events.

Second, real-time data was segmented to match the exact information that would

have been available to human forecasters at the time of their predictions. This ensured

that LLMs were not inadvertently provided with future data, helping to reduce the

risk of temporal leakage.

5. Time-Series Data

Professional forecasters rely on a large number of economic indicators when forming

expectations about the future state of the economy. However, the SPF respondents

only have access to data released at the time of the SPF submission deadline, which

also excludes ex post data revisions.
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To simulate the SPF, we aim at providing the LLMs access to the same data

environment as that of human forecasters. Specifically, we feed the LLMs with past

SPF forecasts and real-time macroeconomic indicator data. This section describes

how we collect and process these data.

5.1. Data Collection and Processing

We use data from the Federal Reserve Bank of Philadelphia from two datasets: real-

time macroeconomic data and median SPF forecast data. The final merged dataset

contains quarterly real-time observations where each row represents a date and each

column (vintage) represents the date when the data point was recorded. The variables

and their definitions are summarized in Table 3. The median SPF forecast dataset

provides historical SPF forecasts of various variables in levels at the quarterly fre-

quency at forecasting horizons of 1-4 quarters (denoted by “3”–“6” in the dataset)

and the quarterly nowcast (denoted by “2”). The dataset also provides the past ob-

served value of the data (denoted by “1”), which is provided to the forecasters as part

of the SPF submission form.

We process these data to generate a row of data for each survey quarter with (1)

the latest observed values of the SPF variables, (2) the latest real-time macroeconomic

data available at the time of the SPF submission deadline, (3) and the median SPF

forecasts. One of the core tasks in this process is transforming percent change variables

and calculating the percent change between quarterly levels. We compute the percent

change using the following formula, where X represents the quarterly means of the

variables:

(
Xt

Xt−1

)4

− 1× 100
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6. Survey Simulation

Building off all of the inputs we’ve described up to this point, we use a set of LLMs

to run a simulated survey grounded in a set of hypothetical scenarios presented in the

form of a prompt. The prompt serves both as a backdrop against which synthetic

participants respond, and the driver for generating responses.

6.1. Prompt

We automate the process of generating forecast queries and interacting with an AI

assistant to gather responses. We start by feeding in information about forecasters

and economic variables. This way, we create personalized forecast queries that ask

participants to predict economic variables such as GDP, inflation, and unemployment

for future quarters. As described in previous sections, the queries are customized

based on the forecasters’ past predictions and real-time economic indicators, making

them highly tailored to each individual:

You are a participant on a panel of Survey of Professional Forecasters. Your name is [name], you

graduated from [alma mater] with a [education] around [graduation year].

Today, you work as [title] at [affiliation]. It’s [afilliation types] organization.

Your organization is based in [company_location].

You are originally from [country_origin]. [social media status].

Note: This is a simplified version of the prompt that is set to create a synthetic
characteristics-based persona. The terms highlighted in blue are inputs.
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We are in [date_q]. You are about to fill out the forecast form for [date_q]. Using only the

information available to you as of [date_q], please provide your best numeric forecasts for the

following variables: [variable_data].

Do this for the following quarters: t (current quarter), t+1, t+2, t+3, and t+4, as well as annual

forecasts for this and next year (annual averages). You have the most recent real-time data on key

macroeconomics variables available to you as of today: [real_time_data].

The forecasts made by the SPF panel during the previous quarter were as follows (for t-1, t, t+1,

t+2, t+3, t+4; where t is previous quarter:[variable_forecasts_text].

Do not incorporate any data that was not available to you beyond the current date in your

forecasts. Do consider all relevant information on the broad economic conditions and current

Federal Reserve actions (up to, but not beyond [release_date]).

Use available information, and your professional judgement and experience.

Your forecast is anonymous. Provide the forecasts as a sequence of numerical values only.

Please only provide your forecasts in the format: (t, t+1, t+2, t+3, t+4, this year’s average,

next year’s average).

Note: This is a simplified version of the prompt that provides each synthetics fore-
casters with real-time data and past predictions, and solicits predictions.

As described in the prompt above, synthetic forecasters are provided with a set of

real-time economic data and past forecasts to help them generate their predictions.

These variables reflect the current state of the economy, and the forecasters are also

given past forecasts from previous quarters to help contextualize their predictions.

Additionally, the forecasters receive personalized background information, such as

their education, job title, and the type of organization they work for, which is used to

simulate a professional forecasting environment.

Based on this data, the synthetic forecasters are asked to produce numeric forecasts
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for a set of variables for several upcoming quarters, specifically for periods like the

current quarter t, t+ 1, t+ 2, and up to t+ 4. They are also asked to provide annual

forecasts for both the current and the following year. The forecasts must be numerical

and presented in a specific format. Additionally, the synthetic forecasters are asked

to provide a brief explanation or reasoning behind their predictions, limited to 1-2

sentences.8

The overall goal is for the forecasters to use the available information and their

professional judgment to predict how key economic variables will evolve in the near

future, without considering any data beyond the current point in time.

In this scenario, the individual is depicted as a member of a panel of Professional

Survey Forecasters (SPF), actively participating in a forecasting exercise on a spec-

ified date. The narrative introduces the forecaster by detailing their academic and

professional background, including their alma mater, highest degree earned, year of

graduation, current job title, and the nature of the work of their employer. We test

the hypothesis that inclusion of these characteristics in the prompt could influence the

weighting of different data sources or models based on presumed expertise.

6.2. Assistants

We use the OpenAI Assistant tool that has instructions and can leverage mod-

els, tools, and files to respond to user queries. Broadly, Assistants are AI agents

built using the Assistants API, designed to perform tasks and respond to user queries

within applications. They can be assigned various OpenAI models, as well as model

temperature, and other parameters, and can generate responses based on specific in-

8These instructions are assigned to them via system prompt.
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structions.9 Assistants manage persistent conversations through Threads, which store

message histories and ensure smooth interactions. They can create and reference files,

while also using a structured process called “Runs” to perform tasks step by step,

ensuring accurate results.

By employing the Assistant, we effectively endow our prompts with agency, trans-

forming static instructions into interactive dialogues with a simulated economic fore-

caster. This approach aligns with the work of Zarifhonarvar (2024), who use OpenAI’s

Assistants to simulate economic agents in inflation expectation surveys. In tha paper,

a group of Assistants receive informational treatments to influence their prior expec-

tations, and their responses are analyzed to understand how LLMs adjust beliefs in

response to new information. The authors find that Assistants with access to relevant

economic data generate more accurate and consistent inflation expectations compared

to those without access.

Operationally, once we define the forecaster persona and the forecasting task via

the prompts outlined in the previous subsection, the Assistant acts as the agent ex-

ecuting the task. The script interacts with the model through the Assistants API to

gather responses, effectively simulating a conversation with a professional forecaster.

The Assistant is prompted to confirm its understanding of the task, provide numeric

forecasts, and explain the reasoning behind its predictions.

6.3. Models and Setup

We evaluate twelve different AI models to assess their performance in economic

forecasting tasks. These models represent combinations of:

9The Assistants API supports tools like Code Interpreter, File Search, and Function Calling,
allowing assistants to handle complex tasks by accessing multiple tools in parallel.
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• LLM Architectures: GPT-3.5, GPT-4, and GPT-4o-mini

• Temperature Settings: 0 (deterministic) and 1 (stochastic)

• Persona Configurations: Biography-based and Characteristic-based personas

Each model generates forecasts for up to four quarters ahead (t0 through t4), and

we compare their performance against forecasts from professional forecasters in the

Survey of Professional Forecasters (SPF). Here is a brief overview of the models used:

• GPT-3.5: A highly capable language model trained on extensive internet text,

serving as the predecessor to GPT-4. While proficient in understanding and

generating coherent responses, it is slightly less advanced in handling nuanced

tasks compared to GPT-4 (Hansen and Kazinnik, 2023).

• GPT-4: An advanced iteration with enhanced capabilities in handling ambiguity,

generating coherent text, and performing complex reasoning tasks. With a larger

training corpus and more sophisticated parameters, GPT-4 excels in predictive

tasks.

• GPT-4o-mini: A lightweight variant of GPT-4, optimized for speed and effi-

ciency. While it offers quicker response times due to fewer parameters, it may

not achieve the same level of accuracy or detail as the full GPT-4 model.

Additionally, we use two parameters to set the model temperature - zero and one.

The temperature parameter controls the randomness of the model’s outputs:

• Temperature = 0: Generates deterministic and focused responses, adhering

closely to known patterns and facts. This setting reduces creativity and po-

tential errors, leading to narrowly focused predictions.
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• Temperature = 1: Introduces more randomness, allowing for a wider range of

possible predictions. While this can result in more creative or unconventional

outputs, it may also increase variability and the likelihood of less probable out-

comes.

Finally, we also have two ways to define our synthetic forecasters:

• Biography-Based Persona: The model is provided with a persona that mirrors a

professional forecaster’s biography and experience, including background, exper-

tise, and decision-making style. This aims to simulate the behavior and thought

processes of an individual human forecaster.

• Characteristic-Based Persona: The model is assigned a set of hand-collected

characteristics and attributes, allowing it to adopt different forecasting strategies

based on general traits rather than simulating a specific individual’s style.

By combining the three LLM architectures with the two temperature settings and

the two persona configurations, we create twelve distinct models for evaluation. For

each LLM architecture, the configurations are:

• Biography-Based Persona, Temperature = 0

• Biography-Based Persona, Temperature = 1

• Characteristic-Based Persona, Temperature = 0

• Characteristic-Based Persona, Temperature = 1

These combinations allow us to conduct a detailed comparison of how different

model configurations perform in economic forecasting across various time horizons.

We describe the outcome of this simulation in the next chapter.
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7. Results

As discussed, we start by evaluating the twelve different simulation set-ups, each

representing variations in the LLM architecture (GPT 3.5, GPT 4o, and GPT 4o-

mini), temperature settings (temperature = 0, 1), and persona configurations (biography-

based, characteristic-based) we use in the prompt. The models generate forecasts for

up to four quarters ahead (t0 through t4), and their performance is compared against

the mean and median forecasts provided by professional forecasters from the SPF.

Table 4 summarizes the description of the models, and Table 5 outlines the evalu-

ated forecast horizons.

7.1. How Human?

Figure ?? compares AI-generated forecasts with those produced by human forecast-

ers. The six panels display the average forecast bias over time for AI models (shown in

blue) and human forecasts from the Survey of Professional Forecasters (SPF, shown in

red), covering the period from around 2000 to 2024. Each panel represents a different

AI model (SPF1 to SPF6), allowing us to assess how closely the AI models emulate

human forecasting behavior.

Overall, the blue and red lines move in parallel, indicating that the AI models

effectively approximate the biases observed in human forecasts. This suggests that

the simulations are successful in capturing key aspects of human forecasting behavior.

However, deviations occur during periods of economic turmoil. For example, the AI

forecasts exhibit increased volatility during the 2008 financial crisis and the COVID-19

pandemic in 2020.

In models SPF2, SPF3, and SPF4, there are sharp spikes in AI forecast bias around

the time of the 2008 financial crisis, where the AI models appear to overreact compared
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to human forecasters. This implies that AI-generated forecasts may be more prone to

larger errors during crises, potentially due to a heavier reliance on historical patterns

or difficulties adapting to sudden economic changes.10

In the more recent period (2020 and beyond), which includes the COVID-19 pan-

demic, divergences between AI and human forecasts become more pronounced. While

overall trends remain somewhat aligned, the AI models sometimes overshoot or un-

dershoot relative to the SPF forecasts. This indicates that, although AI models can

mimic human forecasters under normal conditions, they may struggle in rapidly chang-

ing economic environments or unprecedented events.

In sum, the AI models do a reasonable job of emulating human forecast bias during

stable periods, effectively capturing human forecasting patterns. However, they tend

to exhibit more volatility during times of economic uncertainty, such as the 2008

financial crisis and the COVID-19 pandemic. This suggests that while the simulations

can approximate human forecasts to a large extent, further improvements are needed

to enhance their performance during unpredictable scenarios where human judgment

plays a more nuanced role.

7.2. Personal Characteristics

In this section, we look into how various professional character of forecasters impact

the simulated forecasts. We start with Table 19, which provides a comprehensive

overview of forecasting performance across various professional roles.

The largest group, Chief Economists, shows moderate forecast accuracy with a

mean squared error (MSE) of 2.48 and a slight underestimation bias. In contrast, the

10We observe in Figure 4 that AI models using characteristic-based personas (solid blue lines) tend
to align more closely with SPF forecasts, while those using biography-based personas (dashed blue
lines) exhibit greater volatility. This suggests that characteristic-based AI forecasts demonstrate
more stable behavior compared to biography-based models.
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Consultant/Analyst role demonstrates the highest accuracy, with the lowest MSE of

1.87, though it also exhibits a relatively high underestimation bias. At the other end

of the spectrum, Portfolio Managers display the most significant overestimation bias

and the highest MSE (4.20), indicating the least accurate forecasts. Interestingly, the

Other group has the highest MSE, suggesting overall lower forecast accuracy. The

Senior Economist group shows the lowest negative bias, while the Unknown category

has the lowest variability in its forecasts, indicated by the smallest standard deviation.

These results suggest that domain-specific expertise and the nature of the role heavily

influence forecasting tendencies and performance.

We also look at how affiliation impacts forecast accuracy. Table 18 summarizes

the results. The largest groups, Banking and Financial Services, Consulting and

Research, and Affiliation Unknown, dominate the count and exhibit relatively similar

performance. Banking and Financial Services, with the lowest bias (-0.07) and a

relatively low mMSE of 2.47, suggest that this group produces relatively accurate

forecasts with minimal bias. On the other hand, Consulting and Research displays a

slightly higher bias (-0.19) and MSE (2.71).

In addition, we look into education (Table 20) and gender (Table 21). Table 20

suggests that higher educational attainment, particularly among those with MBAs and

Ph.D.s, is associated with better forecast accuracy, though bias varies across groups.

Overall, MBAs and Ph.D.s show a tendency toward underestimation, while Bachelor’s

degree holders show a slight overestimation.

Table 21 compares the forecast performance between female, male, and unknown

gender groups. The male group, by far the largest with 4,792 participants, shows

relatively accurate forecasts with a MSE of 2.48 and a mild underestimation bias

(-0.13).
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Female forecasters, with a count of 542, exhibit a higher MSE (2.92) and a stronger

underestimation bias (-0.34), indicating that while their forecasts tend to be more

conservative, they also have less accuracy compared to their male counterparts. The

higher standard deviation (1.65) for synthetic female forecasters also suggests more

variability in their predictions.

7.3. Forecast Accuracy

We begin the comparison between AI and human forecasts is based on their Mean

Squared Errors (MSE), directional accuracy, and forecast bias.11 This section presents

the findings across various forecasting horizons, persona configurations, and model

architectures.

Table 14 provides a deeper comparison of the AI models by focusing on the per-

centage of wins for biography-based versus characteristic-based personas. This com-

parison is critical as it shows how the persona configuration affects forecast accuracy.

The biography-based models, which are designed to simulate human forecasters by

embedding expertise and experience into the model’s output, exhibited more con-

sistent performance in short- and medium-term forecasts. On the other hand, the

characteristic-based models performed better in long-term forecasts, especially at the

t3 and t4 horizons.

Notably, the GPT-4-based models, particularly the GPT 4o-mini variant, showed

strong performance across multiple accuracy metrics. As shown in Table 12, these

models generally performed better in terms of RMSE and MAPE across various fore-

cast horizons.12 This suggests that the GPT-4o-mini variant provides a more reliable

11Please see Online Appendix for definitions of metrics used.
12The GPT 4o-mini model was particularly effective at minimizing RMSE, a key measure of the

magnitude of forecast errors.
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prediction by reducing large outliers in the forecast data. The GPT 4-based models

also outperformed human forecasters in terms of MAPE, which assesses the average

absolute percentage errors in the predictions.

In addition to RMSE and MAPE, directional accuracy was another critical metric

we used to evaluate the performance of the AI models. Directional accuracy measures

the ability of a model to correctly predict the direction of change in the forecasted

variable.13 In this context, the GPT 4-based models also showed robust performance,

especially in the t0 and t1 horizons. The characteristic-based GPT 4o-mini model, in

particular, demonstrated superior directional accuracy, correctly predicting the direc-

tion of inflation more frequently than its human counterparts.

Finally, we look at forecast bias as an accuracy metric. Forecast bias measures

the systematic overestimation or underestimation of a variable. A low forecast bias

indicates that a model’s predictions are centered around the true values, without

consistently erring on the side of optimism or pessimism. The results showed that

biography-based models had lower forecast bias compared to characteristic-based mod-

els, especially at the shorter forecasting horizons (t0 and t1). The systematic nature

of these models made them more reliable in providing unbiased forecasts in the short

term. However, as the forecasting horizon increased (t3 and t4), the characteristic-

based models began to demonstrate lower forecast bias, indicating their strength in

providing more balanced predictions over the long run.

The overall comparison between AI models and professional forecasters reveals

that AI-driven models, particularly those based on GPT 4o-mini, generally perform

better across most key metrics. The superior performance of AI models is especially

13This is particularly important in economic forecasting, where understanding whether a variable
(such as inflation) will increase or decrease can be as valuable as the precise magnitude of that change.
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apparent in the short- and medium-term forecasts, where AI models consistently had

lower MSE, higher directional accuracy, and lower forecast bias. However, human

forecasters still maintained a slight edge in long-term predictions, particularly in terms

of directional accuracy. This suggests that while AI models are highly effective at

short-term forecasting, there is still room for improvement in forecasting over extended

time periods.

7.4. Winners and Losers

7.4.1. Human vs. Machine

Table 15 provides a clear breakdown of “winners” and “losers” when comparing

AI and human forecasters across different forecasting tasks, using mean squared error

(MSE) as the measure of accuracy. Each row represents a competition between AI

and human forecasters at a specific time horizon (from t0 to t4) against corresponding

Consumer Price Index (CPI) forecasts (CPI2 to CPI6).

Looking at the “winners” column, for example, in the t0 vs CPI2 comparison,

human forecasters win 630 times, while the AI wins 548 times. Though humans come

out slightly ahead in this case, the number of ties (22) indicates close competition. As

we move forward in time (t1 vs CPI3, t2 vs CPI4, and so on), AI begins to dominate

more consistently. By the t4 vs CPI6 comparison, AI wins 685 times, far outpacing

human forecasters, who win only 509 times.

Overall, the table suggests that while human forecasters may have an edge in some

short-term predictions (like t0), AI becomes the stronger “winner” in the medium- to

long-term forecast horizons. This implies that AI is better equipped for making more

accurate predictions as the forecasting period extends, positioning AI as the consistent

“winner” in long-range forecasting tasks.
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One hypothesis for why AI tends to outperform human forecasters as the forecast-

ing horizon increases is the inherent differences in how humans and AI process and

use data. In short-term forecasts, such as t0, human forecasters may have an edge be-

cause they can incorporate immediate context and subjective judgment. This ability

to interpret qualitative nuances or last-minute changes in economic conditions could

explain why human forecasters win more frequently in the t0 vs CPI2 comparison.

7.4.2. Across Machine Methods

Table 14 shows this forecasting accuracy across methods. The upper chart illus-

trates the MSE for each synthetic forecaster method across forecast horizons (t0 to

t4). Across all horizons, synthetic forecaster method MSE values rise as the fore-

cast horizon increases, indicating that forecasts become less accurate over time. At

the shortest horizon (t0), the MSE values are generally lower, but as the horizon ex-

tends to t4, the error increases across all synthetic forecaster methods, suggesting the

challenge of long-term forecasting.

Within each horizon, there’s notable variation in the performance of the synthetic

forecaster method. Some models consistently produce lower MSEs, indicating more

accurate predictions. However, no clear pattern emerges between the temperature

settings or the forecasting methods (bio-based vs. characteristics-based) when com-

paring individual MSE values. The differences suggest that various factors, such as

the AI model’s setup or the methodology (bio vs. characteristics), may influence the

accuracy differently across different horizons.

The lower chart depicts the bias in the forecasts for each model across the same

horizons. Bias measures whether the forecasts tend to consistently overestimate (pos-

itive bias) or underestimate (negative bias) the actual outcomes. The vertical axis

represents the level of bias, while the forecast horizon remains on the horizontal axis.
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At the shorter horizons (e.g., t0), there is a mix of positive and negative bias

across the models, with some forecasters consistently over-forecasting and others

under-forecasting. As the horizon extends to t4, this mix of bias persists, indicat-

ing that some AI models are more prone to systematic forecasting errors than others.

However, the overall distribution of bias does not seem to change drastically with

increasing forecast horizons.

Interestingly, the temperature settings (0 or 1) and forecasting methods (bio-based

vs. characteristics-based) do not seem to consistently impact the bias in a significant

or predictable way. Both methods and temperature settings show a mix of over- and

under-forecasting tendencies, though individual forecasters exhibit different tenden-

cies.

The two charts highlight the increasing difficulty of making accurate forecasts as

the forecast horizon grows. MSE values climb for all AI-generated models, reflecting

a decline in accuracy over time. Bias remains mixed across all horizons, with no

clear trend based on the temperature settings or the forecasting methods used. This

suggests that while some forecasters perform better than others, the bio-based and

characteristics-based methods, as well as the temperature settings, may have complex,

context-dependent effects on the accuracy and bias of the forecasts.

8. Explaining Forecast Decisions

We collect not only numeric predictions from our synthetic forecasters, but also

explanations as to why each prediction was made in a certain way.

We use two approaches to categorize these explanations. First, we use an LLM, as

shown in Table 16. We ask ChatGPT to review 1,000 responses and group them based
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on keywords it identifies.14 The resulting categories are broad and intuitive, such as

Consumer Demand, Monetary Policy, Supply Chain & Logistics, and Wage Growth

& Labor Market, reflecting common considerations behind forecast decisions. We see,

for example, that Monetary Policy stands out as a frequent topic, while categories like

Supply Chain & Logistics and Economic Recovery are also common.

The second approach, summarized in Table 17, uses LDA, a machine learning

method that finds latent topics based on word co-occurrence.15 LDA produces more

granular topics, such as Short-term Economic Conditions, Supply Chain Disruptions,

Consumer Behavior, and Economic Indicators. For instance, Economic Indicators

dominate in models like SPF3 and SPF4, showing the synthetic forecasters focus on

quantitative measures of economic performance. LDA also captures niche topics like

Consumer Behavior and Labor Market Conditions.

9. Discussion

We develop a framework using large language models to generate synthetic predic-

tions for the Survey of Professional Forecasters (SPF). By feeding LLMs a dataset of

individual forecaster traits and real-time macroeconomic data, we replicate the fore-

cast generation process across various economic variables. Our results show that LLMs

can effectively mimic human forecasters, revealing patterns of disagreement influenced

by behavioral and personal traits. This method addresses traditional survey limita-

tions—such as cost, frequency, and bias—while offering deeper insights into economic

forecasting behaviors.

Our study highlights AI’s potential for reliable economic forecasts, particularly

14This method is quick and leverages ChatGPT’s ability to detect patterns in text, categorizing
responses based on key words or themes.

15LDA uncovers hidden structures within the text, leading to more specific, data-driven topics.
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excelling at short-term predictions, though there remains room for improvement over

longer horizons. We also find that persona configurations impact AI forecast perfor-

mance, with different configurations performing better at various horizons. Lastly,

GPT-4 models demonstrate strong accuracy, especially regarding prediction errors.

In sum, AI models, particularly when using personas, outperform human fore-

casters in short-term predictions and remain competitive in medium-term forecasts.

Going forward, hybrid approaches that combine AI with human judgment could en-

hance long-term forecasting accuracy and reliability.
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Figures

Figure 1: Comparison of the forecasting accuracy between AI (blue line) and SPF (red line)
forecasters over time, using a 1-year moving average. (1-year moving average)

Figure 2: The number of quarters in the full survey where each forecaster, either AI (repre-
sented in blue) or SPF (represented in red), has a lower mean squared error (MSE).
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Figure 3: The chart shows how forecast accuracy and bias vary across different time horizons
for each model.
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Figure 4: Comparison of MSE Trends (GPT4, Temperature=1, Biography-Based vs
Characteristic-Based Personas)
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Figure 5: Median SPF vs. Median AI (Characteristics) vs. Realized CPI
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Figure 6: Mean SPF vs. Mean AI (Characteristics) vs. Realized CPI
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Figure 7: Average Bias per AI Model for Nowcast (t0) vs SPF
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Tables

Table 1: Forecaster Characteristics

Characteristic Description

Name Full name of the forecaster as listed in the SPF acknowledgement panel.

Gender (inferred) Gender inferred based on publicly available information (e.g., name, social
media).

Affiliation The institution or company the forecaster is associated with (e.g., university,
bank).

Affiliation type Type of organization the forecaster works for, such as academic, financial,
forecasting center, government, etc.

Position in given year The forecaster’s job title or role when the forecast was made (e.g., professor,
economist).

Highest degree earned The highest degree the forecaster has earned (e.g., Bachelor, Master, PhD).

Degree area/field The field of study for the forecaster’s degree (e.g., Economics, Finance).

Graduation year The year the forecaster completed their highest degree, used to estimate expe-
rience and age.

Alma mater The institution where the forecaster earned their highest degree.

Company location The geographic location of the forecaster’s affiliated institution or company.

Gives interviews Whether the forecaster gives public interviews or engages with media (yes/no).

Has Twitter Whether the forecaster has a public Twitter profile (yes/no).

Note: Gender is inferred from publicly available sources and may not be fully accurate. This
table does not reflect the full breadth of forecaster characteristics.
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Table 2: Example of Characteristic-Based and Bio-Based Personas

Characteristic-Based Persona Bio-Based Persona

You are a participant on a panel of Survey
of Professional Forecasters. Your name is

, you graduated from University
of New Hampshire with a M.A. in Economics
around 2014. Today, you work as a Senior Quan-
titative Analyst at Columbia Threadneedle In-
vestments, an Asset Management organization
based in Boston, Massachusetts. You are origi-
nally from the USA.

You are a Senior Quantitative Analyst at
Columbia Threadneedle with a Master’s degree
in Economics. Your expertise lies in macroeco-
nomic forecasting, and you actively participate in
the Survey of Professional Forecasters for the Fed-
eral Reserve Bank of Philadelphia. Known for
your meticulous approach to data analysis, you ex-
cel in interpreting complex economic information
and translating it into actionable forecasts. Your
experience at Columbia Threadneedle has honed
your forecasting skills, making you a trusted source
of economic predictions in the financial industry.
Your dedication to staying informed about the lat-
est economic developments sets you apart as a re-
liable and knowledgeable forecaster.

Note: The name in the characteristic-based prompt is removed here for privacy reasons. How-
ever, we feed the models all names that were featured on the acknowledgement SPF lists.

42



Table 3: Forecasted SPF Variables

Variable Definition

Section 1. U.S. Business Indicators

NGDP Nominal Gross Domestic Product (GDP), levels, seasonally adjusted, annual rate, in billions
USD.

PGDP Gross Domestic Product (GDP) price index, chain weighted, seasonally adjusted, 2010 base
year.

CPROF Level of nominal corporate profits after tax excluding inventory valuation adjustment (IVA)
and capital consumption adjustment (CCAdj). Seasonally adjusted, annual rate, in billions
USD.

UNEMP Civilian unemployment rate, levels, seasonally adjusted, percentage points.

EMP Nonfarm payroll employment, seasonally adjusted, in thousands of jobs.

INDPROD Industrial production index, seasonally adjusted, index, 2010 base year.

HOUSING Housing starts, seasonally adjusted, annual rate, in millions USD.

TBILL T-Bill rate, 3-month, levels, percentage points.

BOND AAA corporate bond yield, levels, percentage points. Both quarterly and annual forecasts
are for averages of daily levels.

Section 2. Real GDP and Its Components

TBOND Treasury bond rate, 10-year, levels, percentage points.

RGDP Real Gross Domestic Product, seasonally adjusted, annual rate, 2010 base year.

RCONSUM Real personal consumption expenditures, seasonally adjusted, annual rate, 2010 base year.

RNRESIN Real nonresidential fixed investment, seasonally adjusted, annual rate, 2010 base year.

RRESINV Real residential fixed investment, seasonally adjusted, annual rate, 2010 base year.

RFEDGOV Real federal government consumption and gross investment, seasonally adjusted, annual
rate, 2010 base year.

RSLGOV Real state and local government consumption and gross investment, seasonally adjusted,
annual rate, 2010 base year.

RCBI Real change in private inventories, levels, chain-weighted real change in private inventories.
Seasonally adjusted, annual rate, 2010 base year.

REXPORT Real net exports of goods and services, levels, chain-weighted real net exports. Seasonally
adjusted, annual rate, 2010 base year.

Section 3. CPI and PCE Inflation

CPI Headline consumer price index (CPI), seasonally adjusted, annual rate, percentage points.
Quarterly and annual forecasts for changes in quarterly and fourth-quarter levels.

CORECPI Core CPI Inflation Rate - Core CPI inflation rate, seasonally adjusted, annual rate, percent-
age points.

PCE PCE inflation rate, headline chain-weighted, seasonally adjusted, annual rate, percentage
points.

COREPCE Core PCE inflation rate, core chain-weighted PCE inflation rate, seasonally adjusted, annual
rate, percentage points.

Note: This table lists all of the variables and definitions that are forecasted by the SPF panel.
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Table 4: Description of the Large Language Models (LLMs)

Model
Temperature = 0 Temperature = 1

Biography
Based

Characteristic
Based

Biography
Based

Characteristic
Based

GPT-3.5 SPF1 B SPF1 C SPF2 B SPF2 C

GPT-4 SPF3 B SPF3 C SPF4 B SPF4 C

GPT-4o-mini SPF5 B SPF5 C SPF6 B SPF6 C

Note: There are 12 models, each with a different temperature setting, based on three types of
GPT models, with two way of persona definition.

Table 5: Time Horizon for each Forecast

Variable Description

AI
Forecaster

t 0 Forecast for the current quarter

t 1 Forecast for the next quarter

t 2 Forecast for two quarters ahead

t 3 Forecast for three quarters ahead

t 4 Forecast for four quarters ahead

Professional
Forecaster

CPI2 Forecast for the current quarter

CPI3 Forecast for the next quarter

CPI4 Forecast for two quarters ahead

CPI5 Forecast for three quarters ahead

CPI6 Forecast for four quarters ahead
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Table 6: Summary Statistics of the Survey of Professional Forecasters and Realized CPI

Statistic CPI2 CPI3 CPI4 CPI5 CPI6 Realized CPI

Mean 2.34 2.25 2.23 2.25 2.27 2.57

Std 1.52 0.63 0.40 0.30 0.23 2.64

Min -2.72 0.80 1.29 1.60 1.80 -9.17

Median 2.29 2.20 2.20 2.21 2.25 2.63

Max 7.10 4.53 3.73 3.40 3.03 10.53

Note: The table summarizes CPI forecasts for different horizons (CPI2-CPI6) and the realized
CPI. Forecasts are generated by the panel of professional forecasters.

Table 7: Summary Statistics of All SPF Models of AI Forecasts

Statistic t0 t1 t2 t3 t4

Mean 2.44 2.45 2.43 2.43 2.44

Std 1.67 1.16 0.87 0.72 0.65

Min -17.90 -15.12 -14.26 -13.95 -14.38

Median 2.30 2.30 2.30 2.30 2.30

Max 16.20 12.80 12.40 12.20 12.50

Note: The table summarizes forecast statistics for different time horizons (t0 to t4) across 12
models. These models vary in temperature settings and are based on three types of GPT models,
with two persona definition methods.
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Table 8: Summary statistics for GPT 3.5 - Bio Based

SPF1 B SPF2 B

Statistic t0 t1 t2 t3 t4 t0 t1 t2 t3 t4

Mean 2.16 2.22 2.28 2.32 2.37 2.21 2.36 2.39 2.41 2.44

Std 1.97 1.57 1.25 1.02 0.90 1.86 1.40 1.12 0.99 0.95

Min -9.17 -9.17 -9.17 -9.17 -9.17 -9.20 -15.12 -14.26 -13.95 -14.38

Median 2.10 2.20 2.30 2.30 2.30 2.20 2.30 2.30 2.30 2.30

Max 11.20 10.80 10.40 9.90 9.50 16.20 12.70 12.20 12.20 12.50

Note: The table summarizes forecast statistics for different time horizons (t0 to t4) across two
sets of models (SPF1 B and SPF2 B), varying by temperature settings and using GPT 3.5 with
bio-based personas.

Table 9: Summary statistics for GPT 3.5 - Characteristic Based

SPF1 C SPF2 C

Statistic t0 t1 t2 t3 t4 t0 t1 t2 t3 t4

Mean 2.23 2.35 2.41 2.43 2.46 2.28 2.43 2.44 2.45 2.46

Std 1.54 1.04 0.83 0.75 0.72 1.70 1.22 0.99 0.88 0.83

Min -9.17 -9.17 -9.17 -9.17 -9.17 -17.90 -9.20 -7.00 -5.00 -3.65

Median 2.15 2.30 2.30 2.30 2.30 2.20 2.30 2.30 2.30 2.30

Max 9.20 8.50 7.20 7.50 7.80 12.70 12.80 12.40 11.90 12.20

Note: The table summarizes forecast statistics for different time horizons (t0 to t4) across two
sets of models (SPF1 C and SPF2 C), varying by temperature settings and using GPT 3.5 with
characteristic-based personas.

46



Table 10: Summary statistics for GPT 4 - Bio Based

SPF3 B SPF4 B

Statistic t0 t1 t2 t3 t4 t0 t1 t2 t3 t4

Mean 2.43 2.41 2.40 2.41 2.43 2.44 2.40 2.39 2.38 2.39

Std 1.29 0.86 0.66 0.53 0.45 1.28 0.88 0.67 0.53 0.45

Min -2.72 0.50 1.00 1.40 1.30 -2.72 0.20 -0.20 0.60 0.50

Median 2.10 2.20 2.30 2.30 2.40 2.10 2.20 2.25 2.30 2.30

Max 7.50 6.80 6.10 5.40 4.90 7.80 6.90 6.10 5.50 5.20

Note: The table summarizes forecast statistics for different time horizons (t0 to t4) across two
sets of models (SPF3 B and SPF4 B), varying by temperature settings and using GPT 4 with
bio-based personas.

Table 11: Summary statistics for GPT 4 - Characteristic Based

SPF3 C SPF4 C

Statistic t0 t1 t2 t3 t4 t0 t1 t2 t3 t4

Mean 2.43 2.42 2.41 2.41 2.41 2.43 2.43 2.40 2.39 2.39

Std 1.44 0.94 0.72 0.58 0.50 1.49 0.95 0.70 0.55 0.47

Min -3.50 0.50 0.80 1.10 1.30 -3.70 0.25 0.80 1.20 1.30

Median 2.30 2.20 2.30 2.30 2.30 2.20 2.20 2.20 2.30 2.30

Max 7.80 6.50 5.80 5.20 4.90 7.80 6.90 5.90 5.50 5.20

Note: The table summarizes forecast statistics for different time horizons (t0 to t4) across two
sets of models (SPF3 C and SPF4 C), varying by temperature settings and using GPT 4 with
characteristic-based personas.
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Table 12: Summary statistics for GPT 4o-mini - Bio Based

SPF5 B SPF6 B

Statistic t0 t1 t2 t3 t4 t0 t1 t2 t3 t4

Mean 2.66 2.53 2.43 2.38 2.36 2.68 2.55 2.44 2.39 2.37

Std 1.88 1.13 0.67 0.45 0.34 1.82 1.13 0.69 0.47 0.37

Min -9.20 -5.00 0.50 1.00 1.50 -10.00 -5.50 -2.00 1.00 1.00

Median 2.40 2.40 2.40 2.30 2.40 2.40 2.40 2.30 2.30 2.30

Max 9.20 7.50 5.80 4.50 4.20 10.50 8.50 7.50 6.00 5.00

Note: The table summarizes forecast statistics for different time horizons (t0 to t4) across two
sets of models (SPF5 B and SPF6 B), varying by temperature settings and using GPT 4o-mini
with bio-based personas.

Table 13: Summary statistics for GPT 4o-mini - Characteristic Based

SPF5 C SPF6 C

Statistic t0 t1 t2 t3 t4 t0 t1 t2 t3 t4

Mean 2.87 2.98 3.03 3.07 3.10 2.60 2.54 2.41 2.36 2.35

Std 1.60 1.38 1.16 1.03 0.95 1.80 1.13 0.61 0.41 0.32

Min -5.00 -3.00 -1.80 -1.20 -0.50 -9.20 -6.00 0.50 1.00 1.00

Median 2.50 2.70 2.80 2.80 2.90 2.40 2.40 2.30 2.30 2.30

Max 9.20 8.50 7.80 7.50 7.30 9.50 8.50 6.00 5.50 5.20

Note: The table summarizes forecast statistics for different time horizons (t0 to t4) across two
sets of models (SPF5 C and SPF6 C), varying by temperature settings and using GPT 4o-mini
with characteristic-based personas.

48



Table 14: AI Winners by Accuracy

t0 t1 t2 t3 t4

MAE SPF5 C SPF3 B SPF3 B SPF3 C SPF3 C

RMSE SPF6 C SPF4 B SPF4 B SPF4 B SPF4 B

MAPE (%) SPF5 C SPF3 C SPF3 C SPF3 C SPF3 C

Directional Accuracy (%) SPF3 C SPF6 B SPF1 C SPF5 C SPF2 C

Forecast Bias SPF1 B SPF1 B SPF1 B SPF1 B SPF1 B

Note: The table summarizes the AI models that performed best according to different accuracy
metrics across time horizons (t0 to t4), with MAE, RMSE, MAPE, directional accuracy, and
forecast bias considered.

Table 15: Winners (AI vs Original SPF. Average of Each Measure)

t0 t1 t2 t3 t4

MAE OSPF OSPF OSPF OSPF OSPF

RMSE OSPF OSPF OSPF OSPF OSPF

MAPE (%) AI OSPF OSPF OSPF OSPF

Directional Accuracy (%) OSPF OSPF AI OSPF AI

Forecast Bias AI AI OSPF OSPF OSPF

Note: The table compares AI-generated forecasts with Original SPF forecasts across different
accuracy metrics and time horizons (t0 to t4). Measures include MAE, RMSE, MAPE, direc-
tional accuracy, and forecast bias.
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Table 16: Topics Categorized by ChatGPT

S1B S1C S2B S2C S3B S3C S4B S4C S5B S5C S6B S6C

Consumer Demand 1,533 1,621 1,214 1,364 357 351 475 470 68 357 196 146

Monetary Policy 1,233 815 1,372 1,059 2,636 2,695 2,605 2,575 2,462 1,894 2,415 2,164

Inflation

Expectations 720 1,014 738 1,058 1 15 18 29 0 12 2 6

Other/Unspecified 712 555 553 613 5 3 8 15 0 1 1 5

Supply Chain 585 862 584 615 841 849 669 656 1,638 1,550 1,434 1,526

Energy, Commodity 342 212 375 188 18 8 52 39 2 0 16 4

Global Factors 154 146 57 39 12 9 12 11 0 16 6 1

Economic Recovery 119 65 343 273 1,546 1,348 1,577 1,487 1,346 1,536 1,439 1,395

Labor Market 87 68 221 173 95 119 93 127 0 2 5 11

Fiscal Policy 23 40 49 37 4 0 6 7 0 0 2 2

Sector-Specific

Inflation 8 0 9 3 0 1 0 0 0 0 0 0

Note: The table categorizes topics identified by ChatGPT across twelve sets of models (SPF1B
to SPF6C). The values represent the frequency of mentions of each topic in the respective model
sets.

Table 17: LDA Based Topics

S1B S1C S2B S2C S3B S3C S4B S4C S5B S5C S6B S6C

Economic

Conditions 622 585 656 750 18 25 23 30 1 2 16 38

Supply Chain 724 907 604 723 63 27 51 46 147 213 111 127

Consumer Behavior 17 6 42 45 116 84 202 144 432 1704 551 456

Economic

Indicators 47 51 327 316 2,443 2,991 2,400 2,640 69 31 181 277

Demand Side 162 67 332 192 805 391 706 528 2,347 2,247 1,921 1,645

Labor Market 1,765 1,659 1,357 1,266 203 94 157 100 48 44 161 126

Economic Outlook 875 1,418 618 836 3 2 9 10 76 8 22 51

Monetary Policy 97 33 182 119 1,454 1,403 1,375 1,311 1,972 664 1,949 1,901

Economic Recovery 230 51 274 174 397 349 515 508 393 454 484 495

Trends & Indicators 977 621 1,123 1,001 13 32 77 99 31 1 120 144

Note: The table categorizes topics identified through LDA across twelve sets of models (S1B to
S6C). The values represent the frequency of mentions of each topic in the respective model sets.
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Table 18: Simulated Forecast Statistics by Affiliation

Affiliation Count Mean Median S. D. Bias MSE

Academic Institutions 704 2.435 2.1 1.533 -0.161 2.574

Banking and Financial Services 1,108 2.365 2.1 1.481 -0.074 2.473

Consulting and Research 1,512 2.432 2.1 1.527 -0.192 2.711

Government and Non-Profit 132 2.671 2.3 1.677 -0.087 3.047

Other Industries 808 2.434 2.2 1.45 -0.159 2.075

Affiliation Unknown 1,152 2.467 2.3 1.406

Note: The table summarizes simulated forecast statistics across different affiliations. The statis-
tics include the count of forecasts, mean, median, standard deviation, bias, and mean squared
error (MSE) for each subgroup.

Table 19: Simulated Forecast Statistics by Title

Title Count Mean Median S. D. Bias MSE

Academic Role 258 2.424 2.1 1.709 -0.216 2.58

Chief Economist 1,798 2.381 2.1 1.501 -0.142 2.485

Consultant/Analyst Role 274 2.467 2.125 1.497 -0.256 1.873

Executive Role 908 2.498 2.3 1.54 -0.172 2.713

Other 126 2.709 2.3 1.647 -0.184 2.999

Other Economist 234 2.504 2.3 1.422 -0.1 2.277

Portfolio Manager 34 1.815 1.9 1.453 0.434 4.201

Senior Economist 356 2.408 2.1 1.536 -0.069 2.768

Role Unknown 1,428 2.434 2.3 1.36 -0.111 2.101

Note: The table summarizes simulated forecast statistics across different job titles. The statistics
include the count of forecasts, mean, median, standard deviation, bias, and mean squared error
(MSE) for each title type.
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Table 20: Simulated Forecast Statistics by Education Group

Education Count Mean Median S. D. Bias MSE

Bachelor’s Degree 52 2.007 2.1 1.453 0.053 2.122

MBA 114 2.679 2.55 1.476 -0.327 1.955

Master’s Degree 654 2.42 2.1 1.479 -0.137 2.428

Other 268 2.596 2.3 1.649 -0.357 2.97

Ph.D. 2,558 2.406 2.1 1.549 -0.133 2.565

Education Unknown 1,770 2.446 2.3 1.363 -0.108 2.35

Note: The table summarizes simulated forecast statistics across different education groups. The
statistics include the count of forecasts, mean, median, standard deviation, bias, and mean
squared error (MSE) for each education level.

Table 21: Simulated Forecast Statistics by Gender Group

Gender Count Mean Median Standard Deviation Bias MSE

Female 542 2.713 2.5 1.651 -0.336 2.917

Male 4,792 2.408 2.1 1.467 -0.127 2.485

Unknown 82 1.963 2.1 1.107 -0.018 1.731

Note: The table summarizes simulated forecast statistics across different gender groups. The
statistics include the count of forecasts, mean, median, standard deviation, bias, and mean
squared error (MSE) for each group.
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Appendix A. Survey of Professional Forecasters Statistics

Figure A.8: An example of forecasters acknowledgement list from last quarter of 2020,
published by the Federal Reserve Bank of Philadelphia thanking forecasters for their partic-
ipation in recent surveys.
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Figure A.9: Annual distribution of gender representation within the SPF from 1999 to
2023, showcasing the frequency of female and male participants. The graph illustrates the
frequency of male (blue) and female (pink) participants over time.
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Figure A.10: The count of unique affiliations providing forecasts from 1999 to 2023. The
graph displays two lines: one for both anonymous and non-anonymous forecasts (red solid
line) and another for non-anonymous forecasts only (blue dashed line).
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Figure A.11: The chart visualizes how long each individual (199 in total) has participated in
the SPF, categorized by different durations to show long-term and short-term involvement.

Appendix B. Measures of Accuracy

Mean Absolute Error (MAE)

MAE =
1

n

n∑
i=1

|yi − ŷi|

• Where yi is the actual value; ŷi is the forecasted value; and n is the number of

observations.

Root Mean Squared Error (RMSE)

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2
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Mean Absolute Percentage Error (MAPE)

MAPE (%) =
100

n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣
Directional Accuracy

The Directional Accuracy measures how often the forecasted values predict the

direction (up or down) of the actual values correctly.

Directional Accuracy (%) =
100

n

n∑
i=1

1

(
yi − yi−1

|yi − yi−1|
=

ŷi − ŷi−1

|ŷi − ŷi−1|

)
where 1(·) is the indicator function that equals 1 if the forecasted and actual values

move in the same direction, and 0 otherwise.

Bias

Forecast Bias =
1

n

n∑
i=1

(ŷi − yi)
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