Predicting the effects of behavioral
interventions on humans with LLMs

2026-05-04

We test the potential of predicting human behavior in survey experiments with
behavioral clones—large language model (LLM) generated artificial agents mim-
icking human participants. To evaluate this potential, we predict the outcomes of
a large-scale field experiment (N = ~22,000) to be conducted in the United States.
The experiment will test 20 text-based interventions designed to increase trust in
climate scientists, assessing a broad range of secondary, outcomes including self-
reported attitudes (e.g., support for funding of climate science) and behavioral
measures (e.g., donations to a scientific organization). Before the human study is
fielded, we will simulate it with behavioral clones using demographically represen-
tative U.S. participant profiles. We will lock the simulated dataset and analysis
code. Once human data are available, we will compare clone-based predictions to
human results for average treatment effect and subgroup heterogeneity. We will
also compare how well the LLMS produce outcome distributions, and whether they
overemphasize demographic associations (in other words, whether they stereotype).
Our study will provide a large-scale, credible benchmark test of LLMs’ potential—
and limitations—as tools for simulating human subjects in social science research.
All analyses in this preregistration are demonstrated on simulated placeholder data
with identical structure to the real datasets; no human outcome data have been
observed at the time of registration.
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# packages
library(tidyverse)
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library(lmtest)
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library(broom)
library(MetBrewer)
library(patchwork)
library(gt)
library(tinytable)
library (here)



# custom functions

source (here("R/functions/statistics.R"))
source (here("R/functions/plots.R"))
source (here("R/functions/tables.R"))
source (here("R/functions/reporting.R"))

# simulated (random) data
human_data <- readRDS(here("data/simulation_preregistration/human_data_preregistration.rds").
11lm_data <- readRDS(here("data/simulation_preregistration/l1lm_data_preregistration.rds"))

# Preregistered random split of human sample into two halves.

# human_data_1 is the reference half used in all primary analyses.

# human_data_2 is the baseline comparator (human-human ceiling for all metrics).
set.seed(42)

split_ids <- sample(unique (human_data$id), size = floor(length(unique(human_data$id)) / 2
human_data_1 <- human_data |> filter(id %in’, split_ids)

human_data_2 <- human_data |> filter(!id %in% split_ids)

# interventions
interventions <- read_csv(here("data/interventions.csv"))

# actual data later
# human_data <- readRDS("data/cleaned_llm.rds")
# 11m_data <- readRDS("data/cleaned_llm.rds")

1 Important

Placeholder data. Both datasets used throughout are simulated random noise with
the correct structure. The analysis code will be applied to real human and LLM clone
data without modification once both are available.

Motivation

The aim of this project is to understand how well large language models (LLMs) can simulate
human behavior in survey experiments.

Large language models (LLMs) are trained on extensive human-generated data. Consequently,
they reproduce patterns of human judgment and reasoning (Binz and Schulz 2023; Aher,
Arriaga, and Kalai 2023). In controlled, text-based interactions, humans sometimes struggle
to distinguish between responses generated by LLMs and those produced by other humans
(Jones et al. 2025; but see Pagan et al. 2025).



This apparent capability of LLMs to mimic human behavior has generated substantial interest
among social scientists. Running surveys and experiments with human subjects is costly and
time-consuming. If LLMs could reliably approximate human behavior, they would offer a fast
and low-cost alternative. While it seems unrealistic at this point that LLMs could substitute
human subjects entirely (see, e.g., Schroder et al. 2025), they might still open up substantial
new opportunities for social science research. Academic publishing systems tend to incentivize
positive results (Nosek, Spies, and Motyl 2012; Smaldino and McElreath 2016), which can
discourage the testing of novel or high-risk ideas. Approximative LLM simulations could serve
as a low-risk tool for pretesting such novel ideas before committing resources to human data
collection. LLMs could also help testing the boundaries of established theories. Scientific
theories—at least in the social sciences—are often highly context-dependent. To improve
theory building, researchers have called for more systematic exploration of these contextual
variations (Almaatouq et al. 2022). LLMs could make such exploration more feasible: they
could simulate a multitude of variations of an experiment, thereby pointing researchers to
critical context factors that could be tested in follow-up studies on human participants.

Recent studies have demonstrated promising results for LLMs in simulating public opinion
(Kaiser et al. 2025; Wang, Morgenstern, and Dickerson 2025; Argyle et al. 2023; Durmus et
al. 2024; Santurkar et al. 2023; Bisbee et al. 2024; Shrestha et al. 2024) and in predicting
the outcomes of experiments with human participants (Hewitt et al. 2025; Chen, Hu, and
Lu 2025; Hu et al. 2025; Guo et al. 2025; Lippert et al. 2024; Bisbee et al. 2024). At
the same time, other work has identified important limitations of LLM simulations, including
systematic misrepresentation of certain identity groups (Wang, Morgenstern, and Dickerson
2025), a general tendency of overestimating experimental effects (Doudkin, Pataranutaporn,
and Maes 2025; Cui, Li, and Zhou 2024), and high volatility of simulation results, depending
on model and prompt choice (Schroder et al. 2025).

Currently, interpreting these mixed findings is difficult, as most existing studies face at least one
of the following limitations. First, some studies rely on already published experiments, raising
concerns that LLMs may have been trained on the very data they are asked to simulate. These
studies might only test LLMs capacity to reproduce, but not to predict. Second, even studies
that plausibly rely on unpublished data are rarely preregistered. Given that LLM performance
is highly sensitive to model choice and prompting, preregistered predictions are crucial for
credible evaluation. Third, some studies operate at the experiment level, providing LLMs with
a full description of the study and requesting a single aggregate prediction. While informative
about average effects, this approach precludes the analysis of individual-level heterogeneity.

In this project, we aim to provide a robust test of how well LLMs can simulate human behavior
in survey experiments. We address limitations of previous studies by leveraging a unique
opportunity to evaluate LLM simulations in the context of a large-scale field experiment,
involving approximately 21,000 participants from the United States (US), testing 20 text-
based interventions designed to increase trust in climate scientists. The study assesses a broad
range of outcomes, including self-reported attitudes (e.g., trust in scientists) and behavioral
measures (e.g., donations to a scientific organization). Before running the study with human



participants, we will use multiple LLMs and prompting strategies to simulate individual-level
survey responses representative of the US population. We will then collect the human data and
test how closely they match the data simulated by the LLMs. This design allows for a large-
scale, credible benchmark test of LLMs’ potential—and limitations—as tools for simulating
human subjects in social science research.

Research Questions

The main outcome of the megastudy is trust in climate scientists, but several secondary and
tertiary outcomes are preregistered. Analyses are organized in three sections that mirror one
another: we first examine average effects, then subgroup differences, and finally demographic
calibration at the individual level.

Section 1 — Average Treatment Effects. We ask (a) how well LLM clones predict the
average treatment effect (ATE) of each intervention across all outcomes, and (b) to which
extent clones produce similar response distributions for the different outcomes (in the control
condition).

Section 2 — Subgroup Effects. We ask (a) how closely clones predict differences in
intervention effects across six demographic moderators (gender, age, race, education, income,
partisan identity) for all outcomes, and (b) how closely within-subgroup response distributions
in the control condition match between humans and clones for the primary outcome.

Section 3 — Demographic Baseline Calibration. Independent of treatment effects, we
ask whether clone baseline outcome levels are calibrated to the assigned demographic profile:
(a) do clones reproduce the correct group mean for each demographic group in the control
condition, and (b) do demographic variables predict clone outcomes with the same magnitude
as in humans, or do clones over-rely on demographic cues? Analyses are run separately for all
outcomes; results are illustrated with the primary outcome (trust_multidimensional).

Data
Human data

The human dataset will come from a large-scale between-subjects field experiment to be con-
ducted in the United States (N 22,000). Participants will be randomly assigned to one of 20
text-based interventions designed to increase trust in climate scientists, or to a control condi-
tion. The human study is preregistered separately (https://doi.org/10.5281/zenodo.20160212).
No human data has been colleced at the moment of registering this study.

To provide a reference baseline for interpreting LLM performance, we split the human sample
into two equal halves using a preregistered random split (set.seed(42)). Human 1 (the
reference half) is used in all primary analyses and serves as the ground-truth against which


https://doi.org/10.5281/zenodo.20160212

both LLMs and the second human half are compared. Human 2 provides a human-human
reference: the similarity between the two halves quantifies how well human data predict other
human data, which is the upper bound for any predictive method. All comparison tables and
the pooled scatter plot report metrics for both comparisons side by side.

Interventions

Table 2 provides a summary of the different interventions tested in the megastudy. In this
project, we only generate LLM clone responses for non-interactive interventions. As a result,
we only test 16 interventions (none of the three LLM-chatbot interventions, neither the ‘Value
similarity’” quiz intervention).

# build table data with category headers manually

intervention_table data <- interventions |>
select(title, summary, tag) [>
mutate(
tag = factor(tag, levels = c(
"Collaboration and peer-review",
"Scientific methods and results",
"Applications and impact",
"Others' endorsement",
"Values",
"LLM-chatbot",
"Other"
))
) 1>
arrange (tag) |>
mutate (number = as.character(row_number())) [>
group_by(tag) |>
group_modify(~ bind_rows(

tibble(title = as.character(.y$tag), summary = ""),
.X
)) >
ungroup() |>
mutate(~ °~ = ifelse(title %in’, levels(tag), "", number)) [>
select(" °, title, summary) |[>
rename (" Intervention Title ™ = title,

Summary = summary)

# identify header rows
header rows <- which(intervention_table data$~ ~ == "")



intervention table <- intervention table data |>
tt(width = ¢(0.05, 0.25, 0.70)) |>
format_tt(escape = TRUE) |>
style_tt(align = "1", alignv = "t") |[>
style_tt(i = 0, bold = TRUE) |>
style_tt(i = header_rows, bold = TRUE, j = 2, colspan = 2) |[>
style_tt(fontsize = 0.85)

Table 1: Overview of interventions included in the megastudy.

intervention_table

intervention_table |>
theme_latex(multipage = TRUE, rowhead = 1,
outer = "caption={0verview of interventions included in the megastudy.}, label

Table 2: Overview of interventions included in the megastudy.

Intervention Title Summary

Collaboration and peer-review

1 Interview Prof. Maraun  Climate scientist Prof. Douglas Maraun at the University of Graz in
Austria stresses the collaborative and self-correcting process of climate
science.

2 Peer-review What makes climate science trustworthy is the process of independent
peer-review.

Scientific methods and results

3 Measurement & Climate scientists use sophisticated measurement and computational
modeling (1) modeling techniques to surveil climate and predict how it changes.

4 Measurement & Climate scientists are primarily natural scientists (e.g., biologists,
modeling (2) physicists). They use use sophisticated tools and quantiative methods to

measure and predict climate change.

5 Model accuracy This is an edited version of a real news article showcasing that even old
climate models, despite some flaws, were remarkably correct in predicting
global warming.

Applications and impact

Continued on next page



Table 2: Overview of interventions included in the megastudy. (Continued)

Intervention Title

Summary

10

11

12
13
14

15

16

Portrait Prof. Cherry

Extreme weather
predictions

Others’ endorsement

Corporate reliance

Former skeptics

Values

Value similarity

Interview Prof. Sebille

LLM-chatbot
LLM chatbot (1)
LLM chatbot (2)
LLM-chatbot (3)
Other

Social justice

Funding

Todd Cherry, a scientist focused on climate issues, is integrated in his
local community, and does work that is relevant for this community.

Showcases how climate science predicts and helps adapting to different
extreme weather events (blizzards, floods, wildfires). Takes into account a
participant’s state and adresses the extreme weather event most common
in that state.

Insurance companies and large corporations rely on climate scientists’
projections.

Former climate change skeptics Jennifer Rukavina (television
meteorologist) and Bob Inglis (former Repubican congressman) explain
how they came to change their mind.

The quiz "Which Type of Climate Scientist Are You?’ highlights
dimensions of climate scientists’ trustworthiness. By providing
participants with their personalized climate scientists profile, the
intervention intends to create perceptions of value similiarity and
identification.

Prof. Erik van Sebille, a climate scientist and oceanographer at Utrecht
University, Netherlands, mentions harmful consequences of climate
change on oceans and humans, and how he cares about preventing these
consequences.

LLM-chatbot
LLM-chatbot
LLM-chatbot

In the United States, the wealthiest 10% of the population are responsible
for roughly 40% of the country’s total greenhouse gas emissions. Climate
scientists provide evidence to hold the emitters accountable.

Correcting potential misperceptions on the amount and sources of climate
science funding. Showcases that climate science receives relatively little
pubilc and private funding.

Continued on next page



Table 2: Overview of interventions included in the megastudy. (Continued)

Intervention Title Summary
17 Oil industry Oil companies have spent decades financing large propaganda campaigns
misinformation to cast doubt on the existence climate change and the credibility of
climate scientists.

18 High public trust Correct potential misperceptions of how many Americans trusts climate
scientists. A majority of Americans trusts climate scientists at least to
some extent.

19 Scientist community Climate scientists are members of local communities and their work helps

helpers local communities in times of cliamte disasters (e.g., floods and wildfires).

20 Consensus Correcting potential misperceptions on the level of agreement among
climate scientists on cliamte change, and climate change related
information.

Outcomes

Outcomes are organized in three tiers reflecting theoretical proximity to the primary target of
the interventions:

Primary: trust_multidimensional — a composite measure of trust in climate scien-
tists averaging four subdimensions (competence, integrity, benevolence, openness), each
assessed with three items (12 items total, scored 0-100). This is the pre-specified main

endpoint.

Secondary (five outcomes): single-item trust (trust_post), single-item distrust
(distrust_post), perceptions of science funding (funding_perceptions), perceived
appropriate policy role of scientists (policy_role_mean), and institutional trust

(inst_trust_mean).

Tertiary (five outcomes): climate belief (belief_post), climate concern (concern_mean),
general climate policy support (policy_general), specific climate policy support
(policy_specific_mean), and pro-climate behavior intentions (behavior_mean).
Binary: newsletter sign-up (newsletter_signup) — a behavioral outcome recording
whether the participant subscribed to a climate science newsletter. Analyzed separately
with logistic regression; excluded from distribution analyses.

ATE analyses cover all 13 outcomes. Analyses that break results down by outcome — re-
sponse distribution comparisons (Section 1) and subgroup heterogeneity (Section 2) — use
an illustrative subset of four outcomes spanning the tiers: multidimensional trust (primary),
donation to AMS (secondary), funding perceptions (secondary), and general climate policy
support (tertiary). Subgroup analyses use six demographic moderators: gender, age band,
race, education, income, and partisan identity.



LLM generated data

Profiles

Clone profiles were constructed by drawing 9,000 individuals from four recent waves of the Gen-
eral Social Survey (GSS; 2018, 2021, 2022, 2024). Within-year normalized sampling weights
were applied so that each wave contributes equal sampling probability to the pool, while
preserving within-year relative weights. Each profile was assigned to exactly one experimen-
tal condition (between-subjects, matching the human study design). The exact procedure is
documented in the project repository.

Profiles encode the following demographic characteristics: age, sex, race/ethnicity (racial self-
identification and Hispanic origin), educational attainment, household income, household size,
self-identified social class, U.S. region, partisan identification, political ideology, religious af-
filiation, religious intensity, and confidence in the scientific community. Each clone then com-
pleted the survey experiment under the same conditions as human participants.

profiles <- read_csv(here("clone_profiles", "profiles.csv"), show_col_types = FALSE)

meta_vars <- c("profile_id", "year", "id", "wtssps", "w_pooled",
"profile_basic", "profile_detailed")

prof_vars <- setdiff (names(profiles), meta_vars)

yrs <- sort(unique(profiles$year))

yr_ns <- profiles [> count(year) [> deframe()

comp_tbl <- prof_vars |[>
map_dfr(\(v) {
row <- tibble(Variable = v)
for (yr in yrs) {
d <- profiles |> filter(year == yr) |> pull(all_of(v))
row[[pasteO(yr, " (N=", yr_ns[[as.character(yr)]], ")")]] <- sum(is.na(d))
}

row
b
comp_tbl |[>
tt O 1>
style_tt(j = 1, align = "1") |[>
style_tt(j = seq(2, ncol(comp_tbl)), align = "r") |[|>

style_tt(i = 0, bold = TRUE)
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Table 3: Missing values per variable by GSS wave. Column headers show the wave year and
total N for that wave in brackets.

Variable 2018 (N=1867) 2021 (N=2687) 2022 (N=2214) 2024 (N=2232)

age 0 0 0 0
sex 0 0 0 0
racecenl 0 0 0 0
hispanic 0 0 0 0
degree 0 0 0 0
incomel6 0 0 0 0
hompop 0 60 1112 1098
class 0 0 0 0
region 0 0 0 0
srcbelt 0 0 40 2232
partyid 0 0 0 0
polviews 0 0 0
relig 0 0 0 0
reborn 22 909 29 38
reliten 7 2687 1092 1300
consci 652 907 753 783

race_var <- if ("racecenl" %in} names(profiles)) "racecenl" else '"race"

age_tbl <- profiles [>
mutate(Category = cut(age,
breaks = c(17, 29, 44, 59, Inf),
labels = c("18-29", "30-44", "45-59", "60+")
)) 1>
count (Category) |>

mutate(pct = round(100 * n / sum(n), 1), group = "Age")
sex_tbl <- profiles [>

count (Category = sex) [>

mutate(pct = round(100 * n / sum(n), 1), group = "Sex")

race_tbl <- profiles [>
count (Category = .datal[race_var]]l) [>
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mutate(pct = round(100 * n / sum(n), 1), group = "Race / Ethnicity")

demo_tbl <- bind_rows(age_tbl, sex_tbl, race_tbl) [>
mutate(Category = as.character(Category))

demo_tbl |>
select(Category, n, pct) [>
rename(N = n, "%" = pct) |>
tt(width = 0.5) [|>
group_tt(i = list(
"Age" = which(demo_tbl$group == "Age") [1],
"Sex" = which(demo_tbl$group == "Sex") [1],
"Race / Ethnicity" = which(demo_tbl$group == "Race / Ethnicity") [1]
) 1>

style_tt(align = "1") |[>

style_tt(i = 0, bold = TRUE) |>
style_tt(i = "groupi", bold = TRUE) |>
format_tt(escape = TRUE)
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Table 4: Distribution of key quota variables in the LLM clone profile pool (N = 9,000).

Category N %
Age

18-29 1302 14.5
30-44 2494 27.7
45-59 2204 24.5
60+ 3000 33.3
Sex

female 4747 52.7
male 4253 47.3
Race / Ethnicity

american 119 1.3
indian or

alaska native

asian 358 4.0
black or 1230 13.7
african

american

hispanic 409 4.5
other pacific 21 0.2
islander

some other 80 0.9
race

white 6783 75.4

Prompt

"You are an expert in simulating participants in behavioral and social
science studies. You will be given a detailed profile of a specific U.S
resident and asked to respond to survey questions exactly as that
person would.\n\n### Participant Profile\n- Age: [AGE] (current year:
2026)\n- Sex: [SEX]\n- Race: [RACECEN1]\n- Highest educational degree:
[DEGREE]\n- Household income (GSS bracket): [INCOME16]\n- Household
size: [HOMPOP]\n- Self-described social class: [CLASS]\n- Census region
[REGION]\n- Living area: [SRCBELT]\n- Party identification: [PARTYID
J\n- Political views (liberal-conservative): [POLVIEWS]\n- Religion: [
RELIG]\n- Strength of religious affiliation: [RELITEN]\n- Identify as a
born-again or Evangelical Christian: [REBORN]\n- Trust in the
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scientific community: [CONSCI]\n\nGive the answer this specific person
would actually give, even if it is blunt, contradictory, or reflects
limited information."

Simulation

The simulation uses the Qualtrics file of the human study to walk the each LLM through the
study as a participant would experience it, with minor deviations. For details, see github.
com/yarakyrychenko/llm-participants.

Data

This preregistration demonstrates the full analysis workflow using data from a single model.
At the time of preregistration, complete simulations exist for two models: OpenAl GPT-40
mini and Google Gemini 2.5 Flash Lite. The data for these two models is registered on Zenodo
before data collection (https://doi.org/10.5281/zenodo.20167059).

Due to API request limitations, simulation data from other models are not available at the
point of registration. These simulations need to be be conducted in smaller batches. However,
the code for running these simulations is preregistered. For a time-stamped release of the code,
see https://github.com/yarakyrychenko/llm-participants/releases/tag/v1.0.0.

Measures

outcomes_primary <- "trust_multidimensional"

outcomes_secondary <- c(
"trust_post", "distrust_post",
#"donation_ams",
"funding_perceptions", "policy_role_mean", "inst_trust_mean"

)
outcomes_binary <- "newsletter_signup"
outcomes_tertiary <- c(
"belief_post", "concern_mean", "policy_general",
"policy_specific_mean", "behavior_mean"

)

outcomes_continuous <- c(outcomes_primary, outcomes_secondary, outcomes_tertiary)

14
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# Illustrative subset for by-outcome breakdowns (distributions, moderator detail)
outcomes_illustrative <- c(

"trust_multidimensional",

"donation_ams",

"funding_perceptions",

"policy_general"

)
trust_dimensions <- c(
"trust_competence", "trust_integrity", "trust_benevolence", "trust_openness"
)
trust_items <- c(
pasteO("trust_competence_", 1:3),
pasteO("trust_integrity_", 1:3),

pasteO("trust_benevolence_", 1:3),
pasteO("trust_openness_", 1:3)

moderators_cat <- c("gender", "age_band", "race", "education", "income", "party")

outcome_label_map <- c(

trust_multidimensional = "Multidimensional trust (primary)",

trust_post
distrust_post
donation_ams
newsletter_signup
funding_perceptions
policy_role_mean
inst_trust_mean
belief_post
concern_mean
policy_general
policy_specific_mean
behavior_mean

"Overall trust",
"Distrust",

"Donation to AMS ($)",
"Newsletter sign-up",
"Funding perceptions",
"Policy role",
"Institutional trust",
"Climate belief",
"Climate concern",
"General climate policy",
"Specific climate policy",
"Pro-climate behavior"

1 Note

Illustrative outcomes. Analyses that break down results by outcome — response
distributions (Section 1) and subgroup heterogeneity (Section 2) — report results for an
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illustrative subset of four outcomes spanning the primary, secondary, and tertiary tiers:
multidimensional trust (primary), donation to AMS, funding perceptions, and general
climate policy. The preregistered ATE comparison (Section 1, ATE Recovery) covers all
outcomes.

Comparison Functions

Two helper functions operationalize the comparison metrics. They are applied symmetrically
to human and LLM clone model outputs throughout the document.

Comparison metrics

compare_estimates () is used throughout — for ATEs (RQ1), moderator interaction estimates
(RQ3), and secondary analyses. It computes six metrics, reported in increasing order of
strictness. The rationale for this ordering is to locate precisely where clone performance breaks
down: a clone dataset might pass the weakest test (getting directions right) while failing a
stricter one (magnitude equivalence), and knowing at which rung the ladder breaks is more
informative than any single pass/fail verdict.

o Directional agreement (%) — least strict. % of estimates with the same sign as the
human estimate. Chance performance is 50%. Answers: do clones at least identify the
direction of each effect?

e Spearman — rank correlation of point estimates. Answers: do clones rank interven-
tions in the same order as humans? Insensitive to scale or offset; a clone that inflates all
effects equally would still score = 1.

e Pearson r — linear correlation of point estimates. Captures proportionality between
clone and human estimates but not absolute level.

o Inferential agreement (%) — % of estimates with the same BH-adjusted conclusion
(significantly positive, significantly negative, or non-significant at = .05). Requires
getting both magnitude and uncertainty right; answers whether a researcher using clones
would reach the same inferential decision as one using human data.

¢« RMSE — root mean squared error in outcome units. Captures average absolute mag-
nitude error; scale-dependent and therefore not comparable across outcomes.

e TOST (%) — most strict. % of individual estimate pairs passing an equivalence test
with bound A _k = 0.5 x |ATE human k|. Equivalence is declared (two one-sided
tests, = .05) when the clone estimate falls within +50% of the human estimate. Note:
near-zero human ATEs shrink Ak proportionally, making equivalence harder to achieve.

print_a_function_from_file("compare_estimates")

16



compare_estimates <- function(h_result, 1_result,
join_by = "condition",
tost_delta_pct = 0.5) {

# Standardize columns; SE derived from std.error or from 95% CI width if absent
prep <- function(df, suffix) {

daf |>
select(all_of(join_by), estimate) |[>
mutate (
se = if ("std.error" %in)% names(df)) df$std.error
else if (all(c("conf.low", "conf.high") %inj names(df)))
(df$conf.high - df$conf.low) / (2 * 1.96)
else NA_real_,
p_adj = if ("p.value_adjusted" %in’% names(df)) df$p.value_adjusted
else NA_real_
) >
rename_with(~ pasteO(.x, "_", suffix), c(estimate, se, p_adj))
}

joined <- inner_join(prep(h_result, "h"), prep(l_result, "1"), by = join_by)

# Three-level inferential category based on BH-adjusted p and direction
infer_cat <- function(est, p_adj) {
case_when(
p_adj < 0.05 & est > 0 ~ "sig positive",
p_adj < 0.05 & est < 0 ~ "sig_negative",
TRUE ~ "not_significant"

# TOST: equivalence declared when |ATE_h - ATE_1| < delta = tost_delta_pct x |ATE_h]|
# p_tost is the maximum of the two one-sided p-values; equivalent if p_tost < 0.05

joined |[>
mutate (

delta = tost_delta_pct * abs(estimate_h),
diff = estimate_h - estimate_1,
se_diff = sqrt(se_h™2 + se_172),
p_lower = pnorm((diff + delta) / se_diff, lower.tail = FALSE),
p_upper = pnorm((diff - delta) / se_diff),
p_tost = pmax(p_lower, p_upper),
equivalent = p_tost < 0.05,

same_infer = infer_cat(estimate_h, p_adj_h) == infer_cat(estimate_1, p_adj_1)

17



) >

summarise(

spearman_rho = cor(estimate_h, estimate_1, method = "spearman",

use = "pairwise.complete.obs"),
pearson_r = cor(estimate_h, estimate_l, use = "pairwise.complete.obs"),
rmse = sqrt(mean((estimate_h - estimate_1)~"2, na.rm = TRUE)),
directional_pct = mean(sign(estimate_h) == sign(estimate_1), na.rm = TRUE) * 100,

inferential pct = if (lanyNA(p_adj_h) && 'anyNA(p_adj_1))
mean(same_infer, na.rm = TRUE) * 100 else NA _real ,
tost_pct = mean(equivalent, na.rm = TRUE) * 100

Distribution comparison metrics

compare_distributions() compares response distributions for a single condition and out-
come using three metrics, again in increasing order of strictness:

e Variance ratio (clone / human variance) — least strict. Captures only one aspect of
distributional similarity — relative spread. A ratio of 1 means equal dispersion; does
not assess shape.

o OVL (overlapping coefficient) — proportion of the total area shared between the
two kernel density estimates; 1 = identical distributions, 0 = no overlap. Summarises
overall shape similarity.

¢ KS D-statistic — most strict. Maximum absolute gap between the two empirical CDFs
at any point on the response scale; 0 = indistinguishable CDFs everywhere. Sensitive to
local departures that OVL might average away.

print_a_function_from_file("compute_ovl")

compute_ovl <- function(x, y, n_grid = 512) {
lo <- min(c(x, y)); hi <- max(c(x, y))
if (lo == hi) return(NA real )
# Evaluate both KDEs on the same grid, then integrate the overlap area
d_h <- density(x, from = lo, to = hi, n = n_grid)
d_1l <- density(y, from = lo, to = hi, n = n_grid)
sum(pmin(d_h$y, d_18y)) * (hi - lo) / n_grid
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Calibration regression

Correlation between human and clone ATEs tells us only whether the two effect-size vectors
covary — whether interventions that produce large effects in humans also produce large effects
in clones. However, correlation does not capture baseline differences or multiplicative scaling:
clones could underestimate the control-condition baseline and inflate every effect by a factor
of two while still yielding Pearson r = 1. Calibration regression separates these two failure
modes — additive bias and proportionality.

run_calibration() regresses human ATEs on LLM clone ATEs: ATE human = + x
ATE_clone. The intercept captures additive bias: > 0 means clones systematically
underestimate human ATEs (an offset must be added to recover them), < 0 means they
overestimate. The slope captures proportionality: = 1 is perfect scaling (clone effects move
1:1 with human effects), > 1 means clone effects are compressed relative to humans (too
small in absolute magnitude), < 1 means they are exaggerated. We report 95% confidence
intervals for both parameters and R? as the share of human-ATE variance linearly recoverable
from clone ATEs.

We then test calibration at two levels of strictness. The joint F-test of ( = 0, = 1) is
the omnibus test of perfect calibration: it asks whether clone ATEs can be read directly as
estimates of human ATEs, with no correction at all. A significant result means the null of
perfect calibration is rejected — clone ATEs are not a direct substitute for human ATEs. The
slope-only F-test of ( = 1) asks the weaker diagnostical question whether clone effects
are proportionally calibrated, i.e. whether a one-unit difference in a clone ATE corresponds
to a one-unit difference in a human ATE, while permitting a constant additive offset . This
additional test is meaningful because proportional calibration is the more practically relevant
criterion: in real-world applications, additive bias is relatively easy to correct with a single
human anchor condition, whereas a slope distortion reflects a deeper failure in how clones
translate to humans and cannot be removed without re-estimating .

print_a_function_from_file("run_calibration")

run_calibration <- function(h result, 1 result) {
joined <- inner_join(
h_result |> select(condition, estimate h = estimate),
1 result |> select(condition, estimate_ 1 = estimate),
by = "condition"

)

# ATEh = + x ATE 1
fit <- lm(estimate_h ~ estimate_l, data = joined)
coefs <- broom::tidy(fit, conf.int = TRUE)
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tibble(
alpha = coefs$estimate[1],
alpha_lo = coefs$conf.low[1],
alpha_hi = coefs$conf.highl1],

beta = coefs$estimate[2],

beta_lo = coefs$conf.low[2],

beta_hi = coefs$conf.high[2],

r_squared = broom::glance(fit)$r.squared,

# Joint F-test HO: = 0 AND = 1 (perfect calibration on the original scale)
p_joint = car::linearHypothesis(

fit, c("(Intercept) = 0", "estimate_1 = 1")
)$ Pr(>F) " [2],
# Slope-only F-test HO: = 1 (proportional calibration; constant offset allowed)
p_beta_1 = car::linearHypothesis(fit, "estimate_l = 1")$ Pr(>F) [2]

Demographic baseline and predictability metrics

compare_demographic_baselines() computes, for each moderator, the Pearson -cor-
relation and RMSE between human and clone cell means in the control condition.
compare_demographic_predictability() fits separate OLS regressions of the outcome on
each moderator plus condition fixed effects, returning R? and dummy-coded coefficients for
humans and clones.

print_a_function_from_file("compare_demographic_baselines")

compare_demographic_baselines <- function(human_data, llm_data,
outcome,
moderators,
condition_var = "condition") {
control val <- levels(human datal[[condition var]]) [1]

map_dfr (moderators, function(mod) {
h_cells <- human_data |[>

filter(.datal[[condition_var]] == control_val) |>
group_by(cell = .datal[[mod]]) [>
summarise(mean_h = mean(.datal[[outcome]], na.rm = TRUE), .groups = "drop")

1 _cells <- 11lm_data |>
filter(.data[[condition_var]] == control_val) |[>
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group_by(cell = .data[[mod]]) [>
summarise(mean_1 = mean(.datal[[outcome]], na.rm = TRUE), .groups = "drop")

inner_join(h_cells, 1_cells, by = "cell") |[>

summarise (
moderator = mod,
r = cor(mean_h, mean_l, use = "pairwise.complete.obs"),
rmse = sqrt(mean((mean_h - mean_1)"2, na.rm = TRUE)),
n_cells = n()

)

9
}

print_a_function_from_file("compare_demographic_predictability")

compare_demographic_predictability <- function(human_data, llm_data,
outcome,
predictors,
condition_var = "condition") {
results <- map(predictors, function(mod) {

formula <- as.formula(paste(outcome, "~", mod, "+", condition_var))

fit_h <- Im(formula, data = human_data)

fit_1 <- 1lm(formula, data = 11lm_data)

rsq <- tibble(
moderator = mod,
source = c("human", "11lm"),
r_squared = c(broom::glance(fit_h)$r.squared, broom::glance(fit_1)$r.squared)

)

coefs_h <- broom::tidy(fit_h, conf.int = TRUE) [>
filter(str_detect(term, fixed(mod))) |[>

select(term, est_h = estimate, lo_h = conf.low, hi_h = conf.high)
coefs_1 <- broom::tidy(fit_1, conf.int = TRUE) [>

filter(str_detect(term, fixed(mod))) |[>

select(term, est_1 = estimate, lo_1 = conf.low, hi_1 = conf.high)

coefs <- inner_join(coefs_h, coefs_1, by = "term") [>
mutate (moderator = mod)

list(r_squared = rsq, coefficients = coefs)
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b

list(
r_squared = map_dfr(results, "r_squared"),
coefficients = map_dfr(results, "coefficients")
)

1. Average Treatment Effects
ATE Recovery

For each intervention, the average treatment effect (ATE) is the difference in mean
outcome between participants assigned to that intervention and those in the control con-
dition. We estimate ATEs by running run_main_treatment_model() — OLS with HC2
heteroskedasticity-robust standard errors and BH-adjusted p-values — on human and LLM
clone data separately for each preregistered outcome. For newsletter_signup (binary), we
use run_main_treatment_model_binary (), which returns marginal effects on the probability
scale.

We report the six comparison metrics in increasing order of strictness, from directional agree-
ment (do clones identify the correct direction of each effect?) to TOST equivalence testing
(does each clone ATE fall within a preregistered tolerance of the corresponding human ATE?).
We first report metrics pooled across all outcomes — 240 estimate pairs in total — to max-
imize statistical power, then break down by outcome and zoom in on the primary outcome.
All models are fit first.

# Run and store all models (avoids re-fitting in later chunks)
ate_model_results <- map(outcomes_continuous, function(out) {
list(

h = run _main_treatment_model (human_data_1, outcome = out),
1 = run_main_treatment model (1lm_data, outcome = out),
h2 = run_main_treatment_model ¢(human_data_2, outcome = out)

)

}) |> set_names(outcomes_continuous)

# Binary outcome: marginal effects on probability scale

h_bin <- run_main_treatment_model_binary(human_data_1, "newsletter_signup")
1 bin <- run_main_treatment_model_binary(llm_data, "newsletter_signup")

h2_bin <- run_main_treatment_model_binary(human_data_2, "newsletter_signup")

# References to primary outcome models for the primary subsection below
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h_primary <- ate_model_results[["trust_multidimensional"]]$h
1_primary <- ate_model_results[["trust_multidimensional"]]$l
h2_primary <- ate_model_results[["trust_multidimensional"]]$h2

# Extract ATE pairs with SE and adjusted p-value from a model result tibble
prep_ate <- function(df) {

af |>
select(condition, estimate) |>
mutate (
se = if ("std.error" %in% names(df)) df$std.error else NA real ,
p_adj = if ("p.value_adjusted" %in} names(df)) df$p.value_adjusted else NA_real_
)

# Pool ATE pairs across all outcomes (continuous + binary)
pooled_ates <- bind_rows(
map_dfr (outcomes_continuous, function(out) {
inner_join(
prep_ate(ate_model_results[[out]]$h) [>
rename (estimate_h = estimate, se_h = se, p_adj_h
prep_ate(ate_model_results[[out]]$1l) [>
rename (estimate_1 = estimate, se_l = se, p_adj_l = p_adj),
by = "condition"
) |> mutate(outcome = out)
b,
inner_join(
prep_ate(h_bin$marginal_effects) |>

p_adj),

rename (estimate_h = estimate, se_h = se, p_adj_h = p_adj),
prep_ate(l_bin$marginal_effects) |>
rename (estimate_1 = estimate, se_1 = se, p_adj_1 = p_adj),
by = "condition"
) |> mutate(outcome = "newsletter_signup")
) >
mutate(
tier = case_when(
outcome == outcomes_primary ~ "Primary",
outcome 7%in), c(outcomes_secondary, outcomes_binary) ~ "Secondary",
TRUE ~ "Tertiary"
b
outcome_label = outcome_label_map [outcome]

)
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# Human 1 vs. Human 2 ATE pairs (same structure as pooled_ates)
pooled_ates_h2 <- bind_rows(
map_dfr (outcomes_continuous, function(out) {
inner_join(
prep_ate(ate_model_results[[out]]$h) |[>
rename (estimate_h = estimate, se_h = se, p_adj_h = p_adj),
prep_ate(ate_model_results[[out]]$h2) [>
rename (estimate_h2 = estimate, se_h2 = se, p_adj_h2 = p_adj),
by = "condition"
) |> mutate(outcome = out)
b,
inner_join(
prep_ate(h_bin$marginal_effects) |[>
rename (estimate_h = estimate, se_h = se, p_adj_h = p_adj),
prep_ate(h2_bin$marginal_effects) [>

rename (estimate_h2 = estimate, se_h2 = se, p_adj_h2 = p_adj),
by = "condition"
) |> mutate(outcome = "newsletter_signup")
) >
mutate (
tier = case_when(
outcome == outcomes_primary ~ "Primary",
outcome %in}, c(outcomes_secondary, outcomes_binary) ~ "Secondary",
TRUE ~ "Tertiary"
) g
outcome_label = outcome_label_map[outcome]

)

# Per-outcome summary metrics
ate_metrics <- map_dfr(outcomes_continuous, function(out) {
compare_estimates(ate_model_results[[out]]$h, ate_model_results[[out]]$l) [>
mutate (outcome = out)

b

calib_metrics <- map_dfr(outcomes_continuous, function(out) {
run_calibration(ate_model_results[[out]]$h, ate_model_results[[out]]$l) [>
mutate (outcome = out)

b

ate metrics <- bind_rows(
ate_metrics,
compare_estimates(h_bin$marginal_effects, 1_bin$marginal_ effects) [>
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mutate (outcome = "newsletter_signup")

) 1>
mutate (

tier = case_when(
outcome == outcomes_primary ~ "Primary",
outcome %inj, c(outcomes_secondary, outcomes_binary) ~ "Secondary",
TRUE ~ "Tertiary"

)s

outcome_label = outcome_label_map [outcome]

calib_metrics <- bind_rows(
calib_metrics,
run_calibration(h_bin$marginal_ effects, 1_bin$marginal_ effects) |[>

mutate (outcome = "newsletter_signup")
) >
mutate (

tier = case_when(
outcome == outcomes_primary ~ "Primary",
outcome 7%in), c(outcomes_secondary, outcomes_binary) ~ "Secondary",
TRUE ~ "Tertiary"

iR

outcome_label = outcome_label_map [outcome]

)

# Calibration regression for Human 1 vs. Human 2 (baseline ceiling)
calib_metrics_h2 <- map_dfr(outcomes_continuous, function(out) {
run_calibration(ate_model_results[[out]]$h, ate_model_results[[out]]$h2) [>
mutate (outcome = out)

)

calib_metrics_h2 <- bind_rows(
calib_metrics_h2,
run_calibration(h_bin$marginal_effects, h2_bin$marginal_ effects) |[>

mutate (outcome = "newsletter_signup")
) 1>
mutate(
tier = case_when(
outcome == outcomes_primary ~ "Primary",
outcome 7%in), c(outcomes_secondary, outcomes_binary) ~ "Secondary",
TRUE ~ "Tertiary"

),
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outcome_label = outcome_label_map [outcome]

)

# Pooled summary

row - prepended to ate_metrics so it appears at the top of tbl-rql

pooled_row <- pooled_ates |>

mutate (
delta
diff =
se_diff =
p_lower =
p_upper =
p_tost =
equivalent =

same_sign =

infer_h

lis.na(p_adj_h) & p_adj_h < 0.05 & estimate_h > 0
lis.na(p_adj_h) & p_adj_h < 0.05 & estimate_h < O

0.5 * abs(estimate_h),

estimate_h - estimate_1,

sqrt(se_h™2 + se_172),

pnorm((diff + delta) / se_diff, lower.tail = FALSE),
pnorm((diff - delta) / se_diff),

pmax (p_lower, p_upper),

p_tost < 0.05,

sign(estimate_h) == sign(estimate_1),

case_when (

R

"sig_positive",
"sig_negative",

R

TRUE ~ "not_significant"

D

infer_1 =

lis.na(p_adj_1) & p_adj_1 < 0.05 & estimate_1 > O
lis.na(p_adj_1) & p_adj_1 < 0.05 & estimate_1 < O

case_when (

R

"sig_positive",
"'sig_negative",

R

TRUE ~ "not_significant"

)
) 1>
summarise (
spearman_rho

pearson_r
rmse

= cor(estimate_h, estimate_l, method = "spearman",

use = "pairwise.complete.obs"),
= cor(estimate_h, estimate_1, use = "pairwise.complete.obs"),
= NA real ,

directional_pct = mean(same_sign, na.rm = TRUE) * 100,

inferential pct = mean(infer_h == infer_ 1, na.rm

tost_pct
) 1>

mutate (outcome

TRUE) * 100,
= mean(equivalent, na.rm = TRUE) * 100

= "pooled", tier = "All outcomes", outcome_label = "All outcomes")

# Per-outcome summary metrics for Human 1 vs. Human 2 (baseline ceiling)

ate_metrics_h2 <-

map_dfr (outcomes_continuous, function(out) {

compare_estimates(ate_model_results[[out]]$h, ate_model_results[[out]]$h2) [>
mutate (outcome = out)

)
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ate_metrics_h2 <- bind_rows(
ate_metrics_h2,
compare_estimates(h_bin$marginal effects, h2_bin$marginal_effects) |>

mutate (outcome = "newsletter_signup")
) >
mutate(

tier = case_when(
outcome == outcomes_primary ~ "Primary",
outcome %inj, c(outcomes_secondary, outcomes_binary) ~ "Secondary",
TRUE ~ "Tertiary"

)

outcome_label = outcome_label_map [outcome]

)

# Pooled row for Human 1 vs. Human 2
pooled_row_h2 <- pooled_ates_h2 |>

mutate (
delta = 0.5 * abs(estimate_h),
diff = estimate_h - estimate_h2,
se_diff = sqrt(se_h™2 + se_h272),
p_lower = pnorm((diff + delta) / se_diff, lower.tail = FALSE),
p_upper = pnorm((diff - delta) / se_diff),
p_tost = pmax(p_lower, p_upper),
equivalent = p_tost < 0.05,
same_sign = sign(estimate_h) == sign(estimate_h2),
infer_h = case_when(

lis.na(p_adj_h) & p_adj_h < 0.05 & estimate_h > O ~ "sig positive",
lis.na(p_adj_h) & p_adj_h < 0.05 & estimate_h < O ~ "sig_negative",
TRUE ~ "not_significant"

),

infer_h2 = case_when(
lis.na(p_adj_h2) & p_adj_h2 < 0.05 & estimate_h2 > 0O
lis.na(p_adj_h2) & p_adj_h2 < 0.05 & estimate_h2 < 0O
TRUE ~ "not_significant"

R

"sig_positive",
"sig_negative",

R

)
) 1>
summarise (
spearman_rho = cor(estimate_h, estimate_h2, method = "spearman",
use = "pairwise.complete.obs"),
pearson_r = cor(estimate_h, estimate_h2, use = "pairwise.complete.obs"),
rmse = NA real ,

directional_pct = mean(same_sign, na.rm = TRUE) * 100,
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inferential_pct = mean(infer_h == infer_h2, na.rm = TRUE) * 100,

tost_pct = mean(equivalent, na.rm = TRUE) * 100
) 1>
mutate (outcome = "pooled", tier = "All outcomes", outcome_label = "All outcomes")

ate_metrics_h2 <- bind_rows(pooled_row_h2, ate_metrics_h2)

ate_metrics <- bind_rows(pooled_row, ate_metrics)

All outcomes

Figure 1 shows all 240 estimate pairs — one per intervention x outcome combination — colored
by outcome tier. Points above the diagonal indicate clone overestimation; points below indicate
underestimation.

Table 5 includes a pooled summary row at the top, followed by per-outcome rows grouped
by tier. RMSE is left blank for the pooled row because it is not comparable across outcomes
on different scales; all other metrics are scale-invariant. Both comparison pairs (Human 1
vs. LLM and Human 1 vs. Human 2) are reported side by side; the Human 2 columns serve
as a human-human ceiling for interpreting LLM performance.

Table 6 shows calibration regression results for both comparisons (Human 1 vs. LLM and
Human 1 vs. Human 2). Figure 2 shows the per-outcome scatter for Human 1 vs. LLM only.

tier_colors <- c("Primary" = "#C0392B", "Secondary" = "#2980B9", "Tertiary"

bind_rows(

pooled_ates |> mutate(estimate_pred = estimate_l, comparison = "Human 1
pooled_ates_h2 |> mutate(estimate_pred = estimate_h2, comparison = "Human 1
) >

ggplot (aes(x = estimate_h, y = estimate_pred, color = tier)) +
geom_abline(slope = 1, intercept = 0, linetype = "dashed",
color = "grey60", linewidth = 0.5) +
"dotted", color
"dotted", color

ngrey8o n ) +
"grey80") +

geom_hline(yintercept = 0, linetype
geom_vline(xintercept = 0, linetype
geom_point(size = 2, alpha = 0.65) +
scale_color_manual(values = tier_colors, name = "Qutcome tier") +
facet_wrap(~ comparison, ncol = 2) +

labs(x = "Human 1 ATE", y = "Predicted ATE") +

plot_theme +

theme (legend.position = "top")
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Figure 1: ATEs pooled across all outcomes for both comparisons. Left panel: Human 1
vs. LLM clones. Right panel: Human 1 vs. Human 2 (baseline ceiling). Each point
is one intervention x outcome pair (N = 240 per panel). The dashed line is perfect
agreement; dotted lines mark zero. Color indicates outcome tier.

ate_metrics |>
rename_with(~ paste0(.x, "_11lm"),

.cols = c(spearman_rho, pearson_r, rmse,

directional_pct, inferential_pct, tost_pct)) [>
left_join(

ate_metrics_h2 |[>
rename_with(~ pasteO(.x, "_h2"),
.cols = c(spearman_rho, pearson_r, rmse,

directional_pct, inferential_pct, tost_pct)) [>
select (outcome, ends_with("_h2")),

by = "outcome"
) 1>
arrange (match(tier, c("All outcomes", "Primary", "Secondary", "Tertiary")), outcome_label)

select(Tier = tier, Outcome = outcome label,
spearman_rho_1l1lm, pearson_r_llm, rmse_llm,
directional_pct_llm, inferential_pct_llm, tost_pct_1llm,
spearman_rho_h2, pearson_r_h2, rmse_h2,
directional_pct_h2, inferential_pct_h2, tost_pct_h2) |[>

gt (groupname_col = "Tier") |[>

cols_label(

spearman_rho_11m = "Spearman ", pearson_r_1llm = "Pearson r", rmse_1llm = "RMSE",
directional _pct_1lm = "Dir. (%)", inferential_pct_1lm = "Infer. (%)", tost_pct_llm = "
spearman_rho_h2 = "Spearman ", pearson_r_h2 = "Pearson r", rmse_h2 = "RMSE",
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directional_pct_h2 = "Dir. ()", inferential pct_h2 = "Infer. (%)", tost_pct_h2 =
) 1>
tab_spanner (label = "Human 1 vs. LLM", columns = ends_with("_11lm")) |>
tab_spanner (label "Human 1 vs. Human 2", columns = ends_with("_h2")) [>
fmt_number(columns = c(spearman_rho_llm, pearson_r_llm, rmse_llm,
spearman_rho_h2, pearson_r_h2, rmse_h2), decimals = 3) |[>
sub_missing(columns = c(rmse_llm, rmse_h2), missing text = "-") [>
fmt_number (columns = c(directional_pct_1lm, inferential_pct_llm, tost_pct_llm,
directional_pct_h2, inferential_pct_h2, tost_pct_h2), decimals =

tab_style(
style = cell_text(weight = "bold"),
locations = cells_row_groups()

)
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Table 5: RQ1 comparison metrics. The ‘All outcomes’ row pools all estimate pairs across
outcomes; RMSE (—) is omitted because outcomes differ in scale. Per-outcome rows
each have N = 20 intervention pairs. Left columns: Human 1 vs. LLM clone; right
columns: Human 1 vs. Human 2 (baseline ceiling). TOST: % of pairs achieving
equivalence (A = 50% of human ATE).

Human 1 vs. LLM

Outcome Spearman  Pearsonr RMSE Dir. (%) Infer. (%) TOST (%
All outcomes

All outcomes 0.115 0.196 — 51.2 99.2 0.
Primary

Multidimensional trust (primary) -0.208 -0.187  0.556 45.0 100.0 0.
Secondary

Distrust -0.024 -0.229  2.284 75.0 90.0 0.

Funding perceptions 0.086 0.064  2.254 50.0 100.0 0.

Institutional trust -0.296 -0.223  1.075 50.0 100.0 0.

Newsletter sign-up 0.448 0.435  0.017 55.0 100.0 0.

Overall trust -0.006 0.139  1.558 40.0 100.0 0.

Policy role -0.295 -0.076  0.887 30.0 100.0 0.
Tertiary

Climate belief -0.036 -0.078  1.861 65.0 100.0 0.

Climate concern 0.230 0.342  1.444 40.0 100.0 0.

General climate policy -0.050 0.090  1.592 75.0 100.0 0.

Pro-climate behavior -0.137 -0.111  1.197 35.0 100.0 0.

Specific climate policy 0.226 0.366  0.471 55.0 100.0 0.

calib_metrics |[>
left_join(
calib_metrics_h2 |[>
select (outcome,

alpha_h2 = alpha, alpha_lo_h2 = alpha_lo, alpha_hi_h2 = alpha_hi,
beta_h2 = beta, beta_lo_h2 = beta_lo, beta_hi_h2 = beta_hi,
r_squared_h2 = r_squared, p_beta_1_h2 = p_beta_1),
by = "outcome"
) 1>
arrange (match(tier, c("Primary", "Secondary", "Tertiary")), outcome_label) |>
mutate (
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beta_ci = paste0("[", round(beta_lo, 2), ", ", round(beta_hi, 2), "1M),

alpha_ci = pasteO("[", round(alpha_lo, 2), ", ", round(alpha_hi, 2), "1"),

beta_ci_h2 = pasteO("[", round(beta_lo_h2, 2), ", ", round(beta_hi_h2, 2), "1"),

alpha_ci_h2 = pasteO("[", round(alpha_lo_h2, 2), ", ", round(alpha_hi_h2, 2), "]1")
) 1>

select(Tier = tier, Outcome = outcome_label,
alpha, alpha_ci, beta, beta_ci, r_squared, p_beta_1,
alpha_h2, alpha_ci_h2, beta_h2, beta_ci_h2, r_squared_h2, p_beta_1_h2) |[>

gt (groupname_col = "Tier") |[>
cols_label(
alpha = " ", alpha_ci = "95% CI ()", beta = "", beta_ci = "95% CI ()",
r_squared = "R2", p_beta_1 = "p (=1)",
alpha_h2 = " ", alpha_ci_h2 = "95% CI ()", beta_h2 = " ", beta_ci_h2 = "95% CI ()",
r_squared_h2 = "R®", p_beta_1_h2 = "p (=1)"
) >

tab_spanner(label = "Human 1 vs. LLM",

columns = c(alpha, alpha_ci, beta, beta_ci, r_squared, p_beta_1)) |[>
tab_spanner(label = "Human 1 vs. Human 2",

columns = c(alpha_h2, alpha_ci_h2, beta_h2, beta_ci_h2, r_squared_h2, p_beta_1
c(alpha, beta, r_squared, alpha_h2, beta_h2, r_squared_h2), decimals :
c(p_beta_1, p_beta_1_h2), decimals = 3) [>

fmt_number (columns
fmt_number (columns

tab_style(
style = cell_text(weight = "bold"),
locations = cells_row_groups()

)
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Table 6: Calibration regression by outcome. : intercept (systematic bias, with 95% CI). :
slope (proportionality; 1 = perfect, with 95% CI). R? variance explained. p( =1):
F-test of proportional calibration. Left columns: Human 1 vs. LLM; right columns:
Human 1 vs. Human 2 (baseline ceiling).

Human 1 vs. LLM

Outcome 95% CI () 95% CI () R?
Primary
Multidimensional trust (primary) 0.263 [0.1, 0.43] -0.199 [-0.72,0.32] 0.035
Secondary
Distrust 2309 [1.13,3.49] -0.449 [-1.39, 0.49] 0.053
Funding perceptions 1.418 [0.7, 2.14] 0.114 [-0.77, 0.99] 0.004
Institutional trust -0.187 [-0.73, 0.35]  -0.296 [-0.94, 0.34] 0.050
Newsletter sign-up -0.001 [-0.01, 0.01]  0.489 [-0.01, 0.99] 0.190
Overall trust 0.329 [-0.38, 1.03] 0.204 [-0.52, 0.92] 0.019
Policy role 20.223 [-0.54,0.1]  -0.092 [-0.69, 0.51] 0.006
Tertiary
Climate belief 1223 [0.49,1.95] -0.135 [-0.99, 0.72] 0.006
Climate concern -0.967 [1.54,-0.39] 0554 [-0.2,1.31] 0.117
General climate policy -1.463 [-2.13, -0.8] 0.097 [-0.44, 0.63] 0.008
Pro-climate behavior 0.883 [0.6, 1.17] -0.202 [-1.09, 0.69] 0.012
Specific climate policy -0.186 [-0.38, 0.01]  0.465 [-0.12, 1.05] 0.134

map_dfr(outcomes_continuous, function(out) {
inner_join(
ate_model results[[out]]$h |> select(condition, estimate h = estimate),
ate_model results[[out]]$1l |> select(condition, estimate 1 = estimate),
by = "condition"
) |> mutate(outcome = outcome_label_map[out])
D>
ggplot(aes(x = estimate_h, y = estimate_1)) +
geom_abline(slope = 1, intercept = 0, linetype = "dashed",
color = "grey60", linewidth = 0.4, alpha = 0.35) +
geom_hline(yintercept = 0, linetype = "dotted", color = "grey80") +
geom_vline(xintercept = 0, linetype = "dotted", color = "grey80") +
geom_smooth(method = "lm", se = FALSE, color = "#2980B9", linewidth = 0.6) +
geom_point(size = 1.5, alpha = 0.7, color = "grey20") +
facet_wrap(~ outcome, scales = "free", ncol = 3) +
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labs(x = "Human ATE", y = "LLM clone ATE") +
plot_theme
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Figure 2: Human vs. LLM clone ATEs for all continuous outcomes. FEach point is one of the 20
interventions; axes are free-scaled across panels. Blue line: OLS regression through
the panel’s points. Faint dashed lin@5perfect calibration (slope = 1).



Response Distributions

Even if clones match the average treatment effect for each intervention, they may diverge from
humans in how responses are distributed: two groups with the same mean can differ in spread,
skewness, or tail shape. We ask whether clones reproduce the full response distribution in the
control condition — not just the mean — across all continuous outcomes. (newsletter_signup
is excluded because kernel density estimates are not meaningful for a binary outcome.)

We compare distributions using the same three metrics defined in the methods section, re-
ported in increasing order of strictness. The variance ratio (clone / human variance) is the
least demanding criterion — it checks only whether spread is calibrated, ignoring shape. The
overlapping coefficient (OVL) raises the bar to overall shape similarity: it is the propor-
tion of area shared between the two kernel density estimates, equal to 1 when distributions
are identical and approaching 0 when they barely overlap. Intuitively, OVL is the overlap
area between two smoothed histograms, expressed as a fraction of their total combined area.
The Kolmogorov—Smirnov D-statistic measures the largest vertical gap between the two
cumulative distributions at any point — imagine sliding along the x-axis and tracking how
far apart the two curves are; the ‘D’ statistic is the biggest gap. A value of 0 means the two
distributions are indistinguishable everywhere, while larger values flag that at some response
value, the two groups diverge sharply.

control_val <- levels(human_data$condition) [1]
dist_control <- map_dfr(outcomes_illustrative, function(out) {

compare_distributions(human_data_1, 11lm_data, out, control_val) |[>
mutate (outcome = out)

1>
mutate (
tier = case_when(
outcome == outcomes_primary ~ "Primary",
outcome %in), outcomes_secondary ~ "Secondary",
TRUE ~ "Tertiary"
),
outcome_label = outcome_label_map [outcome]
)

# Human 1 vs. Human 2 baseline ceiling for distribution comparison
dist_control_h2 <- map_dfr(outcomes_illustrative, function(out) {
compare_distributions (human_data_1, human_data_2, out, control_val) [>
mutate (outcome = out)
b
mutate (
tier = case_when(
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outcome == outcomes_primary ~ "Primary",

outcome %inj, outcomes_secondary ~ "Secondary",
TRUE ~ "Tertiary"
o
outcome_label = outcome_label_map [outcome]
)
source_colors <- c("Human" = "grey30", "LLM clone" = met.brewer("Juarez", n = 10)[1])

map_dfr(outcomes_illustrative, function(out) {
bind_rows(

human_data_1 |> filter(condition == control_val) |[>
select(value = all_of(out)) |[>
mutate(source = "Human", outcome = outcome_label_map[out]),
11lm_data |> filter(condition == control_val) |>
select(value = all of(out)) |>
mutate (source = "LLM clone", outcome = outcome_label map[out])
)
» 1>

filter(!is.na(value)) |[>
ggplot(aes(x = value, fill = source, color = source)) +
geom_density(alpha = 0.35, linewidth = 0.4) +

scale_fill manual(values = source_colors, name = NULL) +
scale_color_manual (values = source_colors, name = NULL) +
facet_wrap(~ outcome, scales = "free", ncol = 2) +

labs(x = "Response", y = "Density") +
plot_theme +
theme (legend.position = "top")
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Figure 3: Response distributions in the control condition, by outcome. Human participants
shown in dark grey, LLM clones in orange. Each panel covers the full range of that

outcome’s scale.
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dist_control |>

left_join(
dist_control h2 |> select(outcome, ovl h2 = ovl, ks d h2 = ks d, vr_h2 = variance_ratio)
by = "outcome"

) >

arrange (match(tier, c("Primary", "Secondary", "Tertiary")), outcome_label) |>

select(Tier = tier, Outcome = outcome_label,
ovl, ks_d, variance_ratio, ovl_h2, ks_d_h2, vr_h2) |[>

gt (groupname_col = "Tier") |[>
cols label(ovl = "OVL", ks d = "KS D", variance ratio = "Var. ratio",
ovl_h2 = "OVL", ks_d_h2 = "KS D", vr_h2 = "Var. ratio") [>
tab_spanner (label = "Human 1 vs. LLM", columns = c(ovl, ks_d, variance_ratio)) |[>

tab_spanner (label c(ovl_h2, ks_d_h2, vr_h2)) [>
fmt number (columns = c(ovl, ks _d, variance ratio, ovl h2, ks d_h2, vr_h2), decimals = 3) |
tab_style(

style cell_text(weight = "bold"),

locations = cells_row_groups()

"Human 1 vs. Human 2", columns

Table 7: Response distribution metrics in the control condition, by outcome. OVL: overlapping
coefficient (1 = identical). KS D: Kolmogorov—Smirnov D-statistic (0 = identical
CDFs). Variance ratio: clone / human variance (1 = equal spread). Left columns:
Human 1 vs. LLM; right columns: Human 1 vs. Human 2 (baseline ceiling).

Human 1 vs. LLM Human 1 vs. Human 2
Outcome OVL KSD Var. ratio OVL KSD Var. ratio
Primary
Multidimensional trust (primary) 0.956 0.041 1.062 0.934 0.058 1.021
Secondary
Funding perceptions 0.897 0.034 1.053 0.889 0.042 1.066
Tertiary
Donation to AMS ($) 0.910 0.050 1.037 0.927 0.028 1.027
General climate policy 0.888 0.050 0.981 0.865 0.077 0.914
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2. Subgroup Effects
Heterogeneity in Treatment Effects

Interventions may work differently for different demographic groups — for example, a message
about scientific consensus might shift trust more strongly among Republicans than Democrats,
or more among younger than older respondents. We ask whether clones reproduce these
subgroup differences, or whether they produce a one-size-fits-all response that averages across
demographic groups.

For each of six categorical moderators (gender, age band, race, education, income, and parti-
san identity), we estimate condition x moderator interactions using run_moderator_model ()
separately on human and clone data for all continuous outcomes. Each interaction term cap-
tures how much more (or less) effective a given intervention is for one demographic group
compared to the reference group. We compare the full set of interaction estimates between
humans and clones using compare_estimates(), reporting the six metrics in the same least-
to-most-strict order as in Section 1 (directional agreement through TOST equivalence). We
first report metrics pooled across all illustrative outcomes and moderators, then break down
by outcome.

# Nested: outcome - moderator - model (illustrative subset)
mod_results_all_h <- map(set_names(outcomes_illustrative), function(out) {
map(set_names(moderators_cat), function(mod) {
run_moderator_model (human_data_1, outcome = out, moderator = mod)
1)
1))
mod_results_all_1 <- map(set_names(outcomes_illustrative), function(out) {
map (set_names (moderators_cat), function(mod) {
run_moderator_model (11lm_data, outcome = out, moderator = mod)
b
1))
mod_results_all h2 <- map(set_names(outcomes_illustrative), function(out) {
map (set_names (moderators_cat), function(mod) {
run_moderator_model (human_data_2, outcome = out, moderator = mod)
1)
1))

# Primary-outcome references for the scatter plot below

mod_results_h <- mod_results_all h[["trust multidimensional"]]
mod_results_ 1 <- mod_results all 1[["trust multidimensional"]]
mod_results_h2 <- mod_results_all h2[["trust multidimensional"]]
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# All interaction estimate pairs (outcome x moderator x condition x level)
rq3_pooled_interactions <- map_dfr(outcomes_illustrative, function(out) {
map_dfr(moderators_cat, function(mod) {
inner_join(
mod_results_all_h[[out]] [[mod]]$interaction_effects |>
select(condition, moderator_level, estimate h = estimate),
mod_results_all_1[[out]] [[mod]]$interaction_effects |>
select(condition, moderator_level, estimate 1 = estimate),
by = c("condition", "moderator_level")
) |> mutate(outcome = out, moderator = mod)
1)
b

# Pooled headline (scale-invariant metrics only; RMSE omitted across mixed scales)
rqg3_pooled_row <- rqg3_pooled_interactions |>
summarise (

spearman_rho = cor(estimate_h, estimate_l, method = "spearman",
use = "pairwise.complete.obs"),
pearson_r = cor(estimate_h, estimate_1, use = "pairwise.complete.obs"),
directional_pct = mean(sign(estimate_h) == sign(estimate_1), na.rm = TRUE) * 100
) >
mutate (outcome_label = "All outcomes", tier = "All outcomes")

# Per-outcome x per-moderator metrics
rq3_metrics_by_outcome <- map_dfr(outcomes_illustrative, function(out) {
map_dfr(moderators_cat, function(mod) {
compare_estimates(
mod_results_all _h[[out]] [[mod]]$interaction_effects,
mod_results_all_1[[out]] [[mod]]$interaction_effects,
join_by = c("condition", "moderator_level")
) |> mutate(
outcome = out,
moderator = mod,
outcome_label = outcome_label_mapl[out],
tier = case_when(

out == outcomes_primary ~ "Primary",
out %in), outcomes_secondary ~ "Secondary",
TRUE ~ "Tertiary"
)
)
1))

b
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# Human 1 vs. Human 2 baseline ceiling for subgroup effects
rg3_pooled_interactions_h2 <- map_dfr(outcomes_illustrative, function(out) {
map_dfr(moderators_cat, function(mod) {
inner_join(
mod_results_all_h[[out]] [[mod]]$interaction_effects |>
select(condition, moderator_level, estimate _h = estimate),
mod_results_all _h2[[out]] [[mod]]$interaction_effects |[>
select(condition, moderator_level, estimate_h2 = estimate),
by = c("condition", "moderator_level")
) |> mutate(outcome = out, moderator = mod)

)
b

rq3_pooled_row_h2 <- rq3_pooled_interactions_h2 |[>
summarise (

spearman_rho = cor(estimate_h, estimate_h2, method = "spearman",
use = "pairwise.complete.obs"),
pearson_r = cor(estimate_h, estimate_h2, use = "pairwise.complete.obs"),
directional_pct = mean(sign(estimate_h) == sign(estimate_h2), na.rm = TRUE) * 100
) 1>
mutate(outcome label = "All outcomes", tier = "All outcomes")

rq3_metrics_by_outcome_h2 <- map_dfr(outcomes_illustrative, function(out) {
map_dfr(moderators_cat, function(mod) {

compare_estimates(
mod_results_all _h[[out]] [[mod]]$interaction_effects,
mod_results_all_h2[[out]] [[mod]]$interaction_effects,
join_by = c("condition", "moderator_level")

) |> mutate(
outcome = out,
moderator = mod,
outcome_label = outcome_label_mapl[out],
tier = case_when(

out == outcomes_primary ~ "Primary",
out %in), outcomes_secondary ~ "Secondary",
TRUE ~ "Tertiary"
)
)
1))
b
Pooled across all outcomes and moderators, Human 1 vs. LLM: Spearman = -0.069, Pearson r
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= -0.116, directional agreement = 48.8%. Human 1 vs. Human 2 (baseline ceiling): Spearman
= 0.034, Pearson r = 0.022, directional agreement = 51.6%.

rg3_metrics_by_outcome |>
rename_with(~ pasteO(.x, "_11lm"),
.cols = c(spearman_rho, pearson_r, rmse,
directional_pct, inferential_pct, tost_pct)) [>
left_join(
rq3_metrics_by_outcome_h2 |>
rename_with(~ pasteO(.x, "_h2"),
.cols = c(spearman_rho, pearson_r, rmse,
directional_pct, inferential_pct, tost_pct)) [>
select(outcome, moderator, ends_with("_h2")),
by = c("outcome", "moderator")

) 1>
arrange (match(tier, c("Primary", "Secondary", "Tertiary")), outcome_label, moderator) |>
select(Tier = tier, Outcome = outcome_label, Moderator = moderator,

spearman_rho_1l1lm, pearson_r_llm, rmse_llm,

directional _pct_l1lm, inferential_pct_1llm, tost_pct_1l1lm,

spearman_rho_h2, pearson_r_h2, rmse_h2,

directional _pct_h2, inferential_pct_h2, tost_pct_h2) [>
gt (groupname_col = "Tier") |[>
cols_label(

spearman_rho_11m = "Spearman ", pearson_r_llm = "Pearson r", rmse_llm = "RMSE",
directional_pct_1llm = "Dir. ()", inferential pct_1llm = "Infer. (%)", tost_pct_llm = "
spearman_rho_h2 = "Spearman ", pearson_r_h2 = "Pearson r", rmse_h2 = "RMSE",
directional_pct_h2 = "Dir. (#)", inferential_pct_h2 = "Infer. (%)", tost_pct_h2 = "
) 1>
tab_spanner(label = "Human 1 vs. LLM", columns = ends_with("_11m")) |[>

tab_spanner (label "Human 1 vs. Human 2", columns = ends_with("_h2")) |[>
fmt_number (columns = c(spearman_rho_llm, pearson_r_llm, rmse_llm,
spearman_rho_h2, pearson_r_h2, rmse_h2), decimals = 3) [>
fmt_number (columns = c(directional_pct_1llm, inferential_pct_llm, tost_pct_llm,
directional_pct_h2, inferential_ pct_h2, tost_pct_h2), decimals =

tab_style(
style = cell_text(weight = "bold"),
locations = cells_row_groups()

)
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Table 8: Interaction estimate comparison metrics by outcome and moderator. Qutcomes are
grouped by tier; rows are moderators. Spearman : rank correlation across all con-
dition x moderator level pairs. RMSE is in outcome units. Left columns: Human 1
vs. LLM; right columns: Human 1 vs. Human 2 (baseline ceiling).

Human 1 vs. LLM

Outcome Moderator Spearman  Pearson r RMSE Dir. (%) Infer. (%
Primary
Multidimensional trust (primary) age band 0.018 0.029 1.744 62.0 100.
Multidimensional trust (primary) education -0.192 -0.168  1.868 40.0 100.
Multidimensional trust (primary) gender -0.173 -0.135  1.349 47.5 100.!
Multidimensional trust (primary) income 0.035 0.029  1.553 56.2 100.!
Multidimensional trust (primary) party -0.394 -0.356  1.698 51.7 100.
Multidimensional trust (primary) race 0.019 0.054  2.061 52.5 100.!
Secondary
Funding perceptions age_band -0.209 -0.214  6.749 42.0 100.
Funding perceptions education 0.155 0.100  5.853 58.0 100.!
Funding perceptions gender -0.116 -0.060  6.234 32.5 100.
Funding perceptions income -0.076 -0.075  5.318 53.8 98..
Funding perceptions party 0.243 0.277  6.138 50.0 100.
Funding perceptions race -0.057 -0.067  6.505 47.5 100.
Tertiary
Donation to AMS ($) age band -0.067 -0.091  0.689 46.0 100.
Donation to AMS ($) education 0.015 0.038  0.746 50.0 100.
Donation to AMS ($) gender -0.049 -0.070  0.463 A7.5 100.
Donation to AMS ($) income 0.196 0.181  0.633 52.5 100.
Donation to AMS ($) party 0.224 0.239  0.639 43.3 100.
Donation to AMS ($) race -0.087 -0.055  0.587 46.2 100.!
General climate policy age_band -0.155 -0.131  8.293 39.0 100.
General climate policy education 0.072 0.121  7.538 48.0 100.
General climate policy gender 0.174 0.186  3.313 55.0 100.
General climate policy income -0.240 -0.208  6.008 40.0 100.
General climate policy party -0.009 0.023  6.723 48.3 100.
General climate policy race 0.255 0.260  4.828 56.2 100.1

map_dfr(moderators_cat, function(mod) {

inner_join(
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mod_results_h[[mod]]$interaction_effects |>
select(condition, moderator_level, estimate_h
mod_results_1[[mod]]$interaction_effects |>
select(condition, moderator_level, estimate 1 = estimate),
by = c("condition", "moderator_level")
) |> mutate(moderator = mod)
b
ggplot(aes(x = estimate_h, y = estimate_1)) +
geom_abline(slope = 1, intercept = O, linetype = "dashed",
color = "grey60", linewidth = 0.4, alpha = 0.35) +
geom_hline(yintercept = 0, linetype = "dotted", color = "grey80") +
geom_vline(xintercept = 0, linetype = "dotted", color = "grey80") +
geom_smooth(method = "1lm", se = FALSE, color = "#2980B9", linewidth = 0.6) +
geom_point(size = 1.5, alpha = 0.65, color = "grey20") +

estimate),

facet_wrap(~ moderator, scales = "free", ncol = 2) +
labs(x = "Human interaction estimate", y = "LLM clone interaction estimate") +
plot_theme
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Figure 4: Human vs. LLM clone condition x moderator interaction estimates for the primary
outcome (multidimensional trust), by moderator. Each point is one condition x
moderator level combination. Blue line: OLS regression. Faint dashed line: perfect

calibration (slope = 1).
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Response Distributions by Subgroup

Mirroring the distribution analysis in Section 1, we compare response distributions within each
demographic subgroup in the control condition. A clone dataset could reproduce the overall
response distribution while having miscalibrated within-group spreads. We use the same OVL,
KS D, and variance ratio metrics, in the same increasing order of strictness. These analyses
are run separately for all outcomes; the preregistration demonstrates them on the primary
outcome (trust_multidimensional). Minimum group size of 10 is required for stable kernel
density estimation.

# For each moderator x level, compare human and clone distributions in control
subgroup_dist <- map_dfr(moderators_cat, function(mod) {
groups <- levels(human_datal[mod]])
map_dfr(groups, function(grp) {
x <- human data_1 [>
filter(condition == control_val, .data[[mod]] == grp) |>
pull (trust_multidimensional) |> na.omit()
y <= 1llm_data |>
filter(condition == control_val, .data[[mod]] == grp) |>
pull (trust_multidimensional) |> na.omit()
if (length(x) < 10 | length(y) < 10) return(NULL)
tibble (moderator = mod, group = grp,
ovl = compute_ovl(x, y),
ks_d = suppressWarnings(ks.test(x, y)$statistic),
variance_ratio = var(y) / var(x))
b
b

# Human 1 vs. Human 2 baseline ceiling for within-subgroup distributions
subgroup_dist_h2 <- map_dfr(moderators_cat, function(mod) {
groups <- levels(human_datal[[mod]])
map_dfr(groups, function(grp) {
x <- human_data_1 [>
filter(condition == control_val, .data[[mod]] == grp) |>
pull (trust_multidimensional) |> na.omit()
y <- human_data_2 |[>
filter(condition == control_val, .datal[[mod]] == grp) |>
pull(trust_multidimensional) [> na.omit()
if (length(x) < 10 | length(y) < 10) return(NULL)
tibble(moderator = mod, group = grp,
ovl = compute_ovl(x, y),
ks_d = suppressWarnings(ks.test(x, y)$statistic),
variance_ratio = var(y) / var(x))
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i)
)

map_dfr (moderators_cat, function(mod) {
groups <- levels(human_datal[mod]])
map_dfr(groups, function(grp) {
bind_rows(

human_data_1 |> filter(condition == control_val, .datal[[mod]l] == grp) [>
select(value = trust _multidimensional) |[>
mutate(source = "Human", panel = pasteO(mod, ": ", grp)),
1lm_data |> filter(condition == control_val, .datal[[mod]] == grp) [>
select(value = trust_multidimensional) |>
mutate(source = "LLM clone", panel = pasteO(mod, ": ", grp))
)
1)
b

filter(!is.na(value)) [>
ggplot(aes(x = value, fill = source, color = source)) +
geom_density(alpha = 0.35, linewidth = 0.4) +

scale_fill_manual(values = source_colors, name = NULL) +
scale_color_manual (values = source_colors, name = NULL) +
facet_wrap(~ panel, scales = "free_y", ncol = 4) +

labs(x = "Multidimensional trust (0-100)", y = "Density") +
plot_theme +
theme (legend.position = "top")
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Figure 5: Response distributions within demographic subgroups in the control condition (pri-

mary outcome: multidimensional trust). Human participants in dark grey, LLM
clones in orange.
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subgroup_dist |>
left_join(
subgroup_dist_h2 [> select(moderator, group, ovl_h2
by = c("moderator", "group")

ovl, ks d h2 = ks_d, vr_h2 = varia

) 1>

arrange (moderator, group) |>

gt (groupname_col = "moderator") |[>

cols_label(group = "Group",
ovl = "OVL", ks_d = "KS D", variance_ratio = "Var. ratio",
ovl_h2 = "OVL", ks_d_h2 = "KS D", vr_h2 = "Var. ratio") [>

tab_spanner (label "Human 1 vs. LLM", columns = c(ovl, ks_d, variance_ratio)) |>
tab_spanner (label "Human 1 vs. Human 2", columns = c(ovl_h2, ks_d_h2, vr_h2)) |[>
fmt_number (columns = c(ovl, ks_d, variance_ratio, ovl_h2, ks_d_h2, vr_h2), decimals = 3) |
tab_style(style = cell_text(weight = "bold"),

locations = cells_row_groups())
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Table 9: Within-subgroup distribution comparison in the control condition. OVL: overlapping
coefficient (1 = identical). KS D: Kolmogorov—Smirnov statistic. Variance ratio:
second group / Human 1 variance. Left columns: Human 1 vs. LLM; right columns:
Human 1 vs. Human 2 (baseline ceiling).

Human 1 vs. LLM

Human 1 vs. Human 2

Group OVL KS D Var. ratio OVL KSD Var. ratio
age_ band
18-29 0.916 0.070 1.336  0.903 0.119 1.135
30-39 0.938 0.081 1.195 0.877 0.114 1.387
40-49 0.931 0.072 0.918 0.861 0.167 0.886
50-59 0.928 0.083 1.049 0.865 0.131 0.867
60-69 0.909 0.091 0.917 0.931 0.073 0.958
70+ 0.920 0.077 0.992 0.929 0.081 1.094
education
Bachelor’s degree 0.890 0.120 1.314 0.868 0.149 1.196
Doctorate degree / Ph.D. 0.898 0.128 1.268 0.876 0.123 1.231
High school diploma / GED 0.925 0.059 1.198 0.850 0.163 1.247
Less than high school 0.949 0.079 1.102 0.917 0.099 0.905
Master’s degree / Professional degree 0.930 0.072 0.883 0.924 0.083 0.834
Some college or Associate’s degree 0.903 0.111 0.813 0.896 0.101 0.843
gender
Female 0.916 0.070 1.319 0.894 0.124 1.149
Male 0.954 0.058 0.993 0.946 0.056 1.037
Other 0.932 0.044 0.908 0.941 0.053 0.892
income
$100,000 to $167,999 0.944  0.058 1.262 0.883 0.116 1.138
$168,000 or more 0.908 0.118 1.026 0.915 0.100 1.105
$30,000 to $55,999 0.954 0.061 1.145 0.876 0.125 1.223
$56,000 to $99,999 0.951 0.051 0.966 0.918 0.071 0.874
Less than $30,000 0.936  0.069 1.006 0.940 0.061 0.828
party
Democrat 0.932 0.083 0.954 0.933 0.100 1.002
Independent 0.945 0.047 1.011 0.929 0.079 0.935
Other 0.929 0.064 1.060 0.917 0.072 1.032
Republican 0.909 0.078 1.241 0.895 0.113 1.145
race
Asian / Asian American 0.930 0.089 1.206 0.897 0.127 0.983
Black / African American 0.998  0.068 0.743 0.908 0.092 0.844
Hispanic / Latino 0.873 0.152 1.420 0.880 0.107 1.264
Other 0.947 0.066 1.017 0.913 0.102 0.937
White / Caucasian 0.935 0.081 1.018 0.915 0.074 1.107




3. Demographic Baseline Calibration

Section 2 already provides a partial test of demographic stereotyping: if clones exaggerate
heterogeneity in treatment effects across subgroups, that is evidence of over-reliance on de-
mographic cues. But there is a second, orthogonal question namely whether clones get the
baseline right: For example, the clones could still assign far too low trust to, say, Republicans
or far too high trust to Democats before any treatment is applied. This woud be a distinct
failure mode — demographic baseline stereotyping rather than effect stereotyping.

Section 3 tests this directly, using only the control condition. It asks two questions: (a) do
clone group means match human group means for each demographic group? and (b) do demo-
graphic variables predict clone outcomes too strongly — does the demographic profile explain
more variance in clone responses than in human responses, indicating that clones map demo-
graphics to outcomes too mechanically? Both analyses are run separately for all outcomes;
the preregistration illustrates them with the primary outcome (trust_multidimensional).

Demographic Baseline Calibration

For each moderator, we compute mean outcomes within each demographic group in the control
condition separately for humans and clones, then correlate and compare those cell means. High
correlation and low RMSE indicate that clones start from the right baseline response level for
each demographic type — before any intervention is applied.

# Cell-mean comparison in the control condition, one moderator at a time
baseline_cal <- compare_demographic_baselines(

human_data_1, 1lm_data,

outcome = "trust_multidimensional",

moderators = moderators_cat

# Human 1 vs. Human 2 baseline ceiling for demographic calibration
baseline_cal_h2 <- compare_demographic_baselines(

human_data_1, human_data_2,

outcome = "trust_multidimensional",

moderators = moderators_cat

baseline_cal |>
left_join(
baseline cal h2 |> select(moderator, r h2 = r, rmse h2 = rmse),
by = "moderator"

) >
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select (Moderator = moderator, r, RMSE = rmse,

gt >

cols label(r_h2 = "r", rmse h2 = "RMSE") |[>
tab_spanner(label = "Human 1 vs. LLM",
tab_spanner(label = "Human 1 vs. Human 2", columns
fmt_number (columns = c(r, RMSE, r_h2, rmse_h2), decimals = 3)

columns

"N cells™ = n_cells, r_h2, rmse_h2)

c(r, RMSE)) [>
c(r_h2, rmse h2)) |[>

Table 10: Demographic baseline calibration. For each moderator, cell means in the control
condition are compared. r: Pearson correlation of cell means. RMSE: root mean
squared error. N cells: number of demographic groups. Left columns: Human 1
vs. LLM; right columns: Human 1 vs. Human 2 (baseline ceiling).

Human 1 vs. LLM

Human 1 vs. Human 2

Moderator r RMSE N cells r RMSE
gender -0.981 0.438 3 0.020 0.553
age band 0.564 0.520 6 -0.296 0.878
race -0.264 0.894 5 0.446 0.912
education -0.714 0.898 6 -0.149 1.083
income -0.528 0.636 5 0.481 0.630
party -0.726 0.855 4 -0.852 0.904

Demographic Predictability

For each of the six demographic moderators we fit a separate OLS regression of the primary
outcome on that moderator plus condition fixed effects, on human and clone data indepen-
dently. Running these regressions separately avoids conflating correlated predictors (race,
income, and education are themselves related) and gives a clean per-moderator answer: how
much does, say, partisan identity alone explain outcome variance in humans versus clones?
If clones over-rely on demographic stereotypes, their R? will be substantially higher than hu-
mans’ for one or more moderators. We also compare the individual dummy-coded coefficients
to identify which groups are over- or underweighted.

pred_test <- compare_demographic_predictability(

human_data_1, 1lm_data,

outcome = "trust_multidimensional",

predictors = moderators_cat

)

# Human 1 vs. Human 2 baseline ceiling for demographic predictability
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pred_test_h2 <- compare_demographic_predictability(
human_data_1, human_data_2,
outcome = "trust_multidimensional",
predictors = moderators_cat

)

pred_test$r_squared |>
pivot_wider(names_from = source, values_from = r_squared) |[>
left_join(
pred_test_h2%r_squared |>

filter(source == "11lm") |>
select (moderator, “Human 2 R?° = r_squared),
by = "moderator"
) 1>
rename (Moderator = moderator, “Human 1 R?° = human, ‘LLM R2° = 11lm) |>
gt [>
fmt _number (columns = c¢("Human 1 R?°, ‘LLM R®>°, “Human 2 R2?°), decimals = 3)

Table 11: R? from regressing the primary outcome on each demographic moderator + condition
FE. Clone R? » Human R? signals over-reliance on demographic cues. Human 2 R?
provides the baseline ceiling (sampling variation in human predictability).

Moderator Human 1 R? LLM R? Human 2 R?
gender 0.002 0.001 0.004
age band 0.002 0.002 0.004
race 0.002 0.002 0.004
education 0.002 0.002 0.004
income 0.002 0.002 0.004
party 0.002 0.002 0.004

pred_test$coefficients |>
ggplot(aes(x = est_h, y = est_1)) +
geom_abline(slope = 1, intercept = 0, linetype = "dashed",
color = "grey60", linewidth = 0.5) +
geom_hline(yintercept = O, linetype = "dotted", color = "grey80") +

geom_vline(xintercept = 0, linetype = "dotted", color = "grey80") +
geom_point(size = 2, alpha = 0.8, color = "grey20") +

geom_text (aes(label = term), size = 2.2, vjust = -0.8, color = "grey40") +
facet_wrap(~ moderator, scales = "free") +

labs(x = "Human coefficient", y = "LLM clone coefficient") +
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plot_theme
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Figure 6: Demographic regression coefficients for the primary outcome in humans (x-axis)
vs. LLM clones (y-axis), faceted by moderator. Each point is one dummy-coded
level. The dashed line marks perfect agreement (slope = 1).
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