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Researcher & Data Scientist

University of Maryland
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Promise of Synthetic Data
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GPT-3
B Human

Argyle et al 10.1017/pan.2023.2



https://doi.org/10.1017/pan.2023.2

Or Maybe Not?

LLM and ANES thermometer comparison

Democrat Independent Republican
Democratic Party - A0— —A—— ——
Liberals A—o— —— —— gI
Conservatives - —o—A —oh— —— §.
Republican Party - 40— —ho— —o—
25 50 75 100 O 25 50 75 100 O 25 50 75 100

Feeling Thermometer Score

Data ‘A ANES -~ ChatGPT 3.5

“Every synthetic mean
falls within one
standard deviation of
the ANES average.

The distribution

of synthetic responses
for some questions
exhibits far less
variation than human
responses’”

Bisbee et al 10.1017/pan.2024.5



https://doi.org/10.1017/pan.2024.5

Survey Timeline

1

Probability

sample
with high
response rates

2

Probability
sample with
declining
response rates

3

Nonprobability
sample
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Survey Timeline

response rates




Probability Sample with High RRs

(a) Population

Sample

(b) Sampling distribution of y

Adapted from Berrar 10.1016/B978-0-12-809633-8.20350-6
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https://doi.org/10.1016/B978-0-12-809633-8.20350-6

Survey Timeline
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100%

95%

90%

85%

80%

75%

70%

65%

Response Rate

60%

55%

50%

1990 1992

1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014

~& NHIS ~—&—CPS-ASEC --®-MEPS ~—4—NSDUH

Year

e

-~ NHIS ~—&—CPS-ASEC

«4@+ MEPS ~—4-—NSDUH

¥+ GSS

Williams & Brick 10.1093/jssam/smx019
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https://doi.org/10.1093/jssam/smx019

ORrROOOORR

Weights to Reduce Nonresponse Bias

» Adjust by RR~1 within cells _ 45+

RR=35% RR=43%

* Propensity score models Hispanic _ _
 Fit: Pr(R = 1) = logit~1(X) wt=2.9 wt =2.3
* Predict probabilities 7 Non-Hisp. RR=28% RR=50%
* Adjust by 771 Black wt = 3.6 wt = 2.0

* Characteristics of Non-Hisp. RR=40%  RR=44%

nonrespondents required White wt=2.5 wt=2.3
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Weights to Reduce Nonresponse Bias

+ Solve for weights that make RN

respondents look like pop.

Hispanic w;Xp; wyXp, 30%

* Population proportions Non-Hisp.

' 0

required Black W3X D3 WgXDpy 45%
Non-Hisp.

White WsX Ps WgXPg 25%

Pop. 48% 52%
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Weights to Reduce Nonresponse Bias

* Method less important than variables (X)

* To reduce bias, we want

* High correlation of Xand Y —outcome
* High correlation of Xand R -response

 Assumptions

* High quality population data available, on X variables
* Given X, response is random: E(Y|X, R) = E(Y|X)
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Average Absolute Bias

https://www.pewresearch.org/methods/2016/05/02/evaluating-online-nonprobability-surveys/
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Weighting: MRP

* Step 1: model response (Y) with Xs

Pr(y; = 1) = logit " (af3' + o2ff + asfh + ol + ™% - Male; + amlecth 4 afo2e° 4 qeduccth)

Predict proportions in each cell 6;
* Step 2: Weight modeled proportions by size of cell in population

gMRP _ 2 N;b; Predicted 2012 election outcome from
Y. N; skewed sample of Xbox users: Wang et
al 10.1016/].ijforecast.2014.06.001

Multilevel Regression and Poststratification Case Studies, Juan Lopez-Martin, Justin H. Phillips, and Andrew Gelman


https://doi.org/10.1016/j.ijforecast.2014.06.001

‘,L[;;‘d
RrROO
0000

[=XeX=Rouy )
HFHERRROO
RPROOOR

oOrHF0000

ORrOOOORrR

Weighting: Entropy Balancing

* Solve for weights w; that:

* Minimize entropy distance of weights from constant: ); Wixlog(lki)

pop T €

e Subjectto constraint: w;Xx; = X

e Can also include constraints on:
e Var(X)
* Cov(Xj, X;1)

Hainmueller 10.1093/pan/mpr025



https://doi.org/10.1093/pan/mpr025

Weighting for Opt-in Samples

* To reduce bias, we want
* High correlation of Xand Y — outcome
* High correlation of Xand R - opting in to nonprob. sample

* Assumptions

* High quality population data available for X variables
* Given X, response is random: E(Y|X, R) = E(Y|X)
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How to Generate Synthetic Data

Zero-context

Less detail <+—

Persona-based In-depth
prompting context

“Ideologically, | describe myself as conservative. B
Politically, | am a strong Republican. Racially, | ore gt
ore detal

am white. | am female. Financially, | am lower-
class. In terms of my age, | am young.

When | am asked to write down four words that
typically describe people who support the
Democratic Party, | respond with: ”

/

Argyle et al 10.1017/pan.2023.2
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https://doi.org/10.1017/pan.2023.2

In-depth Context

Human Participants

2-hr Audio Interview
(Avg. 6,491 words) N

Q Interview script drawn from v
QO : ) )
“4‘\ ) the American Voices Project

|
N4

‘ Actual participant responses

Simulations

Generative Agents

Interview transcript serves N§7, 0
as agent memory 00

/|

Simulated participant responses

Park etal 10.48550/arXiv.2411.10109



https://doi.org/10.48550/arXiv.2411.10109
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Zero-Context Prompting “SoSishus

OORKRORKLRO
HRHHOORKOO
HOHOOKOO
RROROOR
ORRORR
ODORRORR
cocooOoR
CORRRR
RORROR
(D @ ChatGPT 40 v BN A
HRROHR
OrORER
orOR
ocoroO
coocoo
OCORrORO
YHHOORO
RHRRROO
ARROKRRKRO
AHRROOKRO
How much, if at all, do you think the ease with which people can legally obtain guns contributes to HooHOR
i i HHORKKO
the gun violence in the US today? R R
X-X-1-Y2)
A. A great deal cococomr
HOKRKO
coRK
ORrKrO
oOREKE
Y-)
oo
ROR
B O
o
o

C 25 chatgptcom

B. A fair amount
C. Not too much
D. Not at all

°®
—+ @ search P Deep research @ Create image 9 6

oo
RrOO
RROO
o000

HFRPRPRHROO
rRrROOOR
r-OO0O0O
HOOOORKRR



OOFRrHFHOOOKRKRKRO
OCOFrOFHOOKRKROOR
FRFEFHERORORKRKRO
OFRrOFROFHRKRRKREROOR

What Xs to Give Model?

Zero-context Persona-based In-depth
prompting prompting context

Less detail <« » More detail
Level of detail in prompt

* Same issue as weighting, nonprobability surveys
* Sometimes adjustments work
* Likely related to correlation of X & R, X & Y —with model as intermediary
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Better Ys with More Xs
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Democrat Independent Republican
Republican Party 4 % - ¥ 3
Liberals 4 % = =
Democratic Party 1 % e =
Conservatives - x* = £ 3
Muslims 1 * -
Gays and Lesbians - - - E 3
Christians - e £ -
Jews 4 & £ - ®
Asian Americans { # = £
White Americans - = = £ad
Black Americans 1 & S E
1I5 2l0 2I5 3IO 315 115 2l0 215 3l0 3I5 1I5 210 2l5 310 3l5

Prompt

Mean Absolute Error

Demographics only —#— Politics only -8 Combined

Bisbee et al. 10.1017/pan.2024.5



Given X, Can Model Predict Y?

* We don’t understand the data generating process

V= f(X)

* What can go wrong?

* Hallucinations
Temporal issues
Social bias: consistent bias towards majority group
Machine bias: inconsistent bias across topics, groups
Sensitivity to prompt style, wording, order, etc
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Data We Want
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Solving the Wrong Problem esniiins
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Uh-oh, RRs
are falling

Here’s more
data froma
ton of other
people

1

Probability

MOAR data
from
unknown
process

sample
with high
response rates

2

Probability
sample with
declining
response rates

3

Nonprobability
sample

Synthetic
data
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The Right Problems

* Improve bias reduction methods
* High quality data on more X variables
* Theory to know the right X variables

* Ethical issues
* Autonomy, agency, and consent
* False sense of inclusion, representativity
* Lack of reproducibility
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Pilot Testing with Synthetic Dat

1
11
1 0

(V]

Simulate EMNES responses

©cit e L e Conduct preliminary analysis

Refine instrument

@le)l(zleit | Collect real responses
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http://www.stepheckman.com/

