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Abstract

We develop a framework for using large language models as priors in randomized ex-

periments. The method augments experimental data with LLM-generated synthetic

observations, treated not as substitutes for participants but as weighted dummy ob-

servations that encode experiment-specific prior information. The weight on the syn-

thetic block is learned from the data subject to a finite-sample safe-region bound,

yielding a disciplined bias–variance trade-off that preserves identification from random

assignment. We characterize the estimator’s bias and variance, derive conditions under

which synthetic priors improve precision, and implement posterior inference through a

Metropolis-within-Gibbs algorithm. We apply the method to two settings: a household

inflation-expectations information experiment and a controlled forecasting experiment.

In low-power designs, LLM-informed priors reduce posterior standard deviations by

roughly one third, equivalent to more than doubling the effective sample size, while

their gains decline as real-data evidence accumulates. The results show that LLMs can

provide useful, transparent, and bounded prior information for experimental inference

without replacing real observations.
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1 Introduction

Empirical researchers increasingly have access to a new form of structured background infor-

mation: outputs from large language models (LLMs) that can be conditioned on experimental

designs, participant characteristics, treatments, and outcome questions. This creates a nat-

ural opportunity for Bayesian empirical work, where prior information can be valuable but

useful priors are often difficult to construct. LLMs offer a way to translate broad regularities

about beliefs and behavior into experiment-specific prior information. This opportunity is

especially relevant for randomized experiments, where identification is credible but statis-

tical power is often limited by costly recruitment, small target populations, and multi-arm

designs.

We operationalize this idea by treating LLM-generated outputs as weighted dummy ob-

servations in the experimental dataset. The synthetic observations are constructed to mirror

the structure of the experiment, including its covariates, treatments, and outcomes, and are

appended to the human sample. A scalar weight, ω, governs how much influence this syn-

thetic block has on estimation. This weighted augmentation has a Bayesian interpretation:

LLM-generated observations provide structured prior information, while the randomized ex-

perimental data remain the source of causal identification. The premise is therefore not that

synthetic observations replace human responses, but that they provide a disciplined way to

incorporate prior information when real experimental evidence is limited.

We formalize this idea in a framework for estimating treatment effects with a finite exper-

imental sample and a synthetic auxiliary block. Incorporating the synthetic block induces a

bias–variance trade-off: increasing its weight can improve precision, but may introduce bias

if the synthetic and real conditional outcome processes differ. We characterize this trade-

off theoretically and derive a conservative safe region for the dummy-observation weight ω,

which prevents the synthetic block from dominating the real-data likelihood. Within this re-

gion, ω is learned from the data using the marginal likelihood of the augmented sample. The

resulting procedure allows synthetic observations to contribute when they are informative,

while preventing them from overwhelming the experimental evidence.

We evaluate the method in two complementary empirical settings. The first is the house-

hold inflation-expectations experiment of Coibion, Gorodnichenko and Weber (2022), a con-

ventional information-provision experiment with multiple treatment arms and demographic

controls. The second is the forecasting experiment of Afrouzi et al. (2023), where partici-
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pants forecast controlled AR(1) processes and the estimand is forecast-implied persistence.

Together, these applications allow us to assess the method in both a standard randomized

information-provision design and a tightly controlled forecasting environment. In each case,

we construct underpowered empirical designs from the original data, augment the reduced

real-data sample with LLM-generated synthetic dummy observations, and compare real-

only and mixed posterior inference. This strategy allows us to quantify whether synthetic

augmentation can recover statistical power that would otherwise require additional real ob-

servations, how it affects posterior uncertainty and point estimates, and how the gains vary

as the amount of real evidence increases.

The empirical results show that the method can deliver large precision gains in empirically

relevant low-power settings. In the inflation-expectations experiment, our benchmark specifi-

cation with 500 real observations reduces the posterior standard deviation of treatment-effect

estimates by roughly 35 percent relative to the real-data-only analysis. Achieving the same

reduction by increasing sample size alone would require approximately 135 percent more

real observations. The stress-test results show that these gains decline smoothly as the real

sample grows, remaining positive even when the sample is extended up to 20,000 observa-

tions, but becoming very small once the real-data likelihood is already highly informative.

The forecasting experiment delivers a similar message in a different setting: LLM-generated

dummy observations reduce uncertainty in estimates of forecast-implied persistence, espe-

cially when the real panel is shortened to only a small number of usable forecast rounds per

participant. Across both applications, the results support the interpretation of the method

as a disciplined bias–variance tradeoff: synthetic observations improve precision when real

experimental evidence is scarce, while their influence is learned subject to an explicit safe-

region bound that keeps inference anchored in real data.

Recent work has started to connect LLMs to experimental and expectations research.1

Horton, Filippas and Manning (2023) argue that modern LLMs can be treated as “homo

silicus”—implicit computational models that, when endowed with information and roles,

reproduce qualitative patterns from classic experiments and can be used to pilot designs

in silico. Morevoer, applied demonstrations show LLMs can emulate specific survey pop-

ulations: Hansen et al. (2024) simulate the Survey of Professional Forecasters by building

forecaster personas, feeding them real-time macro data, and find AI forecasts to often match

or exceed human accuracy, while emphasizing LLMs as complements rather than substi-

1For overviews on LLMs in economics see Ash and Hansen (2023), Korinek (2023), Ash, Hansen and Muvdi
(2024) and Korinek (2025).
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tutes for human respondents. In inflation-expectations settings, Zarifhonarvar (2026) runs

information-provision experiments on LLMs, documenting belief updating and treatment

effects that qualitatively mirror human surveys, highlighting the roles of knowledge sources,

model choice, and persona prompts. Work by Wu, Xi and Xie (2025) demonstrates that

LLMs can replicate state-dependent treatment effects, especially in the context of variable

inflation regimes.2 Against this backdrop, Ludwig, Mullainathan and Rambachan (2026)

provide an econometric “contract” for using LLM outputs in empirical work—warning that

their use requires benchmark/validation data to model LLM error—implying that in-silico

subjects should amplify, not replace, human data. Our approach closely aligns with that

caution by leveraging dummy-observations and their Bayesian interpretation: rather than

treating LLM outputs as real-world data, we use them only as structured prior information,

aiming to alleviate power constraints in experiments while keeping identification anchored

in human observations.

Our paper builds on the econometric literature on dummy-observation priors. Theil

mixed estimators provide a classical way to incorporate prior information through artificial

observations (Theil and Goldberger, 1961; Theil, 1963). This idea has been especially influ-

ential in Bayesian macroeconometrics, where dummy observations are used to encode shrink-

age priors in VARs (e.g., Litterman, 1986; Doan, Litterman and Sims, 1984). Relatedly, the

DSGE-VAR approach of Del Negro and Schorfheide (2004) uses artificial observations implied

by a structural DSGE model to construct priors for VAR estimation. More recent work stud-

ies how the tightness of such priors can be calibrated or learned in high-dimensional VARs

(e.g., Bańbura, Giannone and Reichlin, 2010; Giannone, Lenza and Primiceri, 2015). We

extend this logic to randomized experiments, where the auxiliary observations are generated

by LLMs and therefore require explicit safeguards against misspecification. Our contribution

is to treat these observations as experiment-specific prior information, derive finite-sample

bias–variance bounds for their use, and learn their weight subject to a safe region that keeps

causal identification anchored in the randomized real-data sample.

We contribute to the literature that seeks to improve the precision of treatment-effect

estimators in randomized experiments. We are closest to Iacovone, McKenzie and Meager

(2025), who use informative priors elicited from experts and firms. They operationalize

Bayesian approaches to randomized experiments discussed in Spiegelhalter, Freedman and

Parmar (1994), Gelman et al. (1995) and Imbens and Rubin (2015). Crucially, our priors

2For other LLM applications see for example Bybee (2023), Manning, Zhu and Horton (2024), Kazinnik and
Sinclair (2025), Brynjolfsson et al. (2025), Cook et al. (2025), Manning and Horton (2026).
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are elicited from LLMs, which are instructed to emulate human behavior.3 While Iacovone,

McKenzie and Meager (2025) explicitly elicit full prior distributions from respondents, our

framework does so implicitly. By using dummy observations, we simplify prior elicitation and

provide substantial flexibility in prior representation. Studies motivated by external validity

have used Bayesian hierarchical analysis (Meager, 2019, 2022; Vivalt, 2020; Bandiera et al.,

2021; Crosta et al., 2024), while others, such as Coey and Cunningham (2019), have leveraged

empirical Bayes to shrink treatment effect estimators.4 This paper also connects to recent

work studying the informativeness of ex-ante expert forecasts about experimental results

(DellaVigna and Pope, 2018; DellaVigna, Otis and Vivalt, 2020). Under the assumption

that LLMs contain a form of wisdom of crowds, we use analogous ex-ante beliefs as prior

information for treatment-effect estimation.

We also contribute to the growing literature on information-provision experiments,5 fo-

cusing in particular on settings where sample size constraints limit statistical power. These

include firm samples, where recruitment is costly and response rates are low (e.g., Drechsel

et al., 2015; Link et al., 2023; Mikosch et al., 2024; Dibiasi, Mikosch and Sarferaz, 2025; We-

ber et al., 2025; Abberger et al., 2026), experiments with many treatment arms (e.g. Coibion,

Gorodnichenko and Weber, 2022; Ash et al., 2026) and expert-elicitation studies in macroeco-

nomics, finance, or policy analysis (e.g., Andre et al., 2022, 2026) where access to participants

is inherently limited and cell sizes are small. Traditional remedies for low power—such as

pooling across waves or reducing treatment arms—can weaken design goals or hinder het-

erogeneity analysis. By introducing LLM-generated responses as dummy-observations, our

method offers a flexible means of incorporating structured prior information without replac-

ing actual participants, preserving design credibility while improving precision, power, and

robustness in contexts where expanding the real-world sample is prohibitively difficult.

The remainder of the paper is organized as follows. Section 2 introduces the synthetic

dummy observation priors and their theoretical properties. Section 3 presents the Bayesian

estimation of the model parameters. Section 4 describes the synthetic data generation process

with LLMs and Section 5 illustrates the approach. Section 6 concludes.

3Wu, Xi and Xie (2025) propose a perfectly balanced synthetic panel to reduce estimator variance, although
their approach relies exclusively on LLM-generated observations. In a different spirit, Gui and Kim (2025)
use LLMs to summarize a large number of covariates for stratification.

4For expositions of empirical Bayes, see Robbins (1964), Efron (2010), and Azevedo et al. (2019).
5For recent overviews see Haaland, Roth and Wohlfart (2023), Fuster and Zafar (2023), Stantcheva (2023)
and Coibion and Gorodnichenko (2026).
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2 Synthetic Data as Dummy–Observation Priors

This section introduces the dummy-observation prior used throughout the paper. In this and

the next section, we take the LLM-generated synthetic block as given and append it to the

real experimental sample as weighted dummy observations. We first define the augmented

linear model and then characterize the bias–variance tradeoff induced by the weight ω, which

controls the effective influence of the synthetic block.

Consider the standard Gaussian linear model

y = Xβ + ε, ε ∼ N (0, σ2In),

where y is an n × 1 vector of observations, X is the n × k design matrix, β is the k × 1

coefficient vector, and σ2 is the error variance.

We augment the dataset with r LLM–generated dummy observations (yd,Xd), which

encode prior beliefs about plausible coefficient values. To control their influence, each dummy

row is multiplied by
√
ω before stacking with the real data:

Xa =

[
X

√
ωXd

]
, ya =

[
y

√
ωyd

]
.

The augmented system can be written in the same form as the original model,

ya = Xaβ + εa, (1)

where

εa =

[
ε

√
ω ηd

]
,

and where ηd collects the deviations of the LLM-generated dummy outcomes from the con-

ditional mean structure implied by Xdβ. A formal decomposition of yd and bounds on ηd

are provided in Appendix A.1. We henceforth analyze (ya,Xa) as if all rows were actual

observations: large values of ω make the dummy block exert strong prior influence, while

ω = 0 removes it entirely.

A central requirement for our mixed estimation framework is that the LLM-generated

dummy observations capture regularities in the true data-generating process (DGP) in order
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to serve as informative but imperfect prior information. In the next section, we lay out the

assumptions that formalize this requirement and derive the finite-sample properties of the

mixed estimator that follow from them.

2.1 Assumptions and Theoretical Properties

To formalize the conditions under which the mixed estimator is a valid and informative com-

bination of real and synthetic data, we begin by stating two assumptions that characterize

how the LLM-generated dummy observations may differ from the true data-generating pro-

cess. These assumptions restrict the degree of misspecification in the synthetic block while

allowing for flexible deviations in conditional means, variances, and support. Building on

these conditions, we derive finite-sample bounds that characterize the bias–variance tradeoff

induced by the dummy-observation prior and identify a conservative region for the prior

weight ω within which the mixed estimator remains well behaved.

Let (Y,D,X) denote the outcome, treatment assignment, and covariates for the real ob-

servations, and let (Yd, Dd, Xd) denote the corresponding quantities for the LLM-generated

dummy observations. In the regression framework presented above (Equation 1), the treat-

ment indicator D is included within the design matrix X (e.g. as treatment dummies), so

the Gaussian linear model is only written in terms of (y,X).

Assumption 1 (Conditional moment closeness). For all (X,D) in the support of the real

data,

∣∣E[Yd | X,D]− E[Y | X,D]
∣∣ ≤ δ1,

∣∣Var(Yd | X,D)− Var(Y | X,D)
∣∣ ≤ δ2.

Assumption 2 (Support overlap). The synthetic observations span the covariate space rel-

evant for the real data: Supp(X) ⊆ Supp(Xd).

Assumption 1, together with the support overlap condition in Assumption 2, ensures that

LLM-generated observations may be misspecified but nevertheless encode structured and

relevant information about the conditional outcome distribution. Under these conditions,

the mixed estimator can be interpreted as a bias–variance tradeoff between the real-data

estimator and an LLM-informed dummy-observation prior. Because the treatment indicator

D is included in the regression vector X (Equation 1), Assumption 1 also bounds potential

misspecification in the treatment effect, which corresponds to the coefficient on D in β. The
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following proposition formalizes these finite-sample properties.

Proposition 1 (Bias–variance bound for the mixed estimator). Consider the Gaussian linear

model and augmented system described above. Let X be the n × k real-data design matrix

and let Xd be the r × k dummy-data design matrix generated by the LLM. Let

β̂real = (X ′X)−1X ′y and β̂mix = (X ′X + ωX ′
dXd)

−1
(
X ′y + ωX ′

dyd

)
denote the real-data-only estimator and the mixed estimator, respectively. Under Assump-

tions 1 and 2 and bounded regressors, in the sense that there exists a constant CX < ∞ such

that |Xd,ij| ≤ CX for all dummy observations i = 1, . . . , r and all regressors j = 1, . . . , k. Let

λmin(X
′X) and λmin(X

′
dXd) denote the smallest eigenvalues of the real and dummy design

matrices, respectively.

Then the bias of the mixed estimator satisfies

∥∥E[β̂mix]− β
∥∥ ≤ ω

√
k CX r δ1

λmin(X ′X) + ω λmin(X ′
dXd)

,

and its variance matrix satisfies

∥∥Var(β̂mix)
∥∥ ≤ σ2

λmin(X ′X) + ω λmin(X ′
dXd)

.

Consequently, the mean-squared error of β̂mix is bounded above by

MSE(β̂mix) ≤

(
ω
√
k CX r δ1

λmin(X ′X) + ω λmin(X ′
dXd)

)2

+
kσ2

λmin(X ′X) + ω λmin(X ′
dXd)

.

For the real-data-only estimator, MSE(β̂real) = trace(σ2(X ′X)−1) ≤ kσ2/λmin(X
′X).

Thus, for any value of ω satisfying(
ω
√
k CX r δ1

λmin(X ′X) + ω λmin(X ′
dXd)

)2

+
kσ2

λmin(X ′X) + ω λmin(X ′
dXd)

<
kσ2

λmin(X ′X)
,

the mixed estimator achieves a strictly smaller mean-squared error than the real-data-only

estimator.

Proposition 1 provides a finite-sample characterization of how the dummy-observation
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prior affects inference. The result shows that the influence of the synthetic block enters

through two channels. (i) A bias term that depends on the relative weight of the misspecified

dummy block. Its numerator increases with the dummy weight ω, the size of the dummy

block, and the extent of LLM misspecification δ1, while its denominator also increases with

the information contained in the weighted dummy design. Hence, the bias bound rises

approximately linearly for small values of ω, but eventually levels off as the mixed estimator

approaches the LLM-only estimator. (ii) A variance term that declines with the combined

information in the real and dummy design matrices. Together these bounds make transparent

the bias–variance tradeoff implied by ω: for moderate values of ω, the variance reduction

from the dummy observations dominates, improving precision, whereas for very large ω the

estimator contracts towards the LLM-only estimator and the bias term becomes dominant.

Proposition 2 (A conservative safe region for the dummy-observation weight). Maintain

the assumptions and notation of Proposition 1, and let

A = λmin(X
′X)

denote the smallest eigenvalue of the real-data design matrix. Define

ω̄ :=
σ
√
A

CX r δ1
.

Then for every weight 0 ≤ ω ≤ ω̄, the bias of the mixed estimator satisfies

∥∥E[β̂mix]− β
∥∥ ≤

√
k σ,

i.e. the norm of the bias is no larger than the one-standard-error benchmark
√
k σ implied by

the real-data-only estimator. Moreover, for all such ω the variance of the mixed estimator is

weakly smaller than that of the real-data-only estimator:

∥∥Var(β̂mix)
∥∥ ≤

∥∥Var(β̂real)
∥∥ =

∥∥σ2(X ′X)−1
∥∥.

Proposition 2 provides an explicit upper bound on ω under which the bias remains smaller

than a one-standard-error benchmark and the variance is weakly reduced, offering a conser-

vative “safe region” for practical implementation.
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3 Posterior Simulation

The previous section shows how LLM-generated observations enter the econometric model

as a weighted dummy-observation prior and how the dummy weight ω governs the resulting

bias–variance tradeoff. We now describe how we simulate from the posterior distribution

induced by this augmented system.

The likelihood function for the augmented system is

p(ya | β, σ2, ω) ∝ (σ2)−(n+r)/2 exp
{
− 1

2σ2 (ya −Xaβ)
′(ya −Xaβ)

}
, (2)

which is simply the Gaussian likelihood for the stacked data.

Conjugate conditionals (given ω). Given the scale–invariant, flat, prior p(β, σ2) ∝ σ−2,

let S(β) = (ya −Xaβ)
′(ya −Xaβ) be the residual sum of squares for the augmented data,

and

β̂ = (X ′
aXa)

−1X ′
aya

be the posterior mean of β under this prior, which can be rewritten as:

β̂ = (X ′X + ωX ′
dXd)

−1(X ′y + ωX ′
dyd)

Conditional on σ2, the posterior for β is multivariate normal:

β | σ2, ω ∼ N
(
β̂, σ2(X ′

aXa)
−1
)
. (3)

Conditional on β, the variance σ2 follows an inverse–gamma distribution:

σ2 | β, ω ∼ Inv-Gamma
(

n+r
2
, S(β)

2

)
, (4)

with shape parameter (n + r)/2 and scale proportional to the augmented residual sum of

squares.

Posterior simulation with unknown ω. To allow the dummy-observation weight ω to be

learned from the data while preventing the synthetic block from exerting implausibly strong

influence, we embed the model in a Metropolis–within–Gibbs algorithm with an explicit
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guardrail on the admissible range of ω. Proposition 2 implies a conservative safe region

0 ≤ ω ≤ ω̄, ω̄ =
σ
√
A

CX r δ1
, A = λmin(X

′X).

In implementation, we estimate the discrepancy term in the theoretical bound by comparing

the conditional mean functions implied by the dummy-only and real-data-only posterior

means. Specifically, let β̄d and β̄r denote the posterior mean coefficient vectors from separate

flat-prior Gaussian estimations using, respectively, only the synthetic dummy block and only

the real-data subsample. We set

δ̂1 = max
i∈Xeval

∣∣x′
iβ̄d − x′

iβ̄r

∣∣ ,
where Xeval contains the covariate–treatment profiles observed in the real and synthetic

design matrices. This quantity estimates the largest discrepancy between the synthetic and

real conditional mean functions over the empirical support used for estimation. Let σ̂ denote

the posterior estimate of the residual standard deviation from the real-data-only model, we

then set

ωmax =
σ̂
√
A

CX r δ̂1
,

and restrict prior support to (0, ωmax]. Thus, the cap remains anchored in the safe-region

logic of Proposition 2: it rules out values of ω for which the synthetic block could dominate

the real data and make inference unduly sensitive to misspecification in the LLM-generated

observations, while still allowing the data to determine the effective prior weight within the

admissible region.

Metropolis–within–Gibbs update for ω. We target the marginal posterior

p(ω | D) ∝ p0(ω)1{0 < ω ≤ ωmax} p(y,yd | X,Xd, ω),

where D = {(y,X), (yd,Xd)} and p0(ω) is a proper baseline prior on (0, ωmax]. Under the

formulation,

Xa(ω) =

[
X

√
ωXd

]
, ya(ω) =

[
y

√
ω yd

]
,
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define

A(ω) = X ′X + ωX ′
dXd, b(ω) = X ′y + ωX ′

dyd, c(ω) = y′y + ω y′
dyd.

Let

β̂(ω) = A(ω)−1b(ω) and SSE(ω) = c(ω)− b(ω)′A(ω)−1b(ω),

so that SSE(ω) is the augmented residual sum of squares evaluated at the least-squares

solution.

In the empirical implementation, we use a Gamma baseline prior,

p0(ω) ∝ ωaω−1 exp(−bωω),

truncated to the admissible interval (0, ωmax]. Our baseline sets aω = 2 and bω = 0.1.

Normalization for learning ω. As emphasized by Sims (2005), the dummy-observation

construction yields the correct posterior kernel for (β, σ2) conditional on a fixed ω, but

posterior learning about ω itself requires retaining all ω-dependent normalizing terms. A

convenient interpretation is that the dummy block supplies observations with precision pro-

portional to ω:

yd | β, σ2, ω ∼ N (Xdβ, σ2ω−1Ir).

Hence the dummy likelihood contributes the factor ωr/2. With the scale-invariant prior

p(β, σ2) ∝ σ−2, the marginal likelihood obtained by integrating out (β, σ2) is, up to ω-

independent constants,

p(y,yd | X,Xd, ω) ∝ ωr/2 |A(ω)|−1/2
(
SSE(ω)

)−(n+r−k)/2
. (5)

Accordingly, the log marginal likelihood is

ℓ(ω) =
r

2
logω − 1

2
log |A(ω)| − n+ r − k

2
log
(
SSE(ω)

)
+ const.

Proposal and acceptance step. We update ω on the log scale, η = logω, to preserve

positivity:

η⋆ = η + ϵ, ϵ ∼ N (0, s2η), ω⋆ = exp(η⋆).
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Because the posterior support is truncated at ωmax, any proposal with ω⋆ > ωmax is rejected

automatically. For admissible proposals, since the target density is written with respect to dω

but the random-walk proposal is symmetric in η = logω, the change of variables contributes

the Jacobian term log |dω/dη| = η. Hence the log acceptance ratio includes η⋆ − η. The

acceptance probability is therefore

α =


min

{
1, exp

(
ℓ(ω⋆)− ℓ(ω) + log p0(ω

⋆)− log p0(ω) + η⋆ − η
)}

, if ω⋆ ≤ ωmax,

0, if ω⋆ > ωmax.

(6)

Equivalently, one may view the cap as part of the prior support, in which case log p(ω⋆) =

−∞ outside (0, ωmax].

Interpretation of the guardrail. This restriction preserves the desirable feature that ω

is learned from the data, but only within a region where the finite-sample theory guarantees

that the synthetic block remains a disciplined source of prior information rather than a

substitute for the real sample. In that sense, the Metropolis step selects the effective prior

weight endogenously, while the cap ensures that posterior learning remains anchored to the

credibility of the human data.

Metropolis–within–Gibbs algorithm. Each iteration m = 1, . . . ,M proceeds as fol-

lows:

1. Gibbs step: draw β(m) | σ2(m−1), ω(m−1),D from the Gaussian conditional in (3).

2. Gibbs step: draw σ2(m) | β(m), ω(m−1),D from the inverse-gamma conditional in (4).

3. Metropolis step: propose ω⋆ via the random walk above and set ω(m) = ω⋆ with

probability α in (6); otherwise set ω(m) = ω(m−1).

The resulting draws {β(m), σ2(m), ω(m)} jointly characterize the posterior distribution while

ensuring that the learned weight remains inside the theoretically admissible region.

In the empirical implementation, we initialize the chain at a positive value truncated to

the admissible interval and compute posterior summaries after discarding an initial burn-in

period. We assess convergence using trace and recursive mean plots for ω and the treatment-

effect coefficients, together with the Metropolis acceptance rate.
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The present implementation is based on a homoskedastic Gaussian working likelihood.

This choice is convenient but not essential. The synthetic block enters through the prior

information matrix and can be combined with alternative Bayesian likelihoods or posterior

adjustments that allow for heteroskedasticity, clustered or serial dependence, or outliers.

Existing Bayesian interpretations of heteroskedasticity-consistent and cluster-robust covari-

ance estimators (Poirier, 2011; Szpiro, Rice and Lumley, 2010; Startz, 2012; Lewis, 2022), as

well as flexible heteroskedastic or heavy-tailed likelihoods (Norets, 2015; West, 1984; Lange,

Little and Taylor, 1989; Geweke, 1993), provide natural starting points for such extensions.

4 Generating Synthetic Observations

The posterior simulation algorithm developed above treats the synthetic dummy block

(yd,Xd) as given. This section describes a general protocol for constructing that block

in a way that is portable across experimental settings. The goal is to generate synthetic

observations that are aligned with the real experiment: they contain the same treatment

indicators, covariates, and outcomes as the real data. The resulting block is an elicited

prior object, expressed in the same data format as the real experiment and subsequently

disciplined by the dummy-observation weight ω.

The protocol is as follows. The researcher first defines the relevant support of the ex-

perimental design. She then translates this support into textual profiles and exposes each

profile (i.e. persona) to the experimental protocol. Finally, she records the resulting re-

sponses and appends the resulting observations as the dummy block (yd,Xd). While the

implementation is especially direct in information-provision experiments, it can be adapted

to other experimental settings.

Define the support of the design. We start by identifying the study-relevant charac-

teristics for the economic agents subject to the experiment. For households they typically

include age, gender, education, and household income, among others. To ensure tractability,

we aggregate to a reasonable number of categories for each characteristic (for example, age:

<25, 25–64, and 65+). We then construct the target population cells, which correspond to

the unique combinations of the chosen characteristics. The resulting grid determines the

support points at which the prior is elicited by constructing the personas for which the LLM

simulates responses.
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Translate cells into profiles and expose them to the experimental protocol. For

each population cell we create a brief persona in the spirit of Zarifhonarvar (2026) and

Hansen et al. (2024), which is operationalized as a textual description of the specific eco-

nomic agent’s characteristics. This description is embedded into a prompt and incorporated

into the experiment’s sequence. In the setting of randomized information-provision exper-

iments, the sequence corresponds to the participant’s experimental journey: pre-treatment

belief elicitation, randomized information provision, and post-treatment questions. For

each persona–treatment combination we generate at least one synthetic observation in the

information-provision experiment.

Preserve the experimental protocol. A central feature of the construction is that the

elicitation inherits the design of the real-world experiment. The wording of the questions,

the treatment scripts, the order of elicitation and the outcome scales are fixed by the ex-

perimental protocol. Researcher discretion enters primarily through the definition of the

population cells and the translation of their values into concise persona descriptions. In our

framework, these descriptions simply assign values to the covariates used to define the cells,

rather than adding narrative detail. The LLM is therefore not asked a different version of the

experimental question; it is exposed to the same protocol under explicitly specified covariate

values.

Example To fix ideas, we present an illustration of the LLM elicitation strategy below.

The words in blue correspond to the persona characteristics that are programmatically varied

to capture all population cells needed for the experiment. The set of characteristics can be

easily adapted and extended to meet the needs of the experimental design.

1. Persona definition and pre-treatment elicitation:

“You are a female American respondent, between 40 and 64 years old, living in the

Southern United States. You have high household income ($100,000 or more). You

have your own views about the economy based on your background and experiences.

Today is June 10th, 2018.

By how much do you expect prices in the economy (as measured by the Consumer

Price Index) to change over the next 12 months?

Please provide an answer as a percentage change from current prices. Please use a
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percent between -100 and 100, if no change please enter a 0. Answer as this specific

person would, taking into account their demographic background, likely economic

knowledge, and personal circumstances.”

After recording the pre-treatment elicitation step, the LLM is prompted again with the

assigned treatment (here in red) and the post-treatment question(s). The synthetic data

generation pipeline varies the treatment to expose every population cell to every treatment

in the experiment.

2. Treatment and post-treatment elicitation

“Before you continue, we would like you to know the following: The U.S. Federal

Open Market Committee (which sets short-term interest rates) forecasts 1.9% infla-

tion rate in 2018.

By how much do you expect prices in the economy (as measured by the Consumer

Price Index) to change over the next 12 months?

Please provide an answer as a percentage change from current prices. Please use a

percent between -100 and 100, if no change please enter a 0. Answer as this specific

person would, taking into account their demographic background, likely economic

knowledge, and personal circumstances.”

Graphical and other non-textual treatments. The same protocol applies when the

treatment, or more generally the object presented to the subject, is not purely textual.

Experimental designs may present subjects with graphs, images, videos, or other types of

information; they may also involve multi-step or interactive tasks. In such cases, the synthetic

elicitation should preserve the object faced by the human subject rather than replace it with

a verbal summary. This keeps the synthetic observation tied to the original experimental

design and avoids introducing an additional layer of researcher interpretation.

Figure 1 illustrates this point for the forecasting experiment of Afrouzi et al. (2023).

In that experiment, subjects observe a graphical history of the stochastic process when

reporting their forecasts. We therefore embed the same graphical representation in the LLM

prompt. After each synthetic forecast is recorded, the history is updated according to the

experimental protocol, so that the next prompt contains the updated graph.
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Figure 1: Visual Treatment

Notes: The figure illustrates how the treatment from Afrouzi et al. (2023) is incorporated into the LLM
prompt used to generate synthetic observations. At each iteration, the LLM makes one- and two-step-ahead
predictions. The synthetic-observation pipeline records these predictions and then updates the figure by
adding the newly observed data point, thereby expanding the graphical observation window over forecasting
rounds.

5 Empirical Results

We evaluate the dummy-observation prior in two complementary applications. The first

is the household inflation-expectations experiment of Coibion, Gorodnichenko and Weber

(2022), a randomized information-provision experiment in which the target parameters are

treatment effects on revisions in 12-month inflation expectations. The second is the fore-

casting experiment of Afrouzi et al. (2023), a controlled environment in which participants

forecast stochastic AR(1) processes and the target parameter is the forecast-implied persis-

tence of expectations. In both applications, we construct deliberately low-power real-data

samples, augment them with a fixed block of LLM-generated synthetic dummy observations,

and compare posterior uncertainty from the real-data-only estimator with posterior uncer-

tainty from the mixed estimator. The dummy-observation weight ω is re-estimated for each

real-data subsample under the safe-region cap described above, so the reported gains reflect

repeated implementation of the full procedure rather than a single favorable subsample draw.
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5.1 Inflation-Expectations Experiment

We begin with the household inflation-expectations experiment of Coibion, Gorodnichenko

and Weber (2022). The analysis focuses on the specification with demographic and socioe-

conomic controls, corresponding to the controls used in the original empirical specification.

Table 1 reports the main precision results. The table is based on 100 repeated random

real-data subsamples of size n = 500. Across treatment effects, the real-data-only posterior

standard deviation is about 2.63 on average, whereas the mixed posterior standard devi-

ation falls to about 1.72. This corresponds to an average posterior-SD reduction of 34.69

percent. Expressed in effective-sample-size units, achieving the same reduction by increasing

the real sample alone would require approximately 134.69 percent more real observations.

Put differently, in this design the mixed estimator with 500 real observations attains a level

of precision comparable to a real-data-only analysis with more than twice as many obser-

vations. Appendix B examines the sensitivity of these results to the effective information

content assigned to the LLM-generated block. The gains decline sharply as the synthetic

block is discounted, indicating that the baseline precision improvements depend on the in-

formativeness of the LLM prior rather than on synthetic rows mechanically tightening the

posterior.

The precision gains are highly stable across treatment arms. Posterior-SD reductions

range from 34.51 percent for the FOMC-statement treatment to 34.89 percent for the USA

Today treatment, and effective-sample-size gains range from 133.43 percent to 136.13 per-

cent. The standard deviations across repeated subsamples are small relative to the mean

gains. Thus, the improvement is not driven by one particular treatment arm or by one

favorable subsample draw; it is a systematic consequence of adding the LLM-generated

dummy-observation prior.

Figure 2 examines how these gains vary with the number of real observations. As expected

from the bias–variance logic, the value of the dummy-observation prior is largest when the

real-data sample is smallest. With 250 real observations, the mean posterior-SD reduction is

close to 50 percent, corresponding to an effective-sample-size gain of almost 300 percent. At

the benchmark sample size of 500, the reduction is about 35 percent and the effective-sample-

size gain is about 135 percent, consistent with Table 1. The gains decline monotonically as

the real sample grows: they remain sizeable at 1,000 observations, become smaller at 2,500

observations, and are modest at 5,000 observations. Extending the stress test to 10,000

and 20,000 real observations reinforces the same pattern. Even at 20,000 observations, the
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Table 1: Precision Gains: Inflation-Expectations Experiment

Treatment Real SD Mixed SD SD reduction (%) Eff. n gain (%)

Population growth 2.61 1.71 34.56 133.74
(0.16) (0.10) (1.13) (8.10)

Unemployment rate 2.65 1.73 34.86 135.88
(0.21) (0.13) (1.16) (8.44)

Gasoline prices 2.63 1.72 34.61 134.11
(0.18) (0.12) (1.17) (8.43)

Past inflation 2.64 1.72 34.83 135.64
(0.19) (0.12) (1.10) (8.04)

Inflation target 2.62 1.71 34.69 134.67
(0.19) (0.13) (1.21) (8.49)

Fed inflation forecast 2.63 1.72 34.58 133.93
(0.18) (0.11) (1.29) (9.28)

FOMC statement 2.61 1.71 34.51 133.43
(0.18) (0.12) (1.34) (9.63)

USA Today 2.63 1.71 34.89 136.13
(0.17) (0.12) (1.23) (8.93)

Mean across treatments 2.63 1.72 34.69 134.69
(0.18) (0.12) (1.20) (8.67)

Notes: The table is based on the specification of Coibion, Gorodnichenko and Weber (2022) with
demographic and socioeconomic controls. Entries report means of the corresponding statistics
across 100 repeated real-data subsamples of size 500. Standard deviations across repeated
subsamples are reported in parantheses below the means. SD reduction is computed within
each repeated subsample as 100× (1− SDmixed/SDreal); effective-sample-size gain is computed
within each repeated subsample as 100× ((SDreal/SDmixed)

2 − 1).
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estimated precision gain remains positive, but it is close to zero, indicating that the synthetic

dummy block adds little once the real-data likelihood is already highly informative. This is

precisely what the framework predicts: synthetic prior information is most valuable when

real experimental evidence is scarce, while its marginal contribution naturally diminishes as

the real-data likelihood becomes more informative.

Mean Effective Sample Size Gain (%)

Mean Posterior SD Reduction (%)

250 500 1,000 2,500 5,000 10,000 20,000

250 500 1,000 2,500 5,000 10,000 20,000
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100
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300

Real observations in subsample, log scale

Figure 2: Stress Test: Precision Gains in the Inflation-Expectations Experiment

Notes: The figure is based on the specification of Coibion, Gorodnichenko and Weber (2022) with demo-
graphic and socioeconomic controls. The upper panel reports the mean reduction in posterior standard
deviations from adding LLM-generated dummy observations, relative to the real-data-only benchmark. The
lower panel reports the corresponding effective-sample-size gain. Lines denote means across repeated random
subsamples; shaded areas denote the central 90 percent range across subsamples, defined by the 5th and 95th
percentiles. The analysis holds the synthetic dummy block fixed and re-estimates the dummy-observation
weight ω for each subsample.

Figure 3 provides complementary evidence on how the synthetic prior interacts with the

real data. The LLM-generated dummy-observation prior is relatively concentrated, reflecting
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the structured information encoded in the synthetic block. After combining the prior with

a randomly drawn real-data subsample of size n = 500, the mixed posterior distributions

are substantially more dispersed and, in several cases, shifted away from the prior. This

shows that the procedure does not simply replace real observations with LLM-generated

observations. Instead, the synthetic block acts as an informative prior anchor, while the

real-data likelihood remains central in determining posterior location and uncertainty.
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Figure 3: Prior and Posterior Distributions: Inflation-Expectations Experiment

Notes: The figure is based on the specification of Coibion, Gorodnichenko and Weber (2022) with demo-
graphic and socioeconomic controls. Each panel shows the distribution of one treatment-effect coefficient
under the LLM-generated synthetic dummy-observation prior and under the posterior obtained after com-
bining this prior with one randomly drawn real-data subsample of size n = 500. The synthetic dummy
block is held fixed, and the dummy-observation weight ω is re-estimated for the displayed subsample. Lines
are kernel density estimates based on retained MCMC draws. The vertical axis uses a square-root scale to
make the relatively concentrated prior distributions and the more dispersed posterior distributions visually
comparable.

To summarize, the results show that LLM-generated dummy observations can deliver

large and stable precision gains in a conventional information-provision experiment. At the
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same time, the posterior distributions remain responsive to the real data, and the stress-test

results show that the gains decline smoothly as the amount of real evidence increases. The

findings therefore align with the theoretical interpretation of the method as a disciplined

bias–variance tradeoff: the synthetic block improves precision, but its influence is learned

subject to an explicit safe-region bound, keeping inference anchored in real experimental

observations.

5.2 Forecasting Experiment

The second application uses the forecasting experiment of Afrouzi et al. (2023). This setting

differs from the previous experiment in two useful ways. First, the data-generating process is

known: participants forecast realizations of AR(1) processes with true persistence ρ. Second,

the empirical object is not a treatment effect, but the forecast-implied persistence of subjec-

tive expectations. For each true persistence cell, we estimate the slope from regressing the

reported forecast on the currently observed state and report the posterior standard deviation

of the resulting per-period forecast-implied persistence. This makes the experiment a useful

robustness check for the dummy-observation prior: the method is applied to a continuous

forecasting object in a tightly controlled environment rather than to treatment effects in a

survey information experiment.

The low-power design retains all real participants but restricts each participant to 10

usable forecast rounds. This short-panel design mimics a setting in which the researcher has

access to the full cross-section of forecasters but limited repeated observations per partici-

pant. For each repeated round subsample, the mixed estimator combines the real observa-

tions with the LLM-generated synthetic forecast panels, and the dummy-observation weight

ω is learned subject to the same safe-region logic used in the previous application.

Table 2 summarizes the precision gains by true AR(1) persistence. The results show sub-

stantial improvements across the entire persistence grid. Averaging over ρ cells, the posterior

standard deviation of the forecast-implied persistence falls from 0.04 in the real-data-only

specification to 0.03 in the mixed specification. This corresponds to an average posterior-SD

reduction of 33.66 percent and an effective-sample-size gain of 128.84 percent. The gains

are present for all persistence values: posterior-SD reductions range from 29.47 percent for

the random-walk process (ρ = 1) to 37.62 percent for the highly persistent but stationary

process (ρ = 0.8). Thus, the LLM dummy-observation prior improves precision not only in
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the most transitory cells, where forecasts are especially noisy, but also in high-persistence

environments where forecast-implied persistence is already estimated more tightly.

Table 2: Precision Gains: Forecasting Experiment

True ρ Real SD Mixed SD SD reduction (%) Eff. n gain (%)

ρ = 0 0.06 0.04 36.60 148.93
(0.00) (0.00) (0.79) (6.20)

ρ = 0.2 0.06 0.04 35.82 142.87
(0.00) (0.00) (0.71) (5.35)

ρ = 0.4 0.05 0.04 31.49 113.17
(0.00) (0.00) (0.90) (5.65)

ρ = 0.6 0.05 0.03 30.94 109.82
(0.00) (0.00) (0.93) (5.73)

ρ = 0.8 0.03 0.02 37.62 157.12
(0.00) (0.00) (0.77) (6.33)

ρ = 1 0.01 0.01 29.47 101.11
(0.00) (0.00) (0.88) (5.05)

Mean across ρ cells 0.04 0.03 33.66 128.84
(0.00) (0.00) (0.83) (5.72)

Notes: The table reports precision gains for the forecasting experiment of Afrouzi et al.
(2023). The low-power design keeps all real participants but samples a limited number
of usable forecast rounds per participant. Entries report means across 100 repeated real-
data round subsamples with 10 usable forecast rounds per participant. Standard deviations
across repeated subsamples are in parentheses. Real SD and Mixed SD denote posterior
standard deviations of the per-period forecast-implied persistence. SD reduction is 100 ×
(1− SDmixed/SDreal). Effective-sample-size gain is 100× ((SDreal/SDmixed)

2 − 1).

Figure 4 studies how these gains vary with the number of usable forecast rounds per

participant. The figure mirrors the stress-test logic in the inflation-expectations application,

but the relevant dimension of real-data information is now the length of the participant-

level forecasting panel rather than the number of cross-sectional survey observations. The

pattern is again consistent with the bias–variance interpretation of the method. When only

a few rounds per participant are available, the real-data likelihood is weak and the synthetic

dummy block provides substantial precision gains. As the number of usable rounds increases,

the real-data-only estimator becomes more informative and the marginal contribution of the

synthetic prior declines. The fact that the gains decrease with panel length is important: it

indicates that the dummy-observation prior is most valuable precisely in the low-information

designs for which it is intended, rather than mechanically reducing posterior uncertainty by
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a fixed amount.
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Figure 4: Stress Test: Precision Gains in the Forecasting Experiment

Notes: The figure is based on the forecasting experiment of Afrouzi et al. (2023). The stress test varies the
number of usable forecast rounds per participant while retaining all real participants. The upper panel re-
ports the mean reduction in posterior standard deviations from adding LLM-generated dummy observations,
relative to the real-data-only benchmark. The lower panel reports the corresponding effective-sample-size
gain. Precision gains are computed for the per-period forecast-implied persistence and averaged across true
AR(1) persistence values ρ. Lines denote means across repeated random round subsamples; shaded areas
denote the central 90 percent range across subsamples, defined by the 5th and 95th percentiles. The analysis
holds the synthetic dummy block fixed and re-estimates the dummy-observation weight ω for each subsam-
ple.

Figure 5 shows the prior and posterior distributions of forecast-implied persistence by

true persistence cell. The figure illustrates that the LLM-generated synthetic block provides

a structured prior over the persistence response, but the posterior after combining it with

real forecast rounds is not identical to the prior. The mixed posterior remains broader

and can shift relative to the LLM-induced distribution, reflecting information from the real
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participant forecasts. This is particularly useful in the forecasting setting because the target

object has a clear behavioral interpretation: posterior mass above the 45-degree rational

benchmark corresponds to overreaction in expectations. The figure therefore shows not only

that the synthetic block improves precision, but also that the augmented posterior preserves

the empirical content of the real forecasting data.
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Figure 5: Prior and Posterior Distributions: Forecasting Experiment

Notes: The figure is based on the forecasting experiment of Afrouzi et al. (2023). Each panel shows the
distribution of the per-period forecast-implied persistence for a given true AR(1) persistence ρ. The prior
distribution is induced by the LLM-generated synthetic dummy-observation block, while the posterior distri-
bution is obtained after combining this prior with one randomly drawn low-power real-data round subsample.
The low-power design keeps all real participants but uses only 10 usable forecast rounds per participant.
Lines are kernel density estimates based on retained MCMC draws.

The forecasting experiment therefore reinforces the main empirical message from the

inflation-expectations application. LLM-generated dummy observations improve precision

in an underpowered design, the gains are stable across economically meaningful cells, and
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the benefits decline as more real information becomes available. The fact that the method

performs similarly for treatment-effect estimates in the inflation-expectations experiment and

for forecast-implied persistence in the Afrouzi et al. experiment suggests that the dummy-

observation prior is not tied to a particular estimand. Instead, it provides a general way

to encode experiment-specific prior information while preserving the central role of real

observations in posterior inference.

6 Conclusion

This paper develops a framework for using LLM-generated synthetic observations as prior

information in randomized experiments. The central distinction is between using LLMs as

substitutes for participants and using them as structured, weighted priors for experimen-

tally identified estimands. Our approach takes the second route. By representing synthetic

observations as dummy observations, the framework makes the content of the prior explicit,

allows its influence to be learned from the data, and restricts that influence through a finite-

sample safe region. The resulting estimator formalizes a disciplined bias–variance tradeoff:

synthetic observations can improve precision when real experimental evidence is scarce, while

their influence naturally declines as the real-data likelihood becomes more informative.

Across two applications, this logic delivers sizeable precision gains in low-power designs

while keeping identification anchored in real observations. The inflation-expectations ap-

plication shows that LLM-informed priors can improve treatment-effect estimation in a

standard information-provision experiment with multiple treatment arms. The forecasting

application shows that the same framework can improve inference for a different estimand,

forecast-implied persistence, in a controlled experimental environment. These results suggest

that the method is not tied to a particular outcome, estimand, or experimental design. More

broadly, LLMs need not be viewed either as invalid synthetic subjects or as replacements for

costly experiments. They can instead serve as a flexible source of bounded, inspectable, and

empirically disciplined prior information.
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A Proofs for Section 2

A.1 Proof of Proposition 1

Proof. We work in the Gaussian linear model described in Section 2,

y = Xβ + ε, ε ∼ N (0, σ2In),

and augment it with ω-weighted dummy observations (yd,Xd) to obtain the stacked system

Xa =

[
X

√
ωXd

]
, ya =

[
y

√
ω yd

]
.

The mixed estimator is the OLS estimator on the augmented system,

β̂mix = (X ′
aXa)

−1X ′
aya.

Bias. Write the real outcomes as y = Xβ + ε. For dummy observations we write

yd = Xdβ + ηd,

where ηd captures the systematic deviation of the LLM-generated conditional means from

the truth.

Assumption 1 bounds the difference between the LLM-generated and true conditional

means at any covariate–treatment profile (x, d) in the support of the real data. Because

dummy observations are generated exactly at such profiles (Xd,i, Dd,i), we have

∣∣E[Yd,i | Xd,i, Dd,i]− E[Y | Xd,i, Dd,i]
∣∣ ≤ δ1.

Using the decomposition Yd,i = X ′
d,iβ + ηd,i and the fact that E[Y | Xd,i, Dd,i] = X ′

d,iβ under

the true DGP, this implies

|E[ηd,i | Xd,i, Dd,i]| ≤ δ1 for all dummy rows i.

Assumption 1 together with bounded regressors further ensures |Xd,ij| ≤ CX for some con-

stant CX .
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Substituting y = Xβ + ε and yd = Xdβ + ηd into β̂mix and taking expectations gives

E[β̂mix] = (X ′X+ωX ′
dXd)

−1
(
X ′Xβ+ωX ′

dXdβ+ωX ′
dE[ηd]

)
= β+(X ′X+ωX ′

dXd)
−1
(
ωX ′

dE[ηd]
)
.

Thus,

E[β̂mix]− β = (X ′X + ωX ′
dXd)

−1
(
ωX ′

dE[ηd]
)
.

We now bound the vector X ′
dE[ηd]. Its jth element is

(X ′
dE[ηd])j =

r∑
i=1

Xd,ij E[ηd,i].

Each term satisfies

|Xd,ijE[ηd,i]| ≤ CXδ1.

Summing over i = 1, . . . , r gives

|(X ′
dE[ηd])j| ≤ r CXδ1.

Thus every coordinate of the k × 1 vector X ′
dE[ηd] is bounded in magnitude by rCXδ1, so

the Euclidean norm satisfies

∥X ′
dE[ηd]∥ ≤

√
k CX rδ1.

Next, because (X ′X) and (X ′
dXd) are positive definite with smallest eigenvalues at least

λmin(X
′X) and λmin(X

′
dXd), their sum satisfies

λmin(X
′X + ωX ′

dXd) ≥ λmin(X
′X) + ω λmin(X

′
dXd).

Therefore, ∥∥(X ′X + ωX ′
dXd)

−1
∥∥ ≤ 1

λmin(X ′X) + ω λmin(X ′
dXd)

.

Combining with the bound above yields

∥E[β̂mix]− β∥ ≤ ω
√
k CX rδ1

λmin(X ′X) + ω λmin(X ′
dXd)

.

This shows explicitly how the bias depends on ω, r, and δ1.
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Variance. Write the augmented regression as

β̂mix = (X ′
aXa)

−1X ′
aεa, εa =

[
ε

√
ω εd

]
,

where εd = yd −E[yd | Xd]. Assumption 1 implies that the conditional variances of the real

and dummy blocks are uniformly bounded. For notational simplicity, we therefore upper-

bound the conditional variance of the augmented error vector by a common constant and

write, conditioning on the design matrices,

Var(εa | X,Xd) ⪯ σ2In+r.

Allowing explicitly for the variance discrepancy in Assumption 1 would replace σ2 by σ2+ δ2

(or, more generally, by a uniform upper bound σ̄2) throughout the variance and MSE bounds

without affecting their dependence on ω, n, and r.

Hence

Var(β̂mix) = (X ′
aXa)

−1X ′
aVar(εa)Xa(X

′
aXa)

−1 = σ2(X ′
aXa)

−1.

As above, λmin(X
′
aXa) = λmin(X

′X) + ωλmin(X
′
dXd), so the largest eigenvalue of the

variance matrix satisfies

∥Var(β̂mix)∥ ≤ σ2

λmin(X ′X) + ωλmin(X ′
dXd)

.

Thus the posterior variance shrinks at the rate dictated by the combined information from

n real and ωr synthetic observations.

Mean-squared error. The mean-squared error is

MSE(β̂mix) = ∥E[β̂mix]− β∥2 + trace
(
Var(β̂mix)

)
.

Using the two bounds derived above, the first term is at most(
ω
√
k CX r δ1

λmin(X ′X) + ω λmin(X ′
dXd)

)2

,
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and the second term is at most

kσ2

λmin(X ′X) + ω λmin(X ′
dXd)

.

For the real-data estimator β̂real = (X ′X)−1X ′y, the bias is zero and

MSE(β̂real) = trace
(
σ2(X ′X)−1

)
≤ kσ2

λmin(X ′X)
.

Comparing the two expressions shows that the mixed estimator has smaller MSE than

the real-data estimator whenever

ω2 (CXrδ1)
2(

λmin(X ′X) + ωλmin(X ′
dXd)

)2 +
kσ2

λmin(X ′X) + ωλmin(X ′
dXd)

<
kσ2

λmin(X ′X)
.

Rearranging yields the comparison condition stated in the text: for moderate values

of ω, the variance reduction from the additional dummy information outweighs the bias

introduced by misspecification of order δ1, whereas for very large ω the estimator approaches

the dummy-only estimator and the bias dominates.

This completes the proof.

A.2 Proof of Proposition 2

Proof. From Proposition 1, the bias norm is bounded by

∥∥E[β̂mix]− β
∥∥ ≤ ω

√
k CX r δ1

λmin(X ′X) + ω λmin(X ′
dXd)

.

Since λmin(X
′X) + ω λmin(X

′
dXd) ≥ A, we have

∥∥E[β̂mix]− β
∥∥ ≤ ω

√
k CX r δ1
A

.

For any ω ≤ ω̄ = σ
√
A/(CXrδ1),

ω CX r δ1
A

≤ σ
√
A

CXrδ1
· CXrδ1

A
=

σ√
A
.
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Hence ∥∥E[β̂mix]− β
∥∥ ≤

√
k

σ√
A

=
√
k σ
∥∥(X ′X)−1/2

∥∥ ≤
√
k σ,

where the last inequality uses that the operator norm of (X ′X)−1/2 is at most 1/
√
A.

For the variance, Proposition 1 gives

∥∥Var(β̂mix)
∥∥ ≤ σ2

λmin(X ′X) + ω λmin(X ′
dXd)

≤ σ2

A
=
∥∥Var(β̂real)

∥∥,
since λmin(X

′X) + ω λmin(X
′
dXd) ≥ A. This proves the result.

B Sensitivity to the Information Content of LLM-Generated

Observations

We examine how the precision gains change when the LLM-generated dummy block is treated

as containing less reliable information than in the baseline specification. Let λ ≥ 1 denote

the relative imprecision of the synthetic block and define ϕ = 1/λ. The baseline corre-

sponds to λ = 1, while larger values of λ discount the effective information content of the

LLM-generated observations. The synthetic rows themselves are unchanged; instead, their

contribution to posterior updating is scaled by ϕ. In the Gaussian updating equations, this

scales the dummy-block cross-products and residual sum of squares by ϕ, and the variance

update uses n + ϕr effective information units. This exercise therefore asks how much pre-

cision remains when the LLM-generated block is treated as lower-quality prior information.

When the LLM-generated block is discounted substantially, the mixed posterior ap-

proaches the real-data-only benchmark. This confirms that the method’s precision gains

are driven by the effective information content of the synthetic prior rather than by the mere

presence of synthetic rows.
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Table 3: Sensitivity to LLM Information Content

λ Real SD Mixed SD SD reduction (%) Eff. n gain (%)

1.00 2.63 1.72 34.69 134.69
2.00 2.63 2.03 22.64 67.24
4.00 2.63 2.28 13.40 33.47
9.00 2.63 2.46 6.52 14.55
16.00 2.63 2.53 3.88 8.34

Entries summarize means across 100 repeated real-data subsamples of
size 500. λ is the relative imprecision parameter. The corresponding
information-content discount is ϕ = 1/λ. The synthetic rows them-
selves are unchanged. Larger values of λ reduce the effective informa-
tion content of the synthetic block. The dummy-block cross-products
and residual sum of squares enter with factor ϕ, and the variance up-
date uses n+ ϕr effective observations. SD reduction is computed as
100 × (1 − SDmixed/SDreal). Effective-sample-size gain is computed
as 100× ((SDreal/SDmixed)

2 − 1).
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