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Introduction

LLMs as Approximations of Humans

Growing body of literature shows that LLMs produce responses consistent
with both economic theory and documented patterns of human behavior:

— behavioral econ experiments (Horton; 2023)
— consumer choice surveys (Brand, Israeli, and Ngwe; 2023)

— surveys on political biases (Argyle et al.; 2023)

Additionally, LLMs:

— can align with their Big Five assigned personality profiles (Jiang,
Zhang, Cao, and Kabbara; 2023)

— and exhibit personality consistency (Frisch and Giulianelli; 2024)

LLMs are human enough.
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Motivation

@ Survey-based forecasts (e.g., SPF) are critical for policymakers and
researchers (e.g., SPF is used by central banks, academia,
practitioners)

@ Survey data collection is costly (& thus infrequent); can't easily adapt
questions

@ LLMs can augment survey data collection by simulating agent
behavior (quickly and cheaply)
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The Paper

Goal: Construct LLM-based synthetic forecasters mimicking the Survey of
Professional Forecasters (SPF) participants

© Build synthetic forecasters at the individual level, based on
information of actual SPF participants

@ Use these synthetic personas, past median SPF forecasts, and
real-time data as LLM inputs

© Ask for point forecasts similar to the SPF instrument

@ Compare accuracy of LLM-based forecasts to SPF forecasts
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Agenda

(1) A framework of Human and Al Forecasting
(2) Survey of Professional Forecasters
(3) Simulating the SPF with LLMs

(4) Results
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A Framework of Human and Al Forecasting

Framework

@ Forecasting process:
Verr = (X, 2) + €41

with t as current time period, H as forecast horizon, x; as observable
predictors, z; as unobservable, and ¢; unpredictable with zero mean

@ Unobservables z; represent any additional information that can help predict
Ye+H but is (very) hard to quantify, e.g.:
e Private insights
e Tacit domain knowledge
o Internalized heuristics

o Intuition
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Humans, Algorithms, and Al

@ Humans can access both x; and z;, but do so imperfectly:

hi,t = f(Xt,Zt) + Ai,t

o A, is human bias that may not have zero mean

@ Traditional algorithms cannot access z; but they process x; efficiently
(direct mapping):

me = E[f(xe, z) | %t

@ LLMs are similar to traditional algorithms in that they only access x;, but
expectations are formed differently (massive text-based probability
distribution):

m’tAI =EA [f(xt, zt) | Xt:|
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A Framework of Human and Al Forecasting

Humans vs. Al

@ The distance between human and Al forecasts ultimately depends on the
size of human bias (A ;) relative to LLM's (AN = m — f(x¢, z;))

@ We can minimize this distance by giving an LLM:

(1) Forecaster characteristics to capture systematic patterns in biases:
Ai,t =" (Wi‘t) + €,
(2) Past median SPF forecasts to proxy unobservable z:

/_7t—1 = f(Xt—lazt—l) + At—l

@ This helps LLMs mimic humans in their forecasting process:

mﬁi‘ = EA [f(Xt’Zt) | Xty f(Xt—lvzt—l) + At—1, Wi,t:|
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The Survey of Professional Forecasters

The Survey of Professional Forecasters
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About the SPF

@ Oldest quarterly survey of macroeconomic expectations in the U.S.

e Launched in 1968
o Conducted by the Federal Reserve Bank of Philadelphia since 1990

o Widely used by policy-makers and economic researchers

@ Survey questions:

e 23 point forecasts at nine horizons: the current quarter (nowcast), one
to four quarters ahead, the current year, and one to three years ahead

@ Survey responses are releases at the individual level, but without
forecaster identifiers. However, published surveys include the names
and affiliations of recent contributors.
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Simulating the SPF with LLMs

Simulating the SPF with LLMs
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Data

@ We focus on all point forecast variables:

o U.S. business indicators (e.g., Nominal GDP; Unemployment Rate;
T-Bill Rate, 3-month)

o Real GDP and its components (e.g., Real GDP, Real Personal
Consumption Expenditures)
o Inflation measures (CPI, Core CPI, PCE, Core PCE)

@ We forecast over five horizons: nowcast + one to four quarters ahead

@ Sample: 1999-2023 + an out-of-sample validation for 2024
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Model

@ GPT-40 mini with temperature 1.0.
e Knowledge up to October 2023.

@ Robustness checks using:

e GPT-3.5

o GPT-4

e Llama-3.3-70B-Instruct-Turbo
o DeepSeek-V3
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Simulating the SPF with LLMs

Synthetic Forecasters

We collect publicly available data (e.g., LinkedIn, personal websites) to:

o Create a set of synthetic forecasters by endowing them with:

e Education, job title, affiliation, company location
e Experience and possible geographic or sector biases
o Social media presence, interviews, etc.

@ These features vary widely across actual SPF participants individuals

] Simulating the SPF November 12, 2025 15/45



Simulating the SPF with LLMs

Method

© We use a set of LLMs (e.g., GPT-40 mini) and prompt them with:

o Synthetic forecaster personas (i)
o Real-time data (up to quarter t)
o Past SPF median forecasts

mﬁ: = EA |:f(XtaZt) | Xt f(Xt—LZt—l) +Apq, Wit]-

@ The model is then instructed to forecast the same variables over the
same horizons as human SPF forecasters

© Evaluate LLM forecasts versus actual SPF and realized outcomes
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Prompt

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 [affiliation types| organization.

Your organization is based in [company location].

You are originally from [country of origin]. [social media status].

We are in [quarterly date]. You are about to fill out the forecast form for [quarterly date].
Using only the information available to you as of [quarterly date|, please provide your
best numeric forecasts for the following variables: [variables].

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
datal.

The forecasts made by the SPF panel during the previous quarter were as follows (for
t-1, t, t+1, t42, t43, t+4; where t is previous quarter: [past median forecasts].

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 judgment 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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Prompt

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 a [affiliation types] organization. Your
organization is based in [company location].

You are originally from [country of origin]. [social media status].
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Prompt

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

We are in [quarterly date]. You are about to fill out the forecast form for [quarterly date].
Using only the information available to you as of [quarterly date]|, please provide your
best numeric forecasts for the following variables: [variables].
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Prompt

You are a participant on a panel of Survey of Professional Forecasters...
We are in [quarterly date]...

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
datal.

] Simulating the SPF November 12, 2025 18/45



Simulating the SPF with LLMs

Prompt

You are a participant on a panel of Survey of Professional Forecasters...
We are in [quarterly date]...
Do this for the following quarters...

The forecasts made by the SPF panel during the previous quarter were as follows (for
t-1, t, t+1, t42, t+3, t+4; where t is previous quarter): [past median forecasts].

] Simulating the SPF November 12, 2025 18/45



Prompt

You are a participant on a panel of Survey of Professional Forecasters...
We are in [quarterly date]...

Do this for the following quarters...

The forecasts made by the SPF panel during the previous quarter...

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 [survey release date]).
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Prompt

/ You are a participant on a panel of Survey of Professional Forecasters... \
We are in [quarterly date]...

Do this for the following quarters...

The forecasts made by the SPF panel during the previous quarter...
Do not incorporate any data that was not available...

Use available information, and your professional judgment 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). Y,
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Prompt

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 [affiliation types| organization.

Your organization is based in [company location].

You are originally from [country of origin]. [social media status].

We are in [quarterly date]. You are about to fill out the forecast form for [quarterly date].
Using only the information available to you as of [quarterly date|, please provide your
best numeric forecasts for the following variables: [variables].

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
datal.

The forecasts made by the SPF panel during the previous quarter were as follows (for
t-1, t, t+1, t42, t43, t+4; where t is previous quarter: [past median forecasts].

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 judgment 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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Results
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Results

@ Large data set comprising point forecasts for 20+ variables at
different horizons for both human and Al forecasters

@ Focus here is on most relevant policy variables:

o CPI inflation rate
o Real GDP

e 3-month Treasury bill rate
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Results

@ Large data set comprising point forecasts for 20+ variables at
different horizons for both human and Al forecasters

@ Focus here is on most relevant policy variables:
e CPl inflation rate
e Real GDP

e 3-month Treasury bill rate

o Three main take-aways:
#1 Al = humans: While Al and human forecasts are qualitatively similar,
there are quantitative differences
#2 Al > humans: Al often achieves lower forecasting errors

#3 Al > humans | human input: Accuracy of Al hinges on human input in
prompt
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Result #1: Al = humans
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Comparing Al and Humans
Median Forecasts: CPI Inflation

One quarter ahead Four quarters ahead
7.5%
4%
5%
3%
2.5%
2% t
0%
1%
-2.5%
0%
2000 2010 2020 2000 2010 2020
Human — Al

Shaded areas are NBER recessions
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Comparing Al and Humans
Median Forecasts: T-Bill Rate (3-month)

One quarter ahead Four quarters ahead
6% 6%
4% 4%
2% 2%
0% 0%
2000 2010 2020 2000 2010 2020
Human — Al

Shaded areas are NBER recessions

] Simulating the SPF November 12, 2025 24 /45



Comparing Al and Humans
Median Forecasts: Real GDP

One quarter ahead Four quarters ahead
20000 20000
15000 15000
10000 10000
5000 5000
0 0
2000 2010 2020 2000 2010 2020
Human — Al

Shaded areas are NBER recessions
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Differences in Distributional Moments

Median P25 P75 Mean sb Skewness Kurtosis

One quarter ahead

CPI 0.30*** 0.30*** 0.50*** 0.36*** 0.57***  —1.00*** 0.63***
T-Bill 0.10 —0.04*** 0.24*** 0.01* 0.03***  —0.06***  —0.12***
Unemp —0.10***  —0.20***  —0.10***  —0.12***  —0.15%**  —0.66***  —5.92***
Real GDP —110.20*** —34.79*** _138.01*** —86.09*** 14.63** 0.05*** 0.07***

Four quarters ahead

CPI 0.01*** 0.09*** 0.10*** 0.10*** 0.04***  _1.75%** 11.43***
T-Bill —0.20***  —0.36%** 0.25%**  —0.14*** 0.14*** 0.08***  —0.10***
Unemp —0.11***  —0.20***  —0.00 —0.12***  —0.10***  —0.20%** = _1.39***
Real GDP —200.29*** —126.66*** —204.93*** —194.03*** 0.37 0.06*** 0.06***

Values are moments of the distribution of individual Al forecasts minus the
corresponding moments of the distribution of human forecasts. Stars
report significance of randomized tests of a zero difference.
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Densities of Individual Forecasts: CPI Inflation

One quarter ahead Four quarters ahead

2023 Q1

2023 Q1

2020 Q2 M
2008 03 A 2008 Q3

1999 Q1 1999 Q1

0 10 20 -10 -5 0

D Human . Al

Densities of forecast errors (forecast - realized value). 1999 Q1: Earliest survey; 2008 Q3: GFC;
2020 Q2: COVID-19; 2023 Q1: Latest survey with four-quarter-ahead realization.
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Comparing Al and Humans
Densities of Individual Forecasts: T-bill Rate (3-month)

One quarter ahead Four quarters ahead

2023 Q1 202301

2020 Q2 2020 Q2
2008 Q3 \ AA 2008 Q3 /\/h
1999 Q1

-2 -1 0 1 2 3 -2 0 2

D Human . Al

Densities of forecast errors (forecast - realized value). 1999 Q1: Earliest survey; 2008 Q3: GFC;
2020 Q2: COVID-19; 2023 Q1: Latest survey with four-quarter-ahead realization.

1999 Q1

I
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Results Comparing Al and Humans

Densities of Individual Forecasts: Unemployment

One quarter ahead Four quarters ahead
2023 Q1 i 2023 Q1
2020 Q2 2020 Q2 /_/‘4\%
2008 Q3 2008 Q3
1999 Q1 1999 Q1
0 5 10 15 20 -5 0 5 10

D Human . Al

Densities of forecast errors (forecast - realized value). 1999 Q1: Earliest survey; 2008 Q3: GFC;
2020 Q2: COVID-19; 2023 Q1: Latest survey with four-quarter-ahead realization.
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Results Comparing Al and Humans

Densities of Individual Forecasts: Real GDP

One quarter ahead Four quarters ahead
2023 Q1 2023 Q1
2020 Q2 2020 Q2
2008 Q3 2008 Q3
1999 Q1 1999 Q1
—2000 -1000 0 1000 2000 —-3000 -2000 —-1000 0 1000

D Human . Al

Densities of forecast errors (forecast - realized value). 1999 Q1: Earliest survey; 2008 Q3: GFC;
2020 Q2: COVID-19; 2023 Q1: Latest survey with four-quarter-ahead realization.
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Result #2: Al > humans
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Comparing Al and Humans
Forecast Accuracy (MAE)

@ Al forecasts often outperform human forecasts, especially at longer
horizons

@ Gains are most pronounced for variables like real GDP and
unemployment rate

@ Including past SPF data is essential for strong performance (otherwise
forecast accuracy degrades)

“LLMs extract latent (z;) information from human forecasts while also
processing x; more effectively.” J
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enes Rlanllrar
Forecast Accuracy (MAE

Horizon (quarters) 0 1 4

Al Human P-val Al Human P-val Al Human Pwval

Section 1: US Business Indicators

Nominal GDP 24809 187.45 090  16L71 17831 023  340.95 37987 000"
GDP Price 21.87 2216 0.00"* 21.85 2220 000" 21.68 2235 000"
Corporate Profits 87.60 7178  0.01'* 6L80 101390 002" 16531 18630 021

Unemployment Rate 0.81 038 0007 052 057 000" 0.1 0.94 000"
Non-Farm Payroll 252.38 46523  0.01* 03318 804.54  0.05°  2327.18 1038.36  0.00***
Industrial Production 0.54 164 0.00% 214 2.99 00077 4.92 627 0.00°**
Housing Starts 0.05 0.09 005" 0.10 012 002 0.16 021 080

Treasury Bill Rate (3M) 035 026 031 043 001" 115 121 0.00%*
AAA Corp Bond Yield 0.18 028 007 0.37 0.44 000" 059 073 000"
Treasury Bond Rate (10Y) 036 032 063 0.48 051 000" 0.76 0.88  0.00"**

Section 2: Real GDP and Its Components

Real GDP 90.82 12620 0.00"** 169.81 200.17 0.00"" 524.39 56810 000"
Real PCE 139303  90.64  0.00" 145412 130.32  0.00°*" 1710.50 330.69  0.00"**
Real Non-Res Fixed Inv 2191 2592 0.1 3611 4883  0.00"" 116.08 13396  0.00***
Real Res Fixed Inv 10.40 1043 0.86 13.80 1810  0.39 49.81 5414 000"
Real Federal C&GI 994 679 084 1432 1934 0047 4688 45.62  0.00*"
Real State/Local C&GI 9.66  8.00 023 2004 2439 000" 6831  69.76  0.00°*"
Real Changeiin Private Inv 3535  24.91  0.19 19.46 3813 0.10° 51.62 48.89 002"

Real Net Exports 2697 1679 0.54 2440 4252 002 9027  9L17  0.00"*"

Section 3: CP1and PCE Inflation

CPI Inflation Rate 1.84 198 0.00"* 236 214 001" 2.03 206 0.04"
Core CPI Inflation Rate 0.67 082 002" 092 0.88 000" 097 1.00 003"
PCE Inflation Rate 2.40 249 0.54 2.27 272 055 318 813 085

Core PCE Inflation Rate 237 230 0.01* 231 221 015 212 214 0.01%
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Proportion of Quarters Where Al is More Accurate

Horizon (quarters)

Pct P-val Pct P-val Pct P-val
CPI Inflation Rate 0.69 0.01*** 0.47 0.74 0.55 0.78
T-bill 0.51 1.00 0.47 0.97 0.60 0.08%
Unemp 0.81  0.00*** 0.74 0.01*** 0.63  0.22
Real GDP 0.70 0.00*** 0.75 0.00*** 0.63 0.01**

Boldfaced values are > 0.5. P-val reports significance of randomized tests of Pct= 0.5.
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Result #3: Al > humans | human input
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Al Forecast Accuracy without Human Input

Generic Generic, w/o Generic, w/o real-time
real-time data data, w/o past SPF data

Horzion 0 4 0 4 0 4
T-bill 1.09 1.01 0.74 1.03 1.07*** 1.08***
Unemp 1.02 1.02%** 1.20 1.02 1.12 1.10***
Real GDP 1.15 1.04 1.37 1.08 7.57*** 1.53***
CPI 0.90 1.02 1.09 1.02 1.09 1.13**
Average 1.14 1.06 1.31 1.06 8.88 2.52

Values are MAEs relative to MAEs of baseline Al forecasts. Boldfaced values are > 1.
P-val reports significance of randomized tests of Pct= 1.
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e [
Value of Prompt Inputs

e Omitting personal characteristics slightly increases errors (loss of
systematic bias cues)

@ Omitting real-time data significantly worsens forecasts

@ Omitting past SPF data makes accuracy degrade drastically: the LLM

has no “proxy” for unobservables

@ Conclusion: Real-time data + past SPF forecasts + personal traits
yield the best performance
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Are LLMs Forecasting or Recalling?
Addressing Temporal Leakage

@ LLM might recall future data from its training set
e Mitigation:
e Strict instructions to use only data up to t
o Real-time "dated” data sets (no future info)
o Out-of-sample test (e.g., 2024 data) outside model’s training window
@ Recall test: Ask the model to recall past realized values from the data
set. On average, errors are 16x larger than our baseline nowcasting
results.
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Discussion

Discussion

@ Humans have access to unobservable insights but can suffer
systematic biases

@ LLMs see only structured data and historical patterns, but can
approximate the “latent” aspects by:

e reading past human forecasts,
e adjusting to persona-specific biases

@ Hybrid approach: Al + human signals can exceed pure human or
purely data-driven ML forecasts

@ Potentially powerful for policy or research: “virtual forecasting lab”
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Discussion

Conclusion

@ LLMs can simulate professional forecasters effectively

@ In many cases, LLM forecasts outperform human forecasters,
especially at medium and long horizons

@ Demonstrates the viability of Al-augmented macroeconomic surveys
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Discussion

Augmenting Survey Data with Generative Al:
An Application to Economic Research

By ERIK BRYNJOLFSSON, JOSE RAMON ENRIQUEZ, SOPHIA KAZINNIK, AND
DAvID NGUYEN*

We study how large language models (LLMs) can potentially aug-
ment survey-based data collected from human subjects, by focusing
on two applications: (1) estimating willingness-to-accept (WTA)
for giving up digital and analog goods, and (2) predicting personal
income levels. We find that supplying LLMs with rich contex-
tual data beyond demographics significantly improves predictive
accuracy. Model fine-tuning and retrieval-augmented generation
(RAG) further enhance performance, while changes to model tem-
perature or prompting strategies yield only marginal improvements.
Performance varies across goods studied and demographic groups.
We provide a methodological blueprint for deploying LLMs as a
fast, low-cost multiplier of survey coverage. This is particularly
relevant in times of rapidly declining survey response rates.

JEL: C8, C9, C45, C63, C83

Keywords: Large Language Models; Generative Artificial Intelli-
gence; Economic Measurement; Simulated Economic Agents; Sur-
vey Design
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-
Thank youl!

Feedback is appreciated:
kazinnik [at] stanford.edu
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Appendix
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