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1. Introduction

Economists and policymakers rely on survey-based forecasts to gauge expectations about future

economic conditions (Rudebusch, 2002; Orphanides and Williams, 2002, 2007; Patton and Tim-

mermann, 2010; Manzan, 2011, 2021), yet traditional approaches to gathering these predictions

face fundamental constraints.

First, surveys are costly to conduct, leading to infrequent sampling intervals.1 Second, the

fixed and static design of surveys constrains researchers and policymakers; existing questions

cannot be easily altered, new questions are challenging to introduce, and establishing time series

for any new questions is complicated by the lack of historical data. Third, while personal char-

acteristics of forecasters can significantly influence macroeconomic predictions (e.g., Benchimol

et al., 2022; Huang et al., 2022), the standard practice of maintaining forecaster anonymity ob-

scures our ability to study these individual-level effects and their role in expectation formation.

These limitations may reduce the effectiveness of surveys in informing economic policy.

To address these challenges, we propose a novel simulation framework that replicates the

Survey of Professional Forecasters (SPF) using Large Language Models (LLMs) together with

detailed profiles of professional forecasters. The Survey of Professional Forecasters is the gold

standard for policy-makers and plays a key role in academic studies, serving as a tool for

shaping monetary policy and as a benchmark for assessing forecast accuracy. Further, it is the

longest-running publicly available forecasting project, providing a rich dataset of professional

forecasts on key macroeconomic indicators (Croushore, 1993). These features make it an ideal

benchmark for our analysis. We use hand-collected individual-level data to create synthetic

forecasters who generate predictions using the same real-time data and survey structure as the

SPF. Our approach addresses key limitations of traditional surveys: it enables more frequent

data collection, allows for flexible survey design, reduces costs, and accounts for forecasters’

individual characteristics.

Recent advances in artificial intelligence show that LLMs can reliably simulate economic

agents and produce outputs that align with human reasoning in a number of domains (see, for

1 For example, the Survey of Professional Forecasters (SPF) is conducted only quarterly.
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example, Argyle et al., 2023; Horton, 2023; Fedyk et al., 2024; Kazinnik, 2023; Zarifhonarvar,

2024). These models not only replicate human cognitive patterns but also exhibit human-like

traits—including predictable errors (Koralus and Wang-Maścianica, 2023; Hayes et al., 2024),

distinct personalities (Jiang et al., 2023), and systematic biases in probabilistic judgment (Zhu

and Griffiths, 2024). These findings suggest that LLMs are valuable tools for modeling decision-

making processes.

Building on this literature, we show that LLMs can effectively simulate human survey re-

sponses, even at the individual level. To start with, we show that LLM-generated median

forecasts align closely with those from human professional forecasters. Moreover, the dis-

tributions of individual forecasts are similar for the AI and human survey. Where there is

disagreement between AI and human forecasters, we show that LLM-generated forecasts are

often more precise than human predictions, especially at long (up to four quarters ahead)

forecasting horizons.

Existing economic theories, including the full-information rational expectations (FIRE) model,

assume that agents are homogeneous in terms of their expectations and rationality in processing

information. However, existing research reveals significant heterogeneity in forecasts, driven by

informational frictions and behavioral biases (Mankiw and Reis, 2002; Maćkowiak and Wieder-

holt, 2015; Bordalo et al., 2020; Gabaix, 2020). Coibion and Gorodnichenko (2015) link the

analysis of beliefs to observable data, providing widespread evidence of information rigidities,

while Coibion et al. (2018) argue that micro-level survey data often reveal deviations from ra-

tional expectations, showing that agents do not always process information fully or efficiently.

Further, recent global evidence from D’Acunto and Weber (2024) demonstrates that these devi-

ations are not merely a result of information frictions but also reflect systematic biases arising

from reliance on local rather than aggregate economic signals, influenced by their trust—or

lack thereof—in economic institutions. This emphasizes that heterogeneity in expectations is

shaped by both behavioral and institutional factors.

Our framework addresses this gap by explicitly modeling how individual forecaster charac-

teristics influence predictions. We show empirically that the inclusion of individual personas

leads to more nuanced forecasts. We also explore which characteristics tend to impact forecast
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accuracy and the direction of the impacts. These findings complement recent research on LLMs

as agents in economic settings, which suggests that these models, and their biases, are signifi-

cantly influenced by the roles they are asked to play. In particular, Bybee (2023) demonstrates

that LLMs not only simulate expectations but also systematically replicate certain types of er-

rors. In addition, a number of existing studies (e.g., Cook and Kazinnik, 2024; Fedyk et al., 2024;

Zarifhonarvar, 2024) explore how assigning specific roles to LLMs affects their decision-making

processes and outputs in economic simulations. These findings indicate that the framing of a

task and the context provided can lead to variations in the models’ responses, reflecting the

characteristics and potential biases associated with the assigned roles.

In addition, 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. Alam et al. (2024) generate real-time

macroeconomic forecasts using an LLM with AI-simulated forecast.2 Our approach is different,

as we produce macroeconomic forecasts at the individual level and incorporate forecaster

characteristics and structured data into the simulation. This integration allows us to replicate

not only the numeric predictions but also the behavioral tendencies of individual forecasters.

Unlike prior models that treat forecasters as homogeneous agents, our framework captures

heterogeneity by using detailed individual-level data, which has not been previously explored

in this context.

Using computational techniques to represent individual behavior is not a new idea in eco-

nomics.3 Our approach differs from traditional methods like agent-based modeling (ABM).

While traditional ABM agents operate based on predefined rules and have limited capacity for

complex decision-making, LLM-simulated agents can adapt and make nuanced decisions in

complex social simulations.4 At the same time, while this increased complexity can improve

2 The authors built an interactive dashboard displaying these forecasts in real time: https://

aiinflationexpectations.org/

3 See Axtell and Farmer (2022) for comprehensive review of agent-based modeling in economics and finance.
4 Chopra et al. (2024) discuss the performance of heuristic (ABM) agents versus LLM agents in predicting disease

waves and unemployment.
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performance, it may also pose a challenge in terms of consistency and robustness. We therefore

subject our results to thorough validation exercises and robustness checks. We test different

LLM configurations, including GPT-3.5, GPT-4, and GPT-4o-mini, under both deterministic and

stochastic settings to assess the impact of model architecture and randomness on forecast accu-

racy. We systematically vary the definition of the “forecaster” persona within a fixed prompt

structure to isolate the effects of framing on the model’s predictions.5 Finally, we address po-

tential temporal leakage and look-ahead bias by ensuring that the models only use information

available at the time of forecasting.

Overall, our contributions are threefold. First, 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. Sec-

ond, we are among the first to apply generative AI to macroeconomic forecasting, opening

up new possibilities in predictive modeling. Our findings demonstrate that LLM-generated

forecasts can enhance accuracy and offer deeper insights into economic trends by capturing

forecasters’ responses to real-time data and macroeconomic shifts. Third, we provide novel

insights into the behavioral aspects of forecasting by taking into account individual forecaster

characteristics such as education, job experience, and institutional affiliation. We show how

these traits influence forecast accuracy.

Organization Section 2 details the structure and institutional context of the SPF. Section 3

describes how we extract information on the participants in the SPF panel, and characterize

their profiles. Section 4 outlines our methodology for generating synthetic forecasts using

LLMs, incorporating forecaster traits and real-time data. Section 5 shows that AI-generated

forecasts generally match those of the human SPF. The section also discusses whether the AI

outperforms the human panel. Section 6 uses the AI-generated forecasts to explore the role of

real-time data and forecaster characteristics for shaping expectations. Section 7 concludes.

5 These robustness exercises are discussed in the appendix. We maintain the overall prompt structure and only

alter the way we define the “forecaster” persona. This way, we ensure that any observed variability in the model’s

predictions can be attributed only to differences in persona framing.
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2. The Survey of Professional Forecasters

The Survey of Professional Forecasters (SPF) is a quarterly survey of U.S. economic experts,

initially launched in 1968 by the American Statistical Association and the National Bureau of

Economic Research and conducted by the Federal Reserve Bank of Philadelphia since 1990.6

As of 2024, the SPF collects point forecasts for 23 economic variables at nine horizons: the

current quarter (nowcast), one to four quarters ahead, the current year, and one to three years

ahead. The survey includes real-time data for the previous quarter and asks respondents to

assign probabilities to potential changes in real GDP, the GDP price index, the unemployment

rate, and CPI and core CPI inflation rates, along with long-term CPI and PCE inflation pro-

jections. In this paper, we focus on the 23 point forecasts for the current quarter and one to

four quarters ahead, as summarized in Table 1. Response deadlines typically fall mid-quarter.7

Although the survey form has evolved over time, with eight updates from 1999 to 2023, its core

structure remains intact.

2.1. SPF Panel

SPF panelists are considered a benchmark for attentive and rational agents, drawing on extensive

data analysis, quantitative models, and professional judgment to produce forecasts as part of

their roles. Most panelists have substantial experience in macroeconomic forecasting and are

well-versed in the variables and economic theories they predict.8 Panelists work in diverse

environments: some at forecasting firms, others at banks or financial institutions, while the

panel also includes chief economists from industry trade groups and manufacturers, as well as

academics specializing in forecasting methods.

Although SPF forecasters remain anonymous, the individual-level dataset includes each fore-

caster’s industry classification (“financial” or “non-financial” service provider) and identifiers

that allow researchers to track forecasts across rounds. This anonymity protects forecasters’

6 Complete information and documentation are available through the Federal Reserve Bank of Philadelphia (link).
7 See the full schedule of deadlines and release dates here.
8 New forecasters are recruited via the SPF Call for Participants and undergo a trial period, during which submis-

sions are checked for conceptual accuracy. For more details, see the Philadelphia Fed’s website.
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professional interests and encourages honest, unbiased forecasts without concern for repercus-

sions.9

The SPF panel composition changes over time as respondents join or leave, and some may

skip certain questions, resulting in an unbalanced panel. However, numerical identifiers en-

able tracking individual forecasts, allowing for analyses of forecast behavior and comparisons

between forecasters, such as accuracy or contrarian tendencies. Since the Philadelphia Fed

took over the survey, the average panel size has been fluctuating around forty participants (see

Figure 3.).

Forecasters use various methods to produce predictions. A 2009 survey (Stark, 2013) showed

that most rely on quantitative models but adjust for current conditions and recent trends, often

supplementing their models with subjective beliefs. Methods also vary by forecast horizon; for

instance, the model for predicting current-quarter GDP may differ substantially from that used

for forecasting average GDP growth over five years.

2.2. Who Are the Forecasters in the SPF Panel?

Although SPF panelists are anonymized in published datasets, the Philadelphia Fed acknowl-

edges most of their participants by listing their names on its website.10 Many panelists also

share their participation on social media or professional platforms. Using this information, we

construct a unique dataset of individual forecaster characteristics.

We create detailed personas for each forecaster by gathering key background information,

including education, job titles, affiliated organizations, alma maters, degrees, and professional

roles. When available, we also include organization locations, countries of origin, and social

media presence. Table 2 summarizes each characteristic.

Empirical research shows that personal backgrounds strongly influence behavior and beliefs.

For example, individuals shaped by the Great Depression are often more cautious with financial

risk (Malmendier and Nagel, 2011), while those who experienced hyperinflation may avoid

risky assets (Fajardo and Dantas, 2018). Personal experiences affect forecasts of macroeconomic

9 While we have access to the forecasters’ names, they are not disclosed in this paper to preserve their anonymity.
10 A screenshot of such acknowledgments is provided in Figure 4.
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variables like inflation (Malmendier and Nagel, 2016), and both geography and institutional

affiliation can influence forecasting approaches (Batchelor, 2007; Hong and Kacperczyk, 2010).

To build our panel dataset, we start by compiling forecaster names from Philadelphia Fed

acknowledgments. We then gather detailed professional and demographic information through

online searches. For country of origin, we consider indicators like high school location on

profiles such as LinkedIn.11 With these profiles, we create personalized narratives for the LLM

prompts, introducing each forecaster as an SPF panelist and highlighting their academic and

professional achievements. They are then prompted to forecast based on recent economic data

(e.g., inflation, GDP, employment). We provide the full prompt in Figure 8.

Figure 6 provides an overview of the SPF panel over the past 20 years, showing a diverse

group with varied educational backgrounds, roles, and affiliations. Most panelists hold Ph.D.s

in Economics or Finance, while the share of Master’s degree holders has remained steady

and Bachelor’s and MBA/MPA degrees are less common. Chief Economists and Economists

dominate the panel, but there is an increasing presence of consultants and analysts. Affiliations

span consulting firms, universities, and asset management, with consulting and academia

remaining prominent, while commercial banking has declined in favor of investment banking

and asset management.

Gender diversity has seen slight improvement, though men remain the majority. Most

panelists are from the USA, though European and Asian representation has grown. Public

engagement is limited, but more forecasters are now using platforms like Twitter and partic-

ipating in interviews. Panelist tenure varies widely, with some contributing for over 25 years

and others for shorter periods, adding both established and fresh perspectives.

Figure 7 shows sector distribution over time, with the panel divided into Financial, Non-

Financial, and Unknown categories.12 From the late 1990s to 2024, financial sector representation

has notably increased.

11 We assume that attending high school in a particular country shapes formative perspectives, influencing forecasts.

Most participants are American, but our data includes enough variation to make the country-of-origin variable

relevant. Special thanks to Nicole Lindsay for this idea.
12 The Philadelphia Fed classifies forecasters as 1” for financial, 2” for non-financial, and “3” for unknown, updating

in real-time with any affiliation changes.
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3. Simulating the SPF with LLMs

We use a set of LLMs to run a simulated survey. For our main analysis, we use GPT-4o mini

model.13 Our choice of GPT-4o mini follows from a series of preliminary experiments compar-

ing model performance and consistency. Using CPI inflation as a test case, we evaluated three

model architectures (GPT-3.5, GPT-4, and GPT-4o) under different temperature settings—zero

temperature for deterministic outputs, default temperature (1.0) for balanced generation, and

high temperature (>1.5) for increased variability. Given the architectural similarities between

GPT-4o and GPT-4o mini, we selected GPT-4o mini as our primary model.14 Our implementa-

tion uses an AI agent built with the OpenAI Assistants API to handle tasks like query responses,

and additional data processing.15

3.1. Prompt

We automate the generation of forecast queries and gather responses from an AI assistant. Each

query incorporates forecaster details—such as education, job title, and organization type—to

create personalized predictions of economic variables for future quarters. Queries are cus-

tomized based on each forecaster’s past predictions and real-time economic data, as described

in Section 3.2.

The prompt, shown in Figure 8, assigns the model the role of an SPF panel member, forecasting

on a specified date. AI forecasters provide numeric forecasts for the current quarter (t) and

the next four quarters (t + 1 to t + 4), formatted as instructed. They also include a brief 1-

13 We conduct a robustness check using GPT-3.5 and GPT-4. The results are similar to our main analysis and are

described in the appendix. This choice provides a balanced representation across model generations: GPT-3.5 as

a baseline older-generation model, GPT-4 as a frontier model, and GPT-4o mini as a latest model implementation.
14 Temperature in LLMs refers to a parameter that controls the randomness of the model’s outputs. Lower tem-

peratures (approaching 0) make the model more deterministic, while higher temperatures (>1) increase output

variability.
15 The Assistants API includes tools like Code Interpreter, File Search, and Function Calling for complex, multi-tool

tasks.
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2 sentence explanation of their predictions.16 The goal is for the AI 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.

This restriction is specifically emphasized in the prompt.

3.2. Real-Time Data

To simulate the SPF, we provide LLMs with a data environment as close as possible to that of

human forecasters, including past forecasts and real-time macroeconomic indicators.

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

macroeconomic data and median SPF forecast data. The merged dataset contains quarterly

observations, with each row representing a date and each column (vintage) the date when the

data point was recorded. The variables and their definitions are summarized in Table 1. The

median SPF forecast dataset provides historical SPF forecasts of various variables in levels at

the quarterly frequency at forecasting horizons of 1-4 quarters.

For each survey quarter, we generate a data row with (1) the latest observed SPF variables,

(2) the latest real-time data at the SPF submission deadline, and (3) the median SPF forecasts.

This process involves transforming percent change variables and calculating percent changes

between quarterly levels.17

4. Can LLMs Replicate the SPF Forecasts?

This section evaluates how closely LLM-generated forecasts align with human forecasts and

real-time macroeconomic data, focusing on both accuracy and variability across our sample of

economic indicators and time horizons.

Median forecasts Table 3 shows the mean absolute percentage errors (MAPEs) and directional

accuracy between AI-generated and human SPF forecasts across variables. Directional accuracy,

16 These instructions are given via system prompt.
17 Percent changes are calculated per the SPF definition:

(
Xt

Xt−1

)4

− 1× 100.
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which measures how often the AI forecast matches the sign of the human forecast, is high, with

most variables achieving near-perfect agreement. However, the ability of LLMs to replicate

human predictions varies by variable and forecast horizon. For stable indicators like nominal

GDP and the GDP price index, AI forecasts align closely with human forecasts, maintaining

low MAPE values across horizons. In contrast, volatile indicators like corporate profits and

housing starts show higher MAPEs, especially at longer horizons. Generally, MAPE increases

with forecast horizons, though inflation rates are an exception.

We examine four key variables in detail: CPI inflation rate, 3-month Treasury bill rate,

unemployment rate, and real GDP index.18 Figures 1 and 2 compares AI and human median

forecasts over time for one- and four-quarter horizons, showing strong alignment, particularly

for unemployment and real GDP. The largest discrepancy appears in CPI inflation, where AI

forecasts respond more to the business cycle at short horizons. Another notable difference

occurs with the four-quarter ahead 3-month Treasury bill rate during the zero-lower bound

period, where human forecasts predict a lift-off, while AI forecasts stay at the lower bound

until the 2015 rate hike cycle. This divergence may stem from the LLM’s reliance on recent

data, while human forecasters likely incorporate term structure models (that do not describe

extended periods of rates near the zero-lower bound well) or a preference for normal rates.

Individual forecasts Figure 9 shows density plots of individual forecasts for all forecasters

on four key dates: 1999 Q1 (earliest observation), 2008 Q3 (Global Financial Crisis), 2020 Q2

(COVID-19 pandemic), and 2023 Q1 (latest survey with four-quarter ahead realizations). Each

plot centers around realized values, enabling direct comparison between AI and human SPF

forecast distributions. In 1999 Q1, AI forecasts closely align with the full distribution of human

forecasts, indicating strong alignment in stable periods. During the 2008 and 2020 crisis periods,

both AI and human forecasts showed wider distributions, reflecting greater disagreement.

Notably, for inflation and interest rates, forecaster disagreement was larger during the Global

18 We choose to focus on these four economic variables because they are both relevant for policy and diverse in

their economic dynamics. They cover key aspects of the economy - price stability, interest rates, labor market

conditions, and overall economic output. This provides a comprehensive test of the language model’s ability to

simulate human forecasting behavior across different dimensions of economic activity.
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Financial Crisis than during COVID-19, while the opposite was true for unemployment and

real GDP. In 2020 Q3, dispersion is high for both AI and human forecasts.

The models’ ability to mirror the dispersion of the human forecasters is remarkable. The result

suggests that, like the human SPF panel, the AI forecasters interpret signals from the real-time

data in more diverse ways in distressed times, underscoring the model’s responsiveness to both

economic conditions and forecaster characteristics.

4.1. Are LLMs More Accurate Than Human Forecasters?

The AI and human surveys are not always perfectly aligned. The question is then, which one

is more accurate in predicting the actual values of the macroeconomic variables? This section

discusses this question by comparing forecast accuracy across the two surveys.

Table 4 shows MAPE values comparing forecasts with the actual realized values against the

AI and the human surveys, respectively. Panel (a) shows the results averaged across all survey

dates, whereas Panel (b) focuses on survey dates during NBER recessionary periods. For each

forecasting horizon, the table boldfaces the lowest MAPE value between the AI and human

surveys.

Overall, the results indicate that AI-generated forecasts tend to surpass human forecasts,

especially over medium- to long-term periods. In fact, Isiklar and Lahiri (2007) reports that

the value of human forecasts falls sharply beyond an 18-month horizon, with the biggest gains

in accuracy appearing around the 14-month mark. These results highlight the inherent limits

of predicting macroeconomic trends far into the future: as the forecast horizon extends, new

information yields diminishing returns.

At the nowcasting horizon, however, neither approach is consistently more accurate across

all variables. AI-generated forecasts tend to be more accurate for economic indicators – such

as the unemployment rate, housing starts, and the GDP price index – and inflation rates,

while human forecasts perform better for components of real GDP. This pattern generally holds

even when focusing on forecasts made during NBER-defined recessions. During recessions,

human forecasters also show higher accuracy for long-term projections of real GDP components.

As expected, forecast accuracy declines during recessionary periods for both human and AI
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forecasts.

Figure 10 shows the time series of forecast errors for AI-generated and human-generated

forecasts across the four key variables, comparing predictions one and four quarters ahead.

Each plot displays the error percentage, with negative values representing underestimation

and positive values representing overestimation. The forecasting errors for AI and human

surveys appear quite similar, with both series heavily influenced by a few instances of extreme

errors. For example, both surveys show forecast errors of 15-20% for CPI inflation during the

Great Financial Crisis. For the unemployment rate, large forecast errors appear in both surveys

around the onset of the COVID pandemic and during the recovery period. The most significant

differences in accuracy between the AI and human forecasts are seen in the 3-month Treasury

bill rate, especially during the 2005-2006 rate-hiking cycle. During zero-lower bound periods,

AI forecasts are more accurate at the four-quarter horizon, as human forecasters incorrectly

predict a departure from the lower bound.

4.2. Are LLMs Forecasting or Recalling?

Limiting large language models to use only information from a specific time period is a chal-

lenging task. LLMs generate output based on learned patterns, which gives the impression of

generating content, even though the underlying knowledge comes from previously seen data

(Gurnee and Tegmark, 2023). This could be 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, leading to what is known as

“temporal leakage.”

Temporal leakage can negatively affect forecast accuracy in several ways. 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. 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
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on probabilistic 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 environments,

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 are explicitly instructed

to focus on the data available up until the survey date, 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 are

segmented to match the exact information that would have been available to human forecasters

at the time of their predictions. This ensures that LLMs are not inadvertently provided with

future data, helping to reduce the risk of temporal leakage.

To test if the AI-generated forecasts are contaminated with “temporal leakage,” we explicitly

prompt the model to recall the value of our macroeconomic variables for each survey quarter. We

then compare these recall values with the nowcast predictions generated by our AI survey. For

simplification, we did not provide the model with forecaster characteristics for this exercise.19

Table 6 compares the MAPE of recalled values and nowcasts. The table shows that the recall

errors are high, and much higher than the nowcast errors, indicating that the model struggles

with accurately recalling historical data. This serves as evidence that the model is not relying

on recalling values from its training data. Instead, it is likely referring to the provided real-time

data, which is not impacted by “temporal leakage”, when generating forecasts.

Why is the model better at forecasting than recalling data? When recalling past values, the

model only relies on internalized data representations and its memory of past values. However,

because LLMs aren’t specifically designed to store and retrieve exact historical data, their recall

ability is likely limited, especially for variables that are not heavily discussed in the training

data. For instance, the variable measuring housing starts is likely to be less prevalent in the

training data than inflation variables, leading to higher recall errors. In contrast, our forecasting

19 The prompt is shown in Figure 11.
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prompt has the benefit of using more structured external data, which allows the model to rely

on more resources to make more accurate predictions.

5. What Shapes Professional Forecasts?

The LLM-generated survey allows us to explore the role of the individual pieces of information

in shaping individual forecasts. We start by investigating the forecast accuracy when omitting

real-time data and individual characteristics, respectively. Then, we regress forecast accuracy on

each set of characteristics to understand heteroskedasticity in accuracy across different personas.

Finally, we study the reasoning behind forecast decisions provided directly by the LLM.

5.1. The Role of Personal Characteristics and Real-Time Data

In this section, we analyze the importance of providing real-time data and forecaster charac-

teristics for forecasting performance. We start simulating forecasts for a “generic forecaster,”

obtained by a prompt that does not provide the LLM with forecaster characteristics. The prompt

is shown in Figure 11. This prompt forces the model to make predictions using only real-time

data and past SPF predictions. Next, we create a simulation for the same generic forecaster, but

with no access to real-time data. The prompt for this simulation is provided in Figure 12. This

prompt aims to simulate a professional forecaster’s environment without the advantage of real-

time data, requiring the model to make predictions using information only on past forecasts,

and the general knowledge that the model is endowed with as part of its pre-training.

We compare these simulations against our baseline AI forecasts in Table 7. The table reports

the mean absolute error (MAE) of the generic forecaster (respectively with and without access to

real-time data) as a fraction of the MAEs from the baseline results. Values above one indicate that

the generic forecaster is outperformed by the baseline AI seeded with forecaster characteristics

and real-time data.

Most of the relative MAEs exceed one, and the average relative MAEs across all variables

are above one across all horizons both with and without real-time data. This is evidence that

information related to forecaster characteristics and real-time data improve forecast accuracy.
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What is more, the average relative MAEs are remarkably higher for the generic forecast without

real-time data compared with those reported for the generic forecaster with access to real-time

data. Hence, non-surprisingly, real-time data play a key role in the formation of forecasts.

Considering the results for each variable separately, three observations stand out. First,

the generic forecaster without access to real-time data performs substantially worse for some

variables, especially for the nowcast. The most prominent examples are non-farm payroll and

industrial production with relative MAEs for the nowcast equal to 28.93 and 3.16. Second,

there are some cases where the absence of real-time data does not severely impact accuracy; for

instance, real change in private inventory and real net exports have relative MAE values below

one at the nowcast horizon. These exceptions may be due to lagged effects in economic indica-

tors, where historical data already encapsulates sufficient predictive information, reducing the

reliance on real-time updates. Finally, the results for real PCE exhibit a surprising pattern: the

MAEs of the generic forecaster with access to real-time data are 63-86% higher than the baseline

MAEs, but for the generic forecaster without real-time data, the forecasts are more accurate than

the baseline by a large factor (relative MAEs are 0.06–0.17). Overall, these results suggest that

incorporating real-time data not only does not enhance predictive accuracy for real PCE, but ac-

tually results in worse forecasts. This suggests that PCE may be influenced by stable consumer

behavior patterns that real-time data fails to capture effectively.

5.2. Which Personal Characteristics Impact Forecast Accuracy?

Rich and Tracy (2024) use data from the ECB’s Survey of Professional Forecasters (ECB-SPF) to

show that forecasters are not interchangeable. They find consistent differences in predictive ac-

curacy of forecasters, both within and across target variables such as GDP growth, inflation, and

unemployment. These differences are closely tied to the difficulty of the forecasting environ-

ment, with some forecasters excelling in tranquil periods and others in volatile ones. Contrary

to expectations models featuring information rigidities, the study demonstrates that forecast-

ers’ behaviors are neither random nor interchangeable, emphasizing the role of environmental

factors in shaping predictive performance.

To assess the impact of each forecaster characteristics on forecast accuracy in our study, we
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regress absolute forecast errors on characteristic dummies. With eight types of characteristics

(gender, graduation year, origin, public appearance, education level, education field, affiliation,

and job title), each containing between two and six outcomes (excluding the cases of “unknown”

as baseline to avoid multicollinearity), we have a total of 34 dummy variable regressors. The

sparse-group LASSO regression model from Babii et al. (2022) allows us to identify which

variables are important for explaining forecast accuracy, under penalty of a high-dimensional

regression. We implement the model as a pooled panel regression.20

The results are shown for all variables in Figure 13. Panel (a) reports results for the nowcast

errors, while panel (b) focuses on the four-quarter ahead forecast errors. Darker colors indicate

more weight on a characteristic dummy, with blue (red) indicating that the variable is associated

with lower (higher) errors. Since panel (b) highlights more dark-colored fields than panel (a),

it is tempting to conclude that forecaster characteristics impact errors more at long forecasting

horizons. Similarly, at both horizons, the GDP price index, the AAA corporate bond yield, the

10-year Treasury bond yield, and the core PCE inflation rate involve darker-shaded areas across

many characteristic dummy variables, naturally leading to the conclusion that characteristics

particularly matter for the forecasting accuracy for these variables. However, for each variable,

some characteristics lower the forecast accuracy, while others are associated with higher accu-

racy, and these effects may cancel out. This exercise thus provides different information than

that in Table 7, comparing the accuracy of the generic forecaster to the forecaster seeded with

forecasting characteristics.

The results show that the importance of each characteristic for forecasting performance is

highly variable-dependent. However, we can infer a few general trends from the results. First,

gender does not seem to play a role for forecasting performance. The coefficients on male and

female indicators are near zero for most variables, and where they are different from zero, the

coefficient on male and female are similar in both direction and magnitude. Second, age, as

20 Ideally, we would estimate a fixed effects panel model with time fixed effects to account for time variation in

forecast accuracy. But, the Babii et al. (2022) model does not allow the specification of time fixed effects. Since the

characteristics for each forecaster are constant across time, and only the composition of the forecasting panel is

time-varying, it is unlikely that time-variation in the characteristic dummy variables is similar to the time-variation

in forecast errors. The omission of time fixed effects is therefore unlikely to impact the results.
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proxied by graduation year, is inversely related to forecast accuracy: more recent graduation is

generally associated with higher forecast errors, likely reflecting a relative lack of experience.

Third, forecasters with Ph.D. degrees do not outperform other forecasters. One explanation

could be that forecasters with higher education may use more complex models, which may

not always outperform simpler models.21 There is no clear distinction between forecasters

with master’s, bachelor’s, and MBA/MPA degrees. Fourth, forecasters with educational back-

grounds in economics and finance are generally less precise than other forecasters. Here, it

is relevant to note that these forecasters make up a vast majority of the forecasting panel in

the SPF survey, see Figure 6(f). Related to this observation, forecasters with job titles “Chief

Economists” or “Economists” are also less accurate than other forecasters. Finally, consultancies

and academic institutions generate less accurate forecasts than other forecasts, as measured both

from the job title and affiliation variables. This observation is consistent with the observation

that the Ph.D. dummy variable is associated with higher forecast errors.

Altogether, these observations suggest that more accurate forecasters rely on experience

gathered through long professional careers, rather than sophisticated models learned through

long and recent trainings in economics and finance. We note that these results are obtained

using the AI forecasting personas. The applicability of these conclusion to human forecasters

hinges on how well the AI individual forecasts matches human individual forecasts, something

that is not directly testable due to lack of individual identifiers in the human survey. The

comparison of densities of individual forecasts in Figure 9 suggests, however, that our results

are likely to generalize to human forecasters.

5.3. Forecast Reasoning

In addition to numeric predictions from our synthetic AI forecasters, we also gather explanations

about how each prediction was made using open-ended questions. These explanations can help

shed light on how forecasters form predictions.

21 There are indeed many examples that a simple random walk can outperform more sophisticated models in out-

of-sample forecasting, see, for instance, Meese and Rogoff (1983) for exchange rates and Diebold and Li (2006) for

Treasury bond yields.
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We analyze these explanations using two different methods. First, we used LDA (Latent

Dirichlet Allocation), an unsupervised machine learning method that finds latent topics based

on word co-occurrence.22 We configured LDA to categorize the responses into 9 categories and

then assigned topic labels based on the most common words in each category. Second, we

used GPT to analyze the responses. We provided GPT with a sample of responses and asked it

to identify distinct topics for categorization. Then, using the OpenAI API, we processed each

response individually to assign it one of these topic labels.23

As shown in Table 8, both methods identified Monetary Policy as the dominant topic, ac-

counting for 43.4% and 51.2% of documents in LDA and GPT analyses, respectively. Consumer

Demand was the second most common topic for both methods (32.3% LDA, 27.1% GPT). How-

ever, there were notable differences: Economic Recovery was prominent in LDA (21.7%) but

absent in GPT’s categorization, while Labor Market was barely present in LDA (0.0%) but sig-

nificant in GPT’s analysis (14.3%). Other topics like Fiscal Policy, Housing Market, International

Conditions, and Supply Chain appeared with varying frequencies between the two methods.

6. Conclusions

Our research shows that language models can effectively generate synthetic forecasts for the

Survey of Professional Forecasters by incorporating individual forecaster traits and real-time

macroeconomic data. By replicating the forecasting process across various economic variables,

we show that LLMs not only mimic human forecasters but also uncover patterns of disagreement

influenced by behavioral and personal traits. We also show that LLMs can outperform human

forecasters, particularly at long forecasting horizons. Our approach addresses traditional survey

limitations, such as high costs, infrequent data, and bias, while offering better insights into

forecasting behavior.

Beyond replicating existing survey methodologies, our results suggest that LLMs could serve

as powerful tools for enhancing macroeconomic nowcasting and forecasting frameworks. For

22 LDA uncovers hidden structures within the text, leading to more data-driven topics.
23 This method efficiently uses GPT’s pattern recognition abilities for systematic response labeling.
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example, by incorporating high-frequency data sources like news headlines or social media

trends, LLMs have the potential to generate dynamic, real-time nowcasts that can adapt quickly

to new information. Moreover, combining LLMs with human expertise could further boost the

accuracy and reliability of long-term economic forecasts.

As these models improve and evolve, they can enhance how policymakers, researchers, and

practitioners analyze macroeconomic trends, leading to better decision-making.
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Figures

Figure 1: SPF and AI-generated short-term median forecasts.
The figure shows differences in median forecasts of the SPF and AI-generated SPF for (a) CPI inflation rate one
quarter ahead, (b) Unemployment rate, one quarter ahead, (c) 3-month Treasury bill rate one quarter ahead, (d) Real
GDP index, one quarter ahead. Shaded areas show NBER recession quarters.
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Figure 2: SPF and AI-generated medium-term median forecasts.
The figure shows differences in median forecasts of the SPF and AI-generated SPF for (a) CPI inflation rate four
quarters ahead, (b) Unemployment rate, four quarters ahead, (c) 3-month Treasury bill rate four quarters ahead, (d)
Real GDP index, four quarters ahead. Shaded areas show NBER recession quarters.
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Figure 3: Number of forecasters in the SPF panel over time
The figure shows the number of human and AI forecasters in the SPF panel over time. The number of human
forecasters is averaged across variables and forecasting horizons.
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Figure 4: Example of forecaster acknowledgments
The figure shows an example of acknowledgments to forecasters who contributed to recent Federal Reserve Bank of
Philadelphia surveys.
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Figure 5: Duration of participation of each forecaster individual forecaster in the SPF panel over time

The figure tracks the duration of individual forecasters’ participation in the SPF panel, ranging from a few years to
over 25 years. It shows a mix of long-term participants and those with much shorter tenures.
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Figure 6: Characteristics of the SPF panel over time
The figures show the characteristics of the AI SPF panel over time: (a) gender, (b) graduation year, (c) continent of
origin, (d) public appearance; on next page: (e) education level, (f) education field, (g) affiliation type, and (h) job
title.
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Figure 6: Characteristics of the AI SPF panel over time (continued)
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Figure 7: Distribution of sectors across the human SPF panel over time
The figures show the characteristics of the human SPF panel categorized into financial and non-financial sectors.
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Figure 8: Prompt
The figure shows the prompt used to generate AI forecasts given the variables highlighted in brackets and blue
text consisting of real-time data, forecaster characteristics, previous forecasts, survey dates, and forecasting variable
names.

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].

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).
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Figure 9: Densities of human and AI-generated SPF individual forecasts
The figure shows densities centered around realized variables of human and AI-generated SPF forecasts across
individual forecasters for four different quarters. The densities are shown for the following variables and forecasting
horizons: (a) CPI inflation rate one quarter ahead, (b) CPI inflation rate four quarters ahead, (c) 3-month Treasury
bill rate one quarter ahead, (d) 3-month Treasury bill rate four quarters ahead, (e) unemployment rate one quarter
ahead, (f) unemployment rate four quarters ahead, (g) real GDP index one quarter ahead, and (h) real GDP index
four quarters ahead.
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Figure 9: Densities of human and AI-generated SPF individual forecasts (continued)
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Figure 10: Median forecast errors in human and AI-generated SPF
The figure shows forecast errors in SPF and AI-generated SPF median forecasts for (a) CPI inflation rate one quarter
ahead, (b) CPI inflation rate four quarters ahead, (c) 3-month Treasury bill rate one quarter ahead, (d) 3-month
Treasury bill rate four quarters ahead, (e) unemployment rate one quarter ahead, (f) unemployment rate four
quarters ahead, (g) real GDP index one quarter ahead, and (h) real GDP index four quarters ahead. Shaded areas
show NBER recession quarters.
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Figure 10: Median forecast errors in human and AI-generated SPF (continued)
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Figure 11: Prompt for generic forecaster
The figure shows the prompt used to generate AI forecasts for the generic forecaster, i.e., without inputting forecaster
characteristics. The inputted variables are highlighted in brackets and blue text and consist of real-time data, previous
forecasts, survey dates, and forecasting variable names.

You are a participant on a panel of Survey of Professional Forecasters.

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).
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Figure 12: Prompt for generic forecaster and no real-time data
The figure shows the prompt used to generate AI forecasts for the generic forecaster, i.e., without inputting forecaster
characteristics. The inputted variables are highlighted in brackets and blue text and consist of previous forecasts,
survey dates, and forecasting variable names.

You are a participant on a panel of Survey of Professional Forecasters.

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).

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).
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Figure 13: Coefficients from regressing individual forecast errors on characteristics
The figure shows coefficients from regressing individual AI-generated forecasts on characteristic dummy variables.
All coefficients should be interpreted relative to the baseline where the characteristic is unknown. The coefficients
are estimated using the sparse-group LASSO approach from Babii et al. (2022).

(a) Nowcast
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Figure 13: Coefficients from regressing individual forecast errors on characteristics (continued)

(b) Four-quarters ahead forecast
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Gender: Male

Gender: Female

Graduation year: −1969

Graduation year: 1970−1989

Graduation year: 1990−2009

Graduation year: 2010−

Origin: Asia

Origin: Europe

Origin: USA

Origin: Americas (excl. USA)

Public appearance: Interviews Only

Public appearance: Interviews + Twitter

Public appearance: Twitter Only

Public Appearance: None

Education level: Master's

Education level: Bachelors's

Education level: MBA/MPA

Education level: Ph.D.

Education field: Economics/Finance

Education field: Public Administration

Education field: Business/Management

Education field: Econometrics/Statistics

Education field: Law

Affiliation: Consulting

Affiliation: University

Affiliation: Manufacturing

Affiliation: Investment Banking

Affiliation: Commercial Banking

Affiliation: Asset Management

Title: Chief Economist

Title: Economist

Title: Executive Role

Title: Academic Role

Title: Consultant
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Tables

Table 1: Forecasting variables
The table lists the variables for which the SPF panel provides point forecasts and their definitions.

Variable Definition

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.

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.

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, percentage 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.
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Table 2: Definitions of forecaster characteristics
The table shows definitions of forecaster characteristics, including inferred gender, affiliation, education, position,
and public media engagement. The table is based on publicly available sources and may not fully capture the
breadth of 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 experience 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).

43



Table 3: Differences between SPF and AI-generated SPF median forecasts

The table shows mean absolute percentage error and mean directional accuracy between human and AI-generated
median forecasts across forecast variables and horizons.

Mean absolute percentage error Mean directional accuracy

Horizon (quarter) 0 1 2 4 0 1 2 4

Nominal GDP 0.61 0.55 0.62 0.83 1.00 1.00 1.00 1.00

GDP Price 0.25 0.30 0.39 0.56 1.00 1.00 1.00 1.00

Corporate Profits 5.99 6.07 5.92 5.69 1.00 1.00 1.00 1.00

Unemployment Rate 1.82 2.14 2.27 2.78 1.00 1.00 1.00 1.00

Non-Farm Payroll 0.18 0.27 0.39 0.60 1.00 1.00 1.00 1.00

Industrial Production 1.17 1.28 1.49 2.06 1.00 1.00 1.00 1.00

Housing Starts 5.05 5.49 6.12 7.78 1.00 1.00 1.00 1.00

Treasury Bill Rate (3M) 10.65 11.76 13.57 22.00 1.00 1.00 1.00 1.00

AAA Corp Bond Yield 3.13 3.41 3.62 4.65 1.00 1.00 1.00 1.00

Treasury Bond Rate (10Y) 4.02 3.65 4.12 7.90 1.00 1.00 1.00 1.00

Real GDP 0.39 0.57 0.73 1.16 1.00 1.00 1.00 1.00

Real PCE 16.04 16.20 16.38 16.81 0.98 0.99 0.99 0.99

Real Non-Res Fixed Inv 1.00 1.35 1.88 2.72 1.00 1.00 1.00 1.00

Real Res Fixed Inv 1.37 1.64 1.96 2.88 1.00 1.00 1.00 1.00

Real Federal C&GI 0.75 0.71 0.76 0.85 1.00 1.00 1.00 1.00

Real State/Local C&GI 0.39 0.43 0.50 0.70 1.00 1.00 1.00 1.00

Real Change in Private Inv 120.86 88.70 178.97 57.17 0.83 0.88 0.87 0.87

Real Net Exports 4.49 3.90 4.08 4.45 1.00 1.00 1.00 1.00

CPI Inflation Rate 39.20 38.01 23.00 12.35 0.97 0.96 0.98 1.00

Core CPI Inflation Rate 18.86 16.84 13.90 11.29 0.99 0.99 1.00 1.00

PCE Inflation Rate 27.68 33.63 22.18 13.65 1.00 0.94 0.99 1.00

Core PCE Inflation Rate 17.78 16.61 14.13 11.21 0.99 1.00 1.00 1.00
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Table 4: Forecast accuracy (mean absolute percentage errors) of SPF and AI-generated SPF forecasts

The table shows forecast accuracy (mean absolute percentage errors) of SPF and AI-generated SPF forecasts for
various economic indicators across different forecast horizons. For each forecasting horizon, the table boldfaces the
lowest MAPE value between the AI and human surveys.

Horizon (quarters) 0 1 2 4

AI Human AI Human AI Human AI Human

Nominal GDP 1.49 1.16 1.01 1.15 1.30 1.51 2.04 2.31

GDP Price 25.71 26.03 25.56 25.94 25.37 25.86 25.45 26.15

Corporate Profits 6.91 6.65 5.08 8.50 7.91 10.69 11.81 13.41

Unemployment Rate 4.40 5.68 7.40 8.40 9.76 10.32 13.53 14.14

Non-Farm Payroll 0.18 0.35 0.63 0.58 0.95 0.83 1.55 1.36

Industrial Production 0.48 1.53 1.98 2.81 3.14 3.92 4.59 5.91

Housing Starts 4.38 7.53 8.55 10.42 11.08 12.53 14.49 19.63

Treasury Bill Rate (3M) 54.11 53.99 98.38 106.60 150.79 175.08 360.18 492.28

AAA Corp Bond Yield 4.16 6.31 8.47 10.09 10.60 12.60 14.82 18.47

Treasury Bond Rate (10Y) 13.76 12.34 19.36 20.48 24.97 26.94 35.02 40.02

Real GDP 0.60 0.86 1.18 1.46 2.06 2.38 3.48 3.84

Real PCE 15.92 0.89 16.67 1.32 17.37 2.03 18.77 3.23

Real Non-Res Fixed Inv 1.27 1.50 2.06 2.80 3.56 4.41 6.23 7.38

Real Res Fixed Inv 2.03 2.06 2.65 3.54 5.25 6.27 9.65 10.61

Real Federal C&GI 1.04 0.72 1.52 2.01 2.81 2.86 4.69 4.53

Real State/Local C&GI 0.63 0.54 1.30 1.58 2.35 2.50 4.14 4.20

Real Change in Private Inv 139.27 116.79 105.69 196.60 290.52 204.84 217.02 248.83

Real Net Exports 4.79 2.87 3.77 6.56 8.31 9.11 13.03 13.03

CPI Inflation Rate 184.45 157.25 225.19 185.41 196.22 182.09 181.38 185.22

Core CPI Inflation Rate 40.26 55.95 55.93 57.55 55.38 59.46 55.16 65.14

PCE Inflation Rate 79.55 83.61 80.10 100.36 97.86 112.57 113.01 131.74

Core PCE Inflation Rate 4793.90 6077.94 4543.93 5800.41 4515.85 5803.62 4378.30 5895.91
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Table 5: Forecast accuracy (mean absolute percentage errors) of SPF and AI-generated SPF forecasts
in NBER recessions

The table shows forecast accuracy (mean absolute percentage errors) of SPF and AI-generated SPF forecasts in NBER
recessions for various economic indicators across different forecast horizons.

Horizon (quarters) 0 1 2 4

AI Human AI Human AI Human AI Human

Nominal GDP 2.53 1.42 1.38 1.25 2.58 1.86 3.81 3.54

GDP Price 38.24 38.70 38.37 38.90 38.54 39.18 38.66 39.61

Corporate Profits 4.73 4.64 5.23 7.62 11.77 14.94 13.78 13.05

Unemployment Rate 7.79 12.20 19.47 20.52 23.33 22.44 25.71 25.49

Non-Farm Payroll 0.47 1.34 1.56 1.49 2.07 1.92 2.91 3.42

Industrial Production 1.27 2.49 4.07 4.59 6.23 6.62 9.22 11.39

Housing Starts 6.58 13.00 16.07 19.72 23.59 28.83 30.43 44.68

Treasury Bill Rate (3M) 95.31 76.28 234.85 233.43 396.74 403.69 732.16 933.52

AAA Corp Bond Yield 3.92 6.69 5.49 7.37 6.31 7.07 7.04 8.97

Treasury Bond Rate (10Y) 14.81 12.03 15.42 16.51 16.22 16.52 17.43 21.24

Real GDP 1.19 1.25 2.05 2.02 4.13 3.97 6.47 6.10

Real PCE 20.20 1.28 21.47 2.15 22.82 3.35 24.78 5.49

Real Non-Res Fixed Inv 1.95 2.81 3.57 4.76 5.45 6.90 9.79 11.75

Real Res Fixed Inv 3.48 5.17 3.97 4.28 7.26 8.09 12.44 11.90

Real Federal C&GI 1.57 0.72 2.35 2.90 5.28 5.02 10.32 10.01

Real State/Local C&GI 0.54 0.40 2.57 2.68 4.34 4.41 7.79 7.47

Real Change in Private Inv 135.96 50.01 60.84 82.87 747.24 133.91 163.44 160.21

Real Net Exports 6.91 3.30 3.97 6.86 12.86 11.68 17.23 16.58

CPI Inflation Rate 118.21 112.56 151.22 98.70 94.76 53.66 70.56 89.82

Core CPI Inflation Rate 44.08 174.36 160.12 164.38 126.37 150.38 115.36 154.31

PCE Inflation Rate 128.28 125.90 108.71 126.78 150.32 161.83 165.07 171.56

Core PCE Inflation Rate 1603.80 1490.51 3218.46 3213.86 3049.08 3796.07 5845.02 7103.10
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Table 6: Recall versus nowcast accuracy (mean absolute percentage errors)

The table shows accuracy (mean absolute percentage errors) of AI-generated SPF nowcasts and recall of realized
values.

Recall Nowcast

Nominal GDP 2017.44 1.49

GDP Price 39.62 25.71

Corporate Profits 47.16 6.91

Unemployment Rate 4.70 4.40

Non-Farm Payroll 1097.83 0.18

Industrial Production 15.51 0.48

Housing Starts 2303510.64 4.38

Treasury Bill Rate (3M) 31.33 54.11

AAA Corp Bond Yield 14.12 4.16

Treasury Bond Rate (10Y) 8.61 13.76

Real GDP 2148.38 0.60

Real PCE 2157.98 15.92

Real Non-Res Fixed Inv 1932.33 1.27

Real Res Fixed Inv 5376.60 2.03

Real Federal C&GI 7967.66 1.04

Real State/Local C&GI 2772.79 0.63

Real Change in Private Inv 11646.09 139.27

Real Net Exports 2394.60 4.79

CPI Inflation Rate 177.00 184.45

Core CPI Inflation Rate 47.55 40.26

PCE Inflation Rate 82.42 79.55

Core PCE Inflation Rate 5111.42 4793.90
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Table 7: Relative accuracy of generic forecasters with and without real-time data

The table shows the accuracy of a synthetic forecaster without characteristics (generic forecaster) with and without
real-time data relative to baseline results generated by AI with forecaster characteristics and real-time data. Relative
accuracy is computed as mean absolute errors divided by baseline mean absolute errors from the “AI” columns
of Table 4. Values exceeding one indicate less accuracy compared with an AI forecaster seeded with forecaster
characteristics and real-time data.

Generic forecaster Generic forecaster w/o real-time data

Horizon (quarters) 0 1 2 4 0 1 2 4

Nominal GDP 0.92 0.92 1.03 1.09 0.78 1.14 1.15 1.11

GDP Price 1.00 1.00 1.00 1.00 1.01 1.02 1.02 1.03

Corporate Profits 1.14 1.19 1.10 0.99 0.82 1.63 1.37 1.13

Unemployment Rate 1.02 0.99 0.97 1.02 1.29 1.10 1.04 1.03

Non-Farm Payroll 0.97 1.01 1.01 1.04 28.93 8.70 5.96 3.93

Industrial Production 1.62 1.16 1.12 1.10 3.16 1.42 1.25 1.29

Housing Starts 1.04 1.00 0.99 1.10 1.65 1.22 1.08 1.28

Treasury Bill Rate (3M) 1.09 1.02 1.00 1.02 0.74 0.82 0.92 1.04

AAA Corp Bond Yield 1.51 1.16 1.14 1.10 1.51 1.18 1.18 1.24

Treasury Bond Rate (10Y) 0.98 1.03 1.02 1.01 0.87 1.06 1.07 1.16

Real GDP 1.14 1.03 1.03 1.04 1.37 1.22 1.12 1.08

Real PCE 1.86 1.75 1.69 1.63 0.06 0.08 0.11 0.17

Real Non-Res Fixed Inv 1.39 0.93 1.02 1.03 1.17 1.33 1.23 1.17

Real Res Fixed Inv 1.20 1.07 1.04 0.99 1.00 1.30 1.17 1.10

Real Federal C&GI 1.12 0.93 0.98 1.00 0.70 1.34 1.02 0.97

Real State/Local C&GI 1.37 0.85 0.93 0.96 0.85 1.21 1.07 1.03

Real Change in Private Inv 0.87 1.45 1.17 1.04 0.70 2.05 1.00 0.94

Real Net Exports 0.97 1.19 1.08 1.08 0.59 1.69 1.13 1.00

CPI Inflation Rate 0.90 1.05 1.04 1.01 1.10 0.92 0.94 1.01

Core CPI Inflation Rate 0.85 1.01 1.00 1.06 1.20 1.04 0.95 1.05

PCE Inflation Rate 1.11 0.83 1.06 0.96 1.00 0.92 1.12 1.13

Core PCE Inflation Rate 1.05 1.03 1.04 1.04 1.02 1.02 1.04 1.07

Average 1.14 1.07 1.07 1.06 2.34 1.52 1.27 1.18
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Table 8: Comparison of Topic Distribution between LDA and GPT Methods

Topic
LDA GPT

Count % Count %

Monetary Policy 2,286 43.4 2,698 51.2

Consumer Demand 1,701 32.3 1,425 27.1

Economic Recovery 1,144 21.7 0 0.0

Labor Market 1 0.0 751 14.3

Fiscal Policy 0 0.0 286 5.4

Housing Market 5 0.1 68 1.3

International Conditions 131 2.5 14 0.3

Supply Chain 0 0.0 13 0.2

Commodity Prices 0 0.0 13 0.2

Total 5,268 100.0 5,268 100.0
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Appendices

A. Robustness Checks

A.1. Expanded Prompt

As a robustness check, we employ an alternative approach to creating synthetic forecast

personas: an expanded prompt based on forecaster biographies generated using an LLM and

personal characteristics. Table 9 presents examples of personas generated by both methods:

Table 9: Fictional Example of Main and Expanded Persona Prompts

Main Persona Prompt Expanded Persona Prompt

You are a participant on a panel of Survey of Profes-

sional Forecasters. Your name is Alexandra Bryson, you

graduated from University of New Hampshire with a

M.A. in Economics around 2024. Today, you work as

a Senior Quantitative Analyst at Ethan Investments, an

Asset Management organization based in Boston, Mas-

sachusetts. You are originally from the USA.

You are a Senior Quantitative Analyst at Ethan Invest-

ments with a Master’s degree in Economics. Your exper-

tise lies in macroeconomic forecasting, and you actively

participate in the Survey of Professional Forecasters for

the Federal Reserve Bank of Philadelphia. Known for

your meticulous approach to data analysis, you excel in

interpreting complex economic information and translat-

ing it into actionable forecasts. Your experience at Ethan

Investments has honed your forecasting skills, making you

a trusted source of economic predictions in the financial

industry. Your dedication to staying informed about the

latest economic developments sets you apart as a reliable

and knowledgeable forecaster.

Note: The example uses fictional characteristics for privacy reasons. However, we feed the models all

names that were featured on the acknowledgement SPF lists.

The first approach is used in the main analysis and described in the main body of the paper.

The second approach (“Expanded Persona Prompt”) is 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
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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 forecaster’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.

A.2. Comparison Across Models

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

tasks. These models represent combinations of:

• LLM Architectures: GPT-3.5, GPT-4, and GPT-4o-mini

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

• Persona Prompts: main and expanded prompts, as discussed in Section A.1

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

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

persona configurations, we create twelve distinct models for evaluation. 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 section.

A.3. Comparison of Outcomes

The models used here include three variants: GPT-3.5, GPT-4, and GPT-4o mini. Each variant

is presented with two temperature settings: temperature 0 (producing more deterministic

forecasts) and temperature 1 (introducing greater variability). These combinations are labeled

as follows: 1 and 2 for GPT-3.5, 3 and 4 for GPT-4, and 5 and 6 for GPT-4o mini. In each case,

odd-numbered models (1, 3, and 5) use temperature 0, while even-numbered models (2, 4, and

6) use temperature 1. Additionally, C denotes our main approach to defining forecasters, while

B represents an expanded prompt used to simulate alternative forecast definitions.

Consequently, the subplots in Figure 14 display the median nowcasts for each of these 12

configurations, with SPF_C using our main prompt approach and SPF_B representing forecasts

generated with the expanded prompt approach. Figure 14 shows that in many subplots, the AI

forecasts track human forecasts quite closely, showing that the AI models, even with different

temperature settings and prompt definitions, can approximate human judgment in forecasting

CPI inflation. The variability introduced by different model configurations yields slightly

different forecast paths, with higher temperatures sometimes adding volatility and expanded

prompt introducing slight shifts in AI forecasting behavior. These graphs collectively suggest

that while AI models can emulate human forecasting patterns, the alignment with human

forecasts may vary based on model type, temperature, and prompt approach – although these

variations are small.

Figure 13 shows the median forecasts for CPI inflation rate four quarters ahead, with the

set-up identical to the above configuration. These one-year-ahead forecasts generally reveal

less alignment between AI models and human forecasts than the one-quarter-ahead forecasts.
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The higher temperature settings tend to add variability in the AI forecasts, which leads to

more noticeable deviations from human predictions. The expanded prompt approach also

appears to influence the AI’s forecast patterns, sometimes leading to more pronounced

divergences from human forecasts. Ultimately, we see that variability is amplified in longer

forecast horizons.

Figure 12 displays shows the forecast errors (realized minus predicted values) for CPI inflation

rate four quarters ahead, also with the set-up identical to the above configuration. We see that

in many cases, the forecast errors for AI models appear to align closely with human errors

over time, particularly in lower temperature settings and with the main prompt definition.

This suggests that, under certain configurations, AI models are capable of making prediction

errors similar to human forecasters, reflecting similar judgment patterns. However, as

temperature increases, the AI model errors become more variable and can diverge more

significantly from human errors, indicating that the added randomness affects the model’s

consistency in capturing the same errors as human forecasters. Finally, Figure 11 underscores

the difficulty AI models face in maintaining alignment with human forecast errors over

extended time horizons. While deterministic settings and the main prompt design (C) help

stabilize errors, the combination of higher temperatures and expanded prompts leads to

increased variability and divergence from human forecasts.
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Figure 14: Median of human and AI-generated SPF individual forecasts
The figure shows the median forecasts for CPI inflation rate. The black line represents human forecasts, and the
gray line represents AI-generated forecasts. Shaded areas indicate NBER recession periods.
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(e) CPI inflation rate, one quarter ahead-SPF3_B
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(i) CPI inflation rate, one quarter ahead-SPF5_B
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Figure 13: Median of human and AI-generated SPF individual forecasts (4-quarter ahead)
The figure shows the median forecasts for CPI inflation rate four quarters ahead. The black line represents human
forecasts, and the gray line represents AI-generated forecasts. Shaded areas indicate NBER recession periods.
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(e) CPI inflation rate, four quarters ahead-SPF3_B
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(i) CPI inflation rate, four quarters ahead-SPF5_B
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Figure 12: Forecast errors of human and AI-generated SPF individual forecasts
The figure shows the forecast errors (realized - predicted) for CPI inflation rate. The black line represents human
forecast errors, and the gray line represents AI-generated forecast errors. Shaded areas indicate NBER recession
periods.
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(e) Forecast errors, one quarter ahead-SPF3_B
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(i) Forecast errors, one quarter ahead-SPF5_B
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Figure 11: Forecast errors of human and AI-generated SPF individual forecasts (4-quarter ahead)
The figure shows the forecast errors (realized - predicted) for CPI inflation rate four quarters ahead. The black line
represents human forecast errors, and the gray line represents AI-generated forecast errors. Shaded areas indicate
NBER recession periods.
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(e) Forecast errors, four quarters ahead-SPF3_B
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(i) Forecast errors, four quarters ahead-SPF5_B
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