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Abstract

We present a method for using Large Language Models (LLMs) to conduct public opin-

ion polling with social media data. We sample accounts in the run-up to the 2020

election based on recent posts related to the major-party candidates. An LLM extracts

structured, survey-like data – including socio-demographic characteristics and voting

behaviour – from these digital traces. We show that LLM labeling tends to agree with

human raters with respect to characteristics of online users. The labeled social media

accounts are mapped to a stratification frame which facilitates MrP estimation of pres-

idential vote share at the state level. We improve this model-based pre-election polling

for severely biased online samples by introducing a bias-correction term. The end-to-end

implementation takes unrepresentative, unstructured social media data as inputs, and

produces timely high-quality area-level estimates as outputs. This is Artificially Intel-

ligent Opinion Polling. We show that our AI polling estimates of the 2020 election are

highly accurate, on par with estimates produced by state-level polling aggregators such

as FiveThirtyEight, or from models fit to extremely expensive high-quality samples.

Keywords: Large Language Models, Opinion Polling, Hierarchical Bayes, Multilevel Regression

and Post-stratification



1 Integrating AI in Public Opinion Research

This essay focuses on social media conversations as one of the many sources of data that can inform

AI election polling. Social media data contains signals about public opinion and voting preferences,

partisanship [Barberá, 2015, Hemphill et al., 2016], demographics [Wang et al., 2019], geographics

[Stock, 2018] and other individual-level information. We can think of social media data as an imper-

fect online panel [Diaz et al., 2016] constructed of unstructured data. The challenge is to organise

and analyse these data so as to accurately characterise public opinion.

We illustrate our solution to this challenge by using a sample of social media conversations or a

�virtual sample of voters� to generate vote share predictions for the 2020 US Presidential election.

Our strategy is composed of four elements that make these imperfect online panels serviceable for

estimating election outcomes [Brito et al., 2024].

The �rst element addresses imperfect sampling using Multilevel Regression and Post-Strati�cation

(MrP) [Gelman and Little, 1997, Park et al., 2004]; a statistical technique that enables estimation of

sub-national opinion from unrepresentative samples. Social media data is particularly unrepresenta-

tive [Mellon and Prosser, 2017, Tufekci, 2014], and selection onto di�erent platforms is often directly

dependent on political preferences [Jasser et al., 2023]. Estimates of population quantities obtained

by simple aggregation of selected social media samples are typically severely biased. MrP will facil-

itate estimation from unrepresentative samples by adjusting estimates for a variety of non-response

biases [Gelman, 2019]. Recent examples of successful MrP estimation with unrepresentative samples

relied on either data quality and/or sample-size [Wang et al., 2015, Lauderdale et al., 2020, Laud-

erdale, 2019, Hanretty, 2019]. But social media samples can be extremely unrepresentative and only

moderately sized upon restructuring - we have no guarantee that MrP as it is currently formulated

will be able to fully correct for non-response in social media samples.

Hence, a second feature of our strategy, is that we characterise the social media sample-selection

process as `online selection' and demonstrate that it is a special case of selection on the dependent
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variable. This bias-correction is applied to the strati�ed and cell-level choice probabilities of our

MrP model. This method improves MrP for severely biased samples by introducing a bias-correction

term in the style of King and Zeng [2001] to the logistic regression framework. This bias-corrected

model outperforms traditional MrP under online selection and achieves performance similar to ran-

dom sampling in a vast array of scenarios.

The beauty of social media data is that these are opinions and preferences that are volunteered by,

rather than solicited from, individuals. For this very reason though they are unstructured and �

for our purposes � incomplete conversations. Large Language Models (LLMs) [Vaswani et al., 2017,

Devlin et al., 2018] are the third core element of our method because they are remarkably e�ective

at digesting and classifying text, video and audio data [Gilardi et al., 2023, Törnberg, 2023]. Social

media data provides signals or clues consisting of conversations and in many cases socio-demographic

pro�les of users. LLMs are a tool for extracting individuals' voting preferences from these signals.

rayIn constructing our online digital trace sample, we rely on gpt-3.5-turbo for two feature

extraction tasks that are very much a strength of LLMs. First, with limited contextual information,

gpt-3.5-turbo generates socio-demographic pro�les of individuals. This is a simple categorisation

exercise that requires no demanding causal reasoning or directed exploration where GPT has per-

formed less well [Binz and Schulz, 2023]. Second, there is considerable evidence that gpt-3.5-turbo

performs as well or better than humans in characterising the partisanship of Twitter content [Törn-

berg, 2023, Ornstein et al., 2022, Gilardi et al., 2023]. In this paper, we use LLMs merely to label

existing users, hence limiting their impact on the data generating process to measurement error/bias.

We present a protocol to use LLMs to extract structured, survey-like data from social media. The

prompt-style we implement can be easily adapted to a variety of survey designs. We show that

LLMs agree with human raters with respect to the demographic, socio-economic and political char-

acteristics of online users.

Our �nal building block is the data themselves. The pre-requisite for building these panels is a large

population of accounts; very high daily volume of conversations; political content; and access. Few
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social media platforms meet these criteria � X (formerly Twitter) with all its perfections does satisfy

these conditions and is the basis for our online social media panel. Pfe�er et al. [2023] provide an

informative overview of the Twitter �population�, Their complete 24-hour �audit� of tweets generated

375 million tweets sent by 40,199,195 accounts. 20% or about 70 million tweets by 8 million accounts

were observed during this 24 hour period from US accounts. Their analysis of hashtags suggests

that about 5% had a political theme.

The issue of time relevance is paramount in pre-election opinion polling: the samples need to

contain valuable information about the daily changes in preferences across population categories.

It is not possible to have access to fresh representative samples for `conditioning' the LLM in the

run-up to an election. The point of opinion polling is to collect such samples. Our approach enables

us to capture changes over time by providing regular, timely expressions of preferences, derived from

the unobtrusively observed activity of social media users.

The goal of this paper is to provide practitioners with a general methodology to make representative

inference from cheap, high-frequency, highly unrepresentative online samples. We illustrate the

potential of our approach with data from the 2020 US election. In the run-up to the election we

collect a large corpus of tweets. We use Amazon Mechanical Turk (AMT) workers and LLMs to

extract user-level information, such as demographics and voting intention. We then apply the bias-

corrected MrP to the extracted survey-like object. We note this procedure is fully automated: a

series of R scripts were used to download the data from the Twitter streaming API via the rtweet

[Kearney, 2019] package; the openai [Rudnytskyi, 2023] package is used to access the OpenAI

API and extract the survey-object from the corpus; bias-corrected MrP is implemented in Stan

[Carpenter et al., 2017] via rstan [Stan Development Team, 2023]. The end-to-end implementation

takes unrepresentative, unstructured social media data as inputs, and produces timely high-quality

state-level estimates of the vote as outputs. This is Arti�cially Intelligent Opinion Polling. We

show that our AI polling estimates of the 2020 election are highly accurate; on par with estimates

produced by state-level polling aggregators such as FiveThirtyEight, or from MrP models �t to

extremely expensive high-quality samples such as the American National Election Study (ANES).
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2 Structuring Digital Traces

In this section we present a procedure to extract survey-like information from social media data

via arti�cial or human intelligence. Details on the sample of X users are available in the Appendix

(Section A) - this is a geographically strati�ed sample of individuals whose tweets contain the words

Trump or Biden in the run-up of the 2020 election.

2.1 Feature Extraction via LLMs

We assign this simple labeling exercise to gpt-3.5-turbo. Given the nature of the task, our expec-

tation is that smaller open-sourced models with signi�cantly fewer model parameters would perform

equally well. Recent benchmarking of larger frontier models with smaller open-sourced LLMs pro-

vides evidence to this e�ect [Hackenburg et al., 2024]. Figures E.1 and E.2 (in the Appendix) present

the prompts provided to gpt-3.5-turbo, along with a sample of answers. The LLM was asked to

classify users according to the survey-like categories presented in Figure E.3 (in the Appendix). We

set temperature = 0 to ensure relatively stable classi�cation. For each X user we provide the LLM

with two prompts: the prompt in Figure E.2 to extract the location of the user, the prompt in Figure

E.1 to extract the socio-demographic and political characteristics. The reason for these prompts to

be separate has to do with the nature of X self-reported location data and the importance of a clean

location signal for MrP. The self-reported location of the user tends to be low in noise. Including it

in the socio-demographic prompt could increase the level of noise in the response.

For the prompt in Figure E.1, notice the line of code randomising a set of categories (demos_string)

across which we want the LLM to classify users. We randomise to account for the auto-regressive

nature of LLMs [LeCun, 2023]. The category - and the LLM's classi�cation of the user within that

category - that is placed earlier in the prompt has an e�ect downstream to the future classi�cations.

We presume, for example, that if the LLM generates output classifying a given user as `highly edu-

cated', it may be more likely to classify the same user as a Democrat, regardless of the content of

the tweets. This is in virtue of the probability of the word `Democrat' following the words `highly

educated' being greater than for the word `Republican', again independently of the content of the
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tweets [Wolfram, 2023]. By randomising the order of the categories across which we wish to classify

users, we avoid systematic bias due to auto-regressive behaviour.

We ask the LLMs to annotate two sets of samples. Sample (1) was generated dynamically during

the election campaign. Users from our evolving X corpus were selected daily starting on October 1st

2020 and ending November 1st . On a given day during the campaign a subset of users was sampled

at random from the corpus, conditional on having tweeted at least 10 times up to that point. A

total of 4; 459 users from this sample were fed to the LLM. Sample (2) consists of every user from

our corpus who: a) tweeted for a total of 5 times or more during the campaign; b) produced at least

1 tweet in the last month of the campaign. This second sample, which spans 30; 154 unique users,

serves to examine the e�ect of decreasing the amount of context available to the LLM in favour of

increasing sample size1.

2.2 Feature Extraction via Mechanical Turks

To validate our LLM classi�cation we use Amazon Mechanical Turk workers to annotate Sample (1).

We opted to recruit Mechanical Turks for two main reasons: i. the platform provided rapid, scalable

[Little et al., 2010, Paolacci et al., 2010] access to a diverse pool of high-quality human coders from

the US (which typically have better performance compared to workers from other countries [Litman

et al., 2015]), at a cost [Goel et al., 2015] that made large-scale validation feasible; ii. prior work

showed that MTurk annotations are comparable to those produced by trained research assistants

[Hughes, 2019]. Moreover, our recruitment occurred in October/November 2020, before the use

of LLMs to replace humans became ubiquitous on the platform [Veselovsky et al., 2023]. We use

a simple survey instrument coded in html on the Amazon Mechanical Turk platform to present

the workers with user information. Much like the LLM, workers have access to the last 10 tweets

1Note that the same user can be classi�ed from di�erent tweet windows across samples. Sample (1) was
assembled progressively during the campaign: once a user had posted � 10 tweets, they became eligible to
be labeled. Sample (2) was compiled after the campaign ended and assigns each overlapping user to their
latest eligible window of � 5 tweets over the full period. For a given user, the 10-tweet and 5-tweet labels
may therefore be based on non-identical tweet sets and dates. We view this as appropriate for assessing
labeling strategies in aggregate: as context length decreases, labeling becomes cheaper and resources can be
reallocated to increase sampling. It is a priori implausible that a researcher would not exploit the larger
attainable sample as resources are freed, so the asymmetry in design re�ects the correct reference strategy
for comparison.
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generated by the user, the user's name, location and description. Beyond this information, workers

also see the dates on which the tweets were posted, which device the tweets were generated on,

the users' pro�le and background pictures, and whether the account was veri�ed. We implement

attention checks to control data quality, as well as to screen out bots and VPN workers falsifying

their location [Thomas and Cli�ord, 2017, Kennedy et al., 2020b]. A total of 2; 492 unique workers

participated in the human intelligence task.

2.3 Human-Machine Agreement

We implement a �ne-grained analysis of the agreement between human raters and gpt-3.5-turbo

per variable. We do not have access to an underlying `truth' for the characteristics of X users, hence

this analysis cannot con�rm or disprove the absolute accuracy of the AI labels. Acceptable levels of

agreement beyond chance would provide evidence against the mindless annotator hypothesis � where

the LLM annotations are statistically independent of human annotations, and which would imply

LLMs are not making use of the context in the prompt, but rather mindlessly rating pro�les accord-

ing to memorised marginal distributions. Assuming that our AMT workers are tackling the labeling

task with reasonable levels of cognition and e�ort, we should expect another intelligent annotator

to be at least `somewhat' aligned with the AMT labels. Hence we should be able to refute a state of

statistical independence between labels generated by the LLMs and humans. Furthermore, whilst we

expect a positive correation between the two raters' labels, we do not expect total alignment � a pri-

ori we deem it likely that gpt-3.5-turbo will outperform the Mechanical Turks [Gilardi et al., 2023].

As we show in the following paragraphs, humans and gpt-3.5-turbo agree systematically beyond

chance across most variables: our preferred global agreement statistic indicates systematic agreement

is substantially more common than disagreement for all outcomes except education; magnitudes of

agreement are moderate (' � 0:25�0:5). Notable machine-biases include adjacent-bin confusion for

age; a mild upward skew for household income; a clear college bias for education; greater levels

of perceived Democrat abstentionism in 2016. When translated into expected sample composition

for a stylised n=1;000 case (relative to a high-agreement human�human benchmark with �=0:8),

replacing a human with gpt-3.5-turbo yields a sample which is marginally more female (+55
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women), substantially older (fewer 18�44, more 45�64), notably richer (net +590 into 100k+, the

largest distortion), more college educated (+183 into college), and which has fewer 2016 Democrats

(�264) with more 2016 non-voters (+190).

Overall, our �ndings align with expectations: LLMs and AMT workers agree su�ciently to dispel

the notion of mindless machine annotation, yet they also exhibit marked, systematic disagreements.

These divergences yield annotated samples with materially di�erent distributions, so we anticipate

the downstream performance of our AI poll to di�er substantially between models trained on AMT-

labeled data and those trained on LLM-labeled data.

2.3.1 Limitations of Traditional Inter-Rater Agreement Metrics

In Natural Language Processing, agreement between raters is classically scored via �-family statistics

[Artstein and Poesio, 2008, McHugh, 2012]: Scott's � Scott [1955] and its multi-rater generalisation

Fleiss' � [Fleiss, 1971, Gwet, 2014b]; Cohen's � [Cohen, 1960, 1968] and its multi-rater generalisation

Conger's � [Conger, 1980]; Gwet's AC [Gwet, 2008, 2014a], which addresses known issues around

prevalence dependence in � metrics. Perhaps the most widely used �-style statistic is Krippendor�'s

� [Krippendor�, 1970, 1995, 2004] owing to its �exibility (handling a variety of data types and

natively addressing missing values) though it is not strictly a �-family metric, relying on a coin-

cidence matrix rather than a contingency table. Typically � 2 [�1; 1], whilst � 2 (�1; 1], where

negative values indicate disagreement. �-style metrics are preferable to other candidates which we

can derive directly from a confusion matrix, such as the raw agreement % across raters, or the F1

score [Van Rijsbergen, 1979] which partially addresses sensitivity around the null information rate.

A comparative summary of some agreement metrics is available in Table F.1.

What makes � measures popular is their ability to account for chance agreement � the probability

that two rater might agree independently of the content of the item they're rating. Most measures

assume independence of raters and simply factorise the rater-wise joint distribution to calculate

the expected level of chance agreement Pr(A = B) =
P K

k Pr(A = k; B = k) =
P K

k pA
k pB

k . The

exact choice of chance model is however controversial � some of these metrics (Scott's, Fleiss', and

implicitly Krippendor�'s statistics) assume shared prevalence of a given rating across raters, which
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can lead to estimates being sensitive to marginal heterogeneity across raters. Others (Cohen's, Con-

ger's) allow for each rater to have their own marginal distribution of ratings, and yet they still rely

implicitly on the overall prevalence of a given rating. This prevalence dependence leads to a phe-

nomenon known as the � paradox [Feinstein and Cicchetti, 1990, Cicchetti and Feinstein, 1990], in

which high levels of raw agreement between two raters result in extraordinarily low values of �-style

metrics (including � [Quarfoot and Levine, 2016] ) when the prevalence of a given rating approaches

0 or 1 (prevalence sensitivity), or when di�erences between the marginals are very large (marginal

sensitivity). Gwet's ACs attempts to explicitly address this paradox by setting the expected chance

agreement share to a function of chance disagreement between raters. PAC
e never exceeds 0:5, and

is less sensitive to prevalence � though it still su�ers from prevalence dependence in the opposite

direction � namely it can be too generous a metric under extreme prevalence [Vach and Gerke, 2023].

Beyond prevalence dependence and simplistic modeling of rater-wise marginal distribution, a key

issue with these agreement metrics is that, for but a few exceptions under very limited settings, they

have no exact sampling distribution, and we must rely on asymptotic normality or non-parametric

bootstrapping. This is problematic as con�dence intervals can be unstable, especially with small

samples. Moreover, because these statistics are not strictly speaking generative, they have no prin-

cipled ways of solving missing data issues beyond computational tricks such as pairwise deletion,

which makes strong assumptions (MCAR) about the nature of the data generating process. This,

alongside seemingly intuitive interpretation and �exibility, makes these statistics particularly vul-

nerable to the Golem critique2. One �nal criticism of traditional agreement metrics in multi-class

annotation problems is that they can obfuscate which classes drive (dis)agreement [Artstein and

Poesio, 2008]. Where granular class-level analysis is of interest, it may be tempting to one-hot

encode the classes and compute a set of one-vs-rest �'s, but this is misguided: � is sensitive to

prevalence and annotator bias, so per-class binaries are often unstable and not comparable across

classes. Moreover, each one-vs-rest � uses a di�erent chance model, hence the �s live on di�erent

scales and there is no coherent way to combine them. The set of �'s is also statistically dependent,

2�Animated by truth, but lacking free will, a golem always does exactly what it is told [. . . ] its obedience
also brings danger, as careless instructions or unexpected events can turn a golem against its makers. Its
abundance of power is matched by its lack of wisdom.� [McElreath, 2018, chap. 1, p. 1]

8



leading to unreliable con�dence intervals. The recommended diagnostic in these cases is to report

the full confusion/contingency table alongside a single multi-category agreement coe�cient [Artstein

and Poesio, 2008, Cicchetti and Feinstein, 1990]. Note however that the confusion table itself is de-

scriptive and not chance-corrected at the per-class level.

For all these reasons we opt for a di�erent metric, one that is fully generative, explicitly accounts

for prevalence sensitivity, models heterogeneous marginals via random e�ects, provides sensibly

calibrated uncertainty quanti�cation even in small samples, and produces granular chance-corrected

agreement measures at the level of the individual class � instantiated below as a latent-network

Poisson mixture.

2.3.2 Bayesian Inter-rater Network Model

We borrow from the network science literature and treat contingency tables of annotations for each

rater pair as generations from a bipartite network [Young et al., 2021]. Table 1 shows an example

of the agreement matrix for the dependent variable `vote_2020'. To each of these matrices we �t a

Bayesian Poisson mixture-model:

gpt-3.5-turbo

hu
m

an

D G L R stay home
D 1906 3 4 50 234
G 3 5 0 0 0
L 0 0 7 0 2
R 40 0 6 864 59

stay home 185 2 1 95 71

Table 1: Inter-rater agreement matrix A for the variable `2020 vote'.

A ij � Poisson(� ij );

log(� ij ) = � 0 + � 1
i + � 2

j + log(1 + rB ij );

B ij � Bernoulli(� ij ); � ij � Beta
�

1
2

;
1
2

�
; r � Exp(0:01);

� 0 � N(0; 10); � 1
i � N(0; � 1); � 2

j � N(0; � 2); � � Unif(0; 5);

where A is the agreement matrix; i; j 2 f1; : : : ; Lg index the category of a given variable which the
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two raters are annotating (e.g. for the variable `2020 vote', each rater can choose any one of L = 5

categories); �0 is the global abundance term, representing the overall sampling e�ort; �1 and � 2

model the relative propensity of each rater to classify someone in each category; r is the sampling

premium if the two raters are `linked' for a given class-pair in the latent network; and B is the

incidence matrix, representing the co-occurrence of annotations across raters.

This model is a `twist' on the classic saturated log-linear model for contingency tables, where the

`twist' is that the interaction term has a latent-variable parametrisation which allows the estimation

of a network structure. Bi;j = 1 represents a link between the annotations produced by the two

raters, meaning when rater 1 chooses annotation i, rater 2 will preferentially choose annotation j,

net of any inherent tendency for any rater to choose any other option. Upon estimating the model,

we can generate S plausible networks B? from the posterior predictive distribution of B.

We �t the model using JAGS [Plummer et al., 2003], which o�ers the ability to sample from latent

parameters without having to re-parametrise the model. Figure 1 presents the relative frequency of

posterior predictive incidence for human versus gpt-3-5 turbo with 10 tweets (see Appendix Figure

F.1 for posterior incidence on state, as well as additional comparisons in Figures F.2 to F.5). The

heat-maps of the expected posterior incidence show diagonal rating-pair combinations have higher

posterior incidence, implying human-machine agreement systematically (net of chance) occurs more

often than disagreement.

2.3.3 Global Network-Based Agreement '

It may be of interest to obtain a global agreement metric that can be interpreted similarly to the

�-family metrics � in the [�1; 1] domain, with 0 signalling the agreement/disagreement threshold.

We propose a new network-based global agreement statistic obtainable directly from the posterior

distribution samples of the incidence-probability matrix. In Section F.1 of the Appendix we present

its derivation and properties � we call this measure ', and it is computed as the average of sym-

metrised pairwise comparisons of posterior predictive incidence between instances of agreement and

disagreement � in other words, it is a direct measure of how much more agreement there is in the net-
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Figure 1: Monte Carlo Mean of posterior predictive incidence across annotations: humans
versus gpt-3.5-turbo model prompted with 10 tweets.

work, relative to disagreement. Figure 2 presents the ' score for each variable on which the X users

were rated by humans and machines. The results suggest that humans and machines systematically

agreed far more often than they disagreed, with high levels of statistical con�dence � for annotations

produced with gpt-3.5-turbo and context 10 tweets, Pr(' > 0) � 0:8 for all variables, with the

exception of education and gender. Only education is truly pathological however � gender displays

overall high levels of systematic agreement (' = 0:5), and its relatively low probability of signi�cant

agreement is an artifact of its nature: with two classes and two raters ' will tend to be more un-

certain, as this statistic exploits class-pair comparisons to determine the strength of agreement, and

there are simply fewer of these to be had for 2 �2 contingency tables. Despite systematic agreement

being more frequent than systematic disagreement for all variables except education � where these

are roughly equally likely � the magnitude of agreement is itself moderate, ranging between 0:25

and 0:5. The magnitude of ' is sensitive to prior-choice (see the note at the end of F.1), though in

this instance it re�ects appropriately the existence of patterns of disagreement.
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Figure 2: Posterior distribution of global agreement ' by annotated variable. The probability
on the top-left of each histogram represents the chance of agreement being more frequent
than disagreement across classes and raters.
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Figure 3: Machine bias in the expected incidence of class-pairs, from the human perspective.
The value of a given cell represents the average di�erence between the row-wise posterior
predictive incidence and the diagonal � in other words, how much more frequent it was on
average for the machine to disagree, in the speci�c fashion described by the class-pairs, with
humans, rather than agree. A value of zero implies the agreement probability was equivalent
to that of the disagreement identi�ed by a speci�c o�-diagonal entry. A negative value implies
disagreement was less likely than agreement.

2.3.4 Machine Bias

A number of systematic disagreement patterns emerge from Figure 1. To examine these patterns in

more detail, we produce Figure 3 (see Appendix Figure F.6 for state-level relative machine bias, as

well as additional comparisons in Figures F.7 to F.10), which presents the Monte Carlo mean of the

di�erence between the posterior predictive incidence of disagreement v. agreement, per disagreement

pair, from the human perspective � in other words, how much more frequent it was on average for the

machine to disagree, in the speci�c fashion described by the class-pairs, with humans, rather than

agree. We can summarise the systematic biases of machines from the human perspective within each

variable as follows: gender: no systematic bias; age bins: gpt_10tweets shows noisy agreement

with crowd workers, with ambiguity concentrated between adjacent age bins. Machine labels for

the human-selected 25�44 year olds are the most di�use, with incidence probabilities spread across
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18�64 (tapering at the extremes). For human-labeled 65+ , the model often assigns 55�64 or

65+ . Overall, we see adjacent-bin bleed and mild regression towards central working-age bins;

ethnicity: gpt_10tweets exhibits a systematic tendency to assign the European category broadly

� at stable incidence rates across human-labeled groups � though allocation of other ethnicities

to Europeans is not uncommon. Even so, the LLM consistently also systematically assigns the

matching group-speci�c labels (African-American, Hispanic, Asian) at preferential rates, for each

human-labeled category, indicating the AI's ability to capture signals about ethnicity. Humans

and machine disagree about the `Other' category broadly � the machine tends to preferentially

allocate human-labeled Asian X users to this category; household income: this variable presents

an ordinal structure similar to age_bins, and here too gpt_10tweets displays some adjacent-bin

confusion. However, instead of systematically shrinking lables towards the central category, it tends

to have a preference for allocating users to slightly higher income brackets. When humans label

[25; 50)k, incidence is uniformly distributed across brackets. For [75; 100)k, it tilts towards 100k+. At

100k+, human�machine agreement is strongest, with occasional shrinkage to [75; 100)k. Agreement

tends to be strongest in the most extreme income brackets, whilst the machine is more optimistic

about human-labeled middle-income X users; education: the machine presents a clear college-bias,

preferentially allocating human-labeled non-college X users to the college category; 2016 vote:

the AI preferentially treats users who humans think stayed home in 2016 as active Democrats. It

further has a general preference for assuming voters of all stripes stayed home in 2016; 2020 vote:

the LLM disagrees with humans with respect to the general propensity of users to vote in 2020,

treating several users which the crowd-workers think will not vote in 2020 as active Democrats,

Republicans and � somewhat less frequently � Green voters. It generally displays little bias relative

to humans with respect to Republican, Green and Libertarian voters, though it does preferentially

treat human-labeled Democrats as non-voters.

2.3.5 Consequences of Systematic Disagreement

So far we have established whether there is systematic agreement or disagreement between human

and machines, globally and at the level of class-pairs. However, systematic disagremenet do not

always carry magnitudinally signi�cant e�ects. For instance we see that machines preferentially
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allocates human-labeled `Other' ethnicities to European, African American, Hispanic and Asian

preferentially, relative to the baseline allocation propensity � but these `Other' ethnicities are quite

rare in the population to start with, hence we do not expect this signi�cant disagreement to in�u-

ence the overall bias of the sample very much. In other words � small systematic biases will tend to

have little impact on the overall composition of the machine-sample relatively to a human-annotated

sample, when the prevalence of the biased class is small � whilst they may have disproportionate

impact if the prevalence is large. We wish to quantify the expected e�ect size of these disagreements.

Figure 4 (see Appendix Figure F.11 for state-level expected di�erence in counts, as well as additional

comparisons in Figures F.12 to F.13) presents the expected di�erence for a stylised sample of n =

1; 000 annotations, between the contingency table that arises when we compare humans and machine

(gpt_10tweets) v. a simulated contingency table resulting from two hypothetical humans with

agreement de�ned by Cohen's � = 0:8. The simulations for the human-human agreement matrix are

obtained according to a mixture formulation of the joint-probability for the cells of a contingency

table, which preserves marginal equivalency between two raters whilst allocating diagonal entries

to o�-diagonals according to a pre-speci�ed value of � [Tomizawa and Tahata, 2007, Agresti, 1989].

Taking � to be the joint distribution of the cells, D a diagonal matrix with the desired marginal

probabilities (perfect inter-rater dependency), and p p> the product of marginal probabilities (inter-

rater independence), we set � = � D + (1 � �) p p > . n� gives the expected counts under this

scenario for a set sample size � in our case n = 1; 000. The di�erence between posterior-predictive

counts from the Bayesian network model and this �gure gives us a bias value with size and direction,

scaled to the stylised sample size.

The plot highlights the worst consequences of systematic biases detected by the agreement net-

work in shades of red. The �nal row of each heat-map presents the expected di�erence in sample

composition if a human-rater were to be replaced by a machine. The machine-annotated sample

would be: i. marginally more female, with 55 more women and 55 less men in then sample (

Pr(sign) = 0:80 ); ii. signi�cantly older, losing 80 18-24 year olds ( Pr(sign) = 1 ), 145 25-34s

( Pr(sign) = 0:98 ), and 177 35-44s ( Pr(sign) = 1 ), whilst simultaneously adding 303 45-54s

( Pr(sign) = 1 ) and 159 55-64s ( Pr(sign) = 0:95 ). The sample would also include 60 fewer
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60+ ( Pr(sign) = 1 ); iii. the ethnic composition of the sample would not be signi�cantly dif-

ferent; iv. substantially richer � we see a signi�cant out�ow of 293 users from the 25k to 50k bin

(Pr(sign) = 1), 186 users from the 50k to 75k bin (Pr(sign) = 1) and 100 users from the 75k to 100k

bin (Pr(sign) = 1), in favour of an additional 590 users � over half the sample � allocated to the

100k+ bin. This is the single most severe distortion we can attribute to the gpt_10tweets annota-

tions; v. more college educated � 183 non-college users would on-net be re-allocated to the college

graduate category (Pr(sign) = 0:94); vi. gpt_10tweets considers the 2016 voters in the sample far

less likely to be Democrats (�264, Pr(sign) = 0:95), and far more likely to be non-voters (+190,

Pr(sign) = 0:95); vii. no signi�cant di�erences in the distribution of 2020 vote would present in the

machine-annotated sample, relative to the humans.

Figure 4: Expected di�erence in contingency-table counts between a simulated human-human
v. human-machine agreement matrix, for 1; 000 annotated samples. The human-human
matrix was simulated by drawing from a distribution with �xed marginals (at the observed
human marginals) and Cohen's � = 0:8. The colour of the cells re�ects absolute bias (green
= less, red = more). The count di�erences inside the cells are directional. The shading of
the small squares on the top-right of each cell presents the probability of the bias having a
signi�cant sign, either + or �, as opposed to being indistinguishable from either side � this
is a measure of statistical signi�cance.
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3 The Data Generating Process of Polls

Having established and partially validated a method to extract survey-like objects endowed with

preferences and socio-demographic characteristics of X users, we now detail a statistical model to

make representative inference. We follow the classic MrP paradigm, with a novel contribution to

account for online selection.

3.1 Characteristic Population

A population of interest consists of N individuals, indexed by i 2 f1; : : : ; Ng. The population is

strati�ed according to M mutually exclusive cells, K = fk 1; : : : ; kM g. Each individual belongs to

one of the cells:

8i; 9! m 2 f1; :::; Mg : i 2 k m .

The number of individuals belonging to each cell is:

wm =
P N

i [i 2 k m ]:

Cells are de�ned over a set of attributes X, such that

X m = fx m1 ; : : : ; xmP g.

This information is stored in a strati�cation frame, which is known to the researcher prior to the

study. An extract from the strati�cation frame used in this paper, derived primarily from the Amer-

ican Community Survey (ACS) 5 years aggregation (2014 - 2019) is presented in Table 2.

Each member of the population is further subject to a discrete choice. Individual i considers set

C = fc 1; :::; cJ g. Their choice is recorded in a random variable y, such that yi = c j indicates the event:

individual i has opted for the jth choice. In our application to the 2020 US election, we operationalise

the choice-set facing voters as C = fRepublican; Democrat; Libertarian; Green; Stay Homeg. We

can aggregate the choices made by each member of the population to reveal the cell-level choice-

probability:

� mj =
1

wm

X

i2g m

[yi = c j ]: (1)

Cell-level choice-probabilities can be further aggregated to reveal the marginal distribution of choice
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Table 2: Strati�cation Frame Extract.

m state gender ethnicity age
college
degree

household
income

(1,000 $)
vote.2016

state
R.vote
2016

� � � w

1 Alabama M Black 55 � 64 0 50 � 75 R 1.16 � � � 198.43
2 Alabama M Black 55 � 64 0 50 � 75 D 1.16 � � � 109.81
3 Alabama M Black 55 � 64 0 50 � 75 other 1.16 � � � 11.37
4 Alabama M Black 55 � 64 0 50 � 75 stay home 1.16 � � � 65.75
5 Alabama F Black 55 � 64 0 50 � 75 R 1.16 � � � 211.25
...

...
...

...
...

...
...

...
...

...
...

117840 Wyoming F Asian 65+ 1 50 � 75 stay home 1.60 � � � 0.06
117841 Wyoming M Other 65+ 1 25 � 50 R 1.60 � � � 0.87
117842 Wyoming M Other 65+ 1 25 � 50 D 1.60 � � � 0.28
117843 Wyoming M Other 65+ 1 25 � 50 other 1.60 � � � 0.14
117844 Wyoming M Other 65+ 1 25 � 50 stay home 1.60 � � � 0.13

Note: An extract from the strati�cation frame. The variable state_R.vote.2016 is a standardised measure
of the % of votes the Republican party obtained in a given state. More state-level covariates are available
in the frame, but omitted here for clarity. w is not an integer since the frame has been extended according
to the MrsP procedure [Leemann and Wasserfallen, 2017] to include 2016 vote choice as an individual-level
predictor.

over any combination of the P dimensions which de�ne the cells. This is also known as a strati�ed

measure of preferences. To illustrate, let l 2 f1; : : : ; Lg represent a set of categories to which a cell

can belong to. Let O = fo 1; :::; oL g indicate the set of cells belonging to each category. Finally let

x1 be a categorical variable, such that:

m 2 o l () x m1 = l.

For a less abstract conceptualisation, take variable `state' in our strati�cation frame. This is a cat-

egorical variable taking any one of L = 51 values across the M = 117; 844 cell in the frame: state 2

fAlabama, Alaska, : : : , Wisconsin, Wyomingg. Every cell in our frame belongs to exactly one state.

The marginal probability of choosing option j over x1 is then:

� lj =

P
m2o l

� mj � w m
P

m2o l
wm

: (2)

In our application, � lj represents the vote share of party j in state l. � is the parameter we wish to

estimate.
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3.2 Sampling

� j is not known to the researcher prior to the study, and must be estimated to obtain �. To generate

plausible estimate of � we sample from the above population and observe a set of choices. No speci�c

sampling scheme is assumed at this stage. A sampling event is indicated for each individual by

random variable %i 2 f0; 1g. The set of sampled individuals is S = fs1; : : : ; sng. A complementary

set S0 = fs 0
1; : : : ; s0

N�n g represents non-sampled individuals, such that i 2 S () % = 1, and

i 2 S 0 () % = 0. Let � 2 f1; :::; ng index the sample observations, then:

8�; 9! i : s � = i.

We can only ever estimate the posterior distribution p(� j j y; % = 1).

3.3 Bayesian Inference

We estimate p(� j j y; % = 1) via Hierarchical Bayesian modeling [Gelman et al., 2013]. The model

should return plausible estimates of the posterior that are independent of sample selection. The

validity of our estimate of the population distribution of � j depends crucially on the ignorability

assumption [Van Buuren, 2018].

Recall that the cell-level population probability depends on the individual-level choices (Equation

1). We observe a subset of those choices yi ; 8i 2 S, which we call y obs; we do not observe yi ; 8i 2 S 0,

denoted by ymis . In order to produce a valid posterior distribution for � j , we need to have a com-

plete set of y = (y obs; y mis ). Hence we must generate plausible values of ymis from the posterior

distribution p(y mis j y obs; %). For the estimated posterior to be valid, we must be able to ignore the

sampling selection model:

p(y j y obs; % = 0) = p(y j y obs; % = 1):

If ignorability is violated, values generated from the estimated posterior predictive distribution of y

may be unrepresentative. This could lead to bias in our estimate of �j as we aggregate up to the

cell-level.
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We propose a Bayesian Hierarchical model to estimate the posterior distribution of choice probability:
p(� j j y) / p(y j � j )p(� j );

where p(y j � j ) is the likelihood of the sample observation given �j , and p(� j ) is the prior distribu-

tion.

Table 3: Model Predictors and Parameters

predictor level description index domain parameter prior structure
1 global / / / � j iid
x1 state state_id l {1,. . . ,51} 
 �

lj spatial (BYM2)
x2 day day_id d {30,. . . ,0} 
 �

dj random walk
x3

individual

age_id a {1,. . . ,6} 
 A
aj random-walk

x4 income_id h {1,. . . ,5} 
 H
hj random-walk

x5 sex_id g {1,2} 
 G
gj shared variance

x6 race_id r {1,. . . ,5} 
 R
rj shared variance

x7 edu_id e {1,2} 
 E
ej shared variance

x8 vote16_id v {1,. . . ,4} 
 V
vj shared variance

x9

state

2016 j share

/ R

� 1j

iid

x10 2012 j share � 2j

x11 % white � 3j

x12 % evangelical � 4j

x13 % college degree � 5j

x14 region = `midwest' � 6j

x15 region = `northeast' � 7j

x16 region = `south' � 8j

x17 region = `west' � 9j

x18 day
economic index

/ R
� 10j iid

x19 incumbent approval � 11j

x20 state - day
cumulative
COVID-19 deaths

/ R � 12j iid

Note: Predictors and parameters speci�c to our application. `iid' refers to fully independent parameters, or
`�xed' e�ects [Gelman et al., 2013]. `shared variance' priors refers to classic random-intercepts. Random-walk
and spatial correlation structures are explained in detail below.

3.3.1 Likelihood Declaration

Let y� be a nominal random variable indicating a discrete choice. Assume the probability of choosing

any alternative within the choice set is conditionally independent of any other alternative:

Pr(y � = c 1; : : : ; y� = c J j X � ) = Pr(y � = c 1 j X � )Pr(y � = c 2 j X � ) : : : Pr(y � = c J j X � ):

The event y� = c j can be re-coded as a binary variable q�j = [y � = c j ]. We can then assume that q�j
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follows a Bernoulli distribution, governed by a probability parameter � �j = Pr(q �j = 1) 3. Throughout

the paper we use � to indicate the probability of choice at di�erent levels, where these levels are

indicated by the indexing - so � �j is the choice probability for an individual in our sample, � ij for

an individual in the population, � mj for a cell in the population, � j is the population prevalence of

choice cj , etc. . To satisfy our conditional independence assumption, we model a latent parameter

� j as a linear function f of 
 j and X . 
 j is a vector of choice-speci�c parameters which map the

attribute-set X onto the latent parameter � j .

q�j � Bernoulli(� �j ); � �j =
exp(� �j )

1 + exp(� �j )
; � �j = f(
 j ; X � ):

3.3.2 Prior Declaration

Table 3 de�nes X and 
 j for our application. Given this set of covariates and parameters, we can

express the latent propensity � j as a linear function:

� �j = � j + 
 �
l[�]j + 
 �

d[�]j + 
 A
a[�]j + 
 G

g[�]j + 
 R
r[�]j + 
 H

h[�]j + 
 E
e[�]j + 
 V

v[�]j +
12X

b

� bj x?
�b;

where X? = fx ?
1 = x 9; : : : ; x?

12 = x 20g are the subset continuous level-speci�c predictors, detailed in

Table 3. A detailed speci�cation of these priors can be found in Section B in the Appendix.

3.3.3 Implementation in Stan

We �t our models using the probabilistic programming language Stan [Carpenter et al., 2017, Stan

Development Team, 2023]. Stan performs Bayesian inference via the the `No-U-Turn' sampler [Ho�-

man and Gelman, 2014], a version of the Monte Carlo Markov Chain (MCMC) algorithm known

as Hamiltonian Monte Carlo (HMC) [Gelman et al., 2013]. At convergence, sampling from the full

conditional distribution of each parameter will be equivalent to sampling from the joint posterior

p(
 j j qj ).

3We considered a multinomial distribution here, as is more common in the vote-choice literature. We
decided against it due to practical concerns � namely speed of Stan model-�tting and certainty about the
validity of the o�set-correction we present later. We tested the consequences of this choice in our simulation
study (Section 3.4.1) and found it only marginally a�ects the uncertainty intervals of predictions at the
cell-level, and has virtually no e�ect on the area-level predictions.
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Prior to �tting the model, we perform a number of operations designed to encourage e�cient pos-

terior exploration. We standardise our continuous correlates X?. A non-centered parametrisation is

implemented for all our random-e�ects [Papaspiliopoulos et al., 2007]. The ICAR prior is e�ciently

speci�ed in Stan via an improper (non-generative) prior [Morris et al., 2019]. The Stan code for

this model is provided in Listings 1 to 4 in the Appendix. We �t the same model separately for

each choice j. For each choice-model, we generate 8 chains of samples worth 500 iterations each.

From each chain we discard a warmup of 250 iterations, and apply thinning-factor of 4 to minimise

auto-correlation. We keep a total of 504 high-quality posterior samples for each parameter.

3.3.4 Posterior Prediction

Let � index the posterior samples obtained via the MCMC procedure. Allowing slight abuse of

notation, let U denote a given categorical predictor and u represent the levels within that predictor,

such that we can express the convolution of random e�ects concisely. Posterior samples for the latent

propensity � j are derived:

f�g �
mj =f�g �

j +
X

U

f
 U g�
u[m]j +

X

b

f�g �
bj x

?
mb; 8 � 2 f1; : : : ; 504g:

We obtain posterior samples of the choice-probability �j via the inverse-logit link,and generate

posterior simulations for the desired marginal probability of choosing option j over any of the

categorical predictor U of interest:

f�g �
uj =

P
m2o u

f�g �
mj � w m

P
m2o u

wm
:

3.4 Online Selection

By assuming a sampling design that conforms to the ignorability assumption, it is valid to use the

posterior distribution to impute unobservable choices. Unfortunately, the choices of observable in-

dividuals may be unrepresentative due to selection e�ects. Factors which are not included in the

analysis can determine the individual's probability to select into sample. If these factors are corre-

lated with preferences, our estimates will be biased. Selection bias resulting from selecting on the

dependent variable is addressed in a seminal paper by King and Zeng [2001]. They develop a bias-
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correction method in the context of rare events, though their results generalise to various instances

of exogenous selection on the dependent variable leading to unbalanced choice counts in the sample

[Cerina et al., 2023].

In the context of pre-election opinion polling, we are primarily concerned with unbalanced samples

of respondents from social media. We assume a simple selection mechanism that we label online

selection. Online selection a�ects the number of individuals eligible for selection per cell wm . Notice

that these cell-counts can be broken down into the sum of the number of individuals who make

a speci�c choice: wm =
P

j � mj wm =
P

j
P

i2g m
[yi = c j ]. It follows that the unbiased cell-level

prevalence of choice cj is:

� mj = Pr(i 2 g m ; yi = c j ) =
wmjP

j
P

m wmj
:

We de�ne online selection as a process where only a proportion of the eligible individuals for each

cell will `survive' selection into the medium. We therefore de�ne, for each cell, a selection penalty

� mj , which takes the following form:

� mj � Beta
�
� �

j ; � �
j

�
; � �

j 2 (0; 1); � �
j 2

�
0; � � (1 � � � )

�
;

where � �
j is a choice-speci�c inclination to opt-out of a given medium; ��j is the cross-cells deviation

from the central tendency, which is bounded at �� (1 � � � ) to ensure the Beta distribution is

proper; and � mj is the resulting cell-heterogeneous choice-speci�c selection e�ect. Let the survival

proportion per cell-choice combination be (1 � � mj ). It follows that the cell-level counts within the

medium can be characterised as w?mj = (1 � � mj )
P

i2g m
[yi = c j ], and their respective prevalence is

then:

� ?
mj =Pr(i 2 g m ; yi = c j j � mj ) =

w?
mjP

j
P

m w?
mj

:

We sample according to these conditional probabilities.

Take n1
j =

P
m n1

mj =
P

m
P

�2g m
[y� = c j ] to represent the number of sampled individuals who

would choose cj (cases), and n0j = n � n 1
j those who would opt for any other choice (controls). The
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cell-level counts of cases per choice in our sample of online users will therefore follow a Multinomial

distribution of the following form:

n 1
m:1:::M; j:1:::J �Multinomial(n; � ?

m:1:::M; j:1:::J ):

It is easy to see this selection at work on social media. The social media site Gab has notori-

ously attracted right-leaning voters, and within this group is has attracted a speci�c subset of cells

[Jasser et al., 2023]. Twitter and Facebook have historically been liberal-leaning platforms [Mellon

and Prosser, 2017], though they attract di�erent segments of this population. These considerations

would translate directly to a platform-speci�c survival-probability � mj , dominated by a choice-

speci�c tendency � �
j . Sampling at random from the population of these social media communities

is then akin to noisy sampling on the dependent variable, in the manner described above. Note that

this violates the ignorability assumption. How can we then estimate a valid posterior distribution

p(� j j y) from samples selected as above? We have proposed a structured logistic-regression as a

plausible model for our data. Even assuming we can fully control for factors which in�uence both

selection and choice probabilities, the proposed model will still be biased. The consequences of this

type of selection are principally manifest in a biased intercept �j . We propose to apply King &

Zeng's prior correction to account for choice-speci�c online selection.

Let N 1
j =

P N
i [yi = c j ] and N 0

j =
P N

i [yi 6= cj ] be the population-level cases and controls for each

choice cj . We can de�ne the conditional probabilities of sampling cases and controls under our

selection mechanism as follows:

Pr(%� = 1 j y � = c j ) = n 1
j =N1

j ; Pr(%� = 1 j y � 6= cj ) = n 0
j =N0

j :

King & Zeng show that the log-odds of selection can be used as an o�set in a logistic regression

model to correct bias associated with the intercept:

� �j = log

 
n1

j =N1
j

n0
j =N0

j

!

+ ~� j +
X

U


 U
u[�]j +

X

b

� bj x?
�b;

Posterior samples can be generated for a representative sampling protocol by omitting the o�set

from the prediction equation:
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~� mj =~� j +
X

U


 U
u[m]j +

X

b

� bj x?
mb;

~� mj =
exp(~� mj )

1 + exp(~� mj )
:

3.4.1 Simulation Study

What are the implications of introducing the King & Zeng bias-correction for estimates of the strat-

i�ed (Equation 2) and cell-level (Equation 1) choice probabilities? To explore the properties of the

bias-correction mechanism, we perform a simulation study.

We take inspiration from Leemann and Wasserfallen [2017] to calibrate the simulation. We simulate

a population of size N = 1; 000; 000, and we focus on J = 3 options. We explore samples of size

n 2 [100; : : : 10; 000]. The simulated data broadly follows the DGP described in Section 3.3. Like

Leemann and Wasserfallen [2017] we use arbitrary cuto�s to discretise a set of correlated individual-

level covariates X. Individuals are assigned to areas according to a Dirichlet-Multinomial process to

explore both even and uneven population distributions across areas. Spatially correlated e�ects  j

are sampled from a Spatial Autoregressive (SAR) DGP. We exaggerate the degree of spatial auto-

correlation by simulating 1; 000 SAR parameters and selecting the combination that gives the highest

Moran I in each simulation round. This is then mixed with � j according to a mixing parameter �j ,

as per the BYM2 model. The area-level e�ect �j is assigned a uniform prior to explore a range of

contextual variables' e�ect sizes. We simulate a total of 150 populations, generating performance

scores for 450 choices in total (J = 3 for every simulation). The simulation study's DGP follows:

� ij = Softmax(� j + 
 1
u1 [i]j + 
 2

u2 [i]j + 
 3
u3 [i]j + 
 �

l[i]j + � j zl[i] );

� j � N(0; 1); 
 k
uk j � N(0; 1); � j � Unif (�1; 1) ; z l � N(0; 1);


 �
j

BYM2� (�; � j ;  j ; � j ) ; � j � N(0; 1);  j � SAR; � j � Unif(0; 1);

uk
i =

8
>>>>>>>>><

>>>>>>>>>:

1 xik < �1

2 �1 � x ik < 0

3 0 � x ik < 1

4 xik > 1

;

0

B
B
B
@

x i1

x i2

x i3

1

C
C
C
A

� N

2

6
6
6
4

0

B
B
B
@

0

0

0

1

C
C
C
A

;

0

B
B
B
@

1 � x � x

� x 1 � x

� x � x 1

1

C
C
C
A

3

7
7
7
5

;
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� x � Unif(0; 1);

l i � Dirichlet-Multinomial (n = 1; � 1 = 1; : : : ; � 51 = 1) :

To each of the simulated samples we �t MrP models with varying characteristics, summarised in

Table 4. Each model performance is evaluated according to the following metrics:

Bias: B =
1
n

X

i

f i � f̂ i ;

Root Mean Squared Error: RMSE =

s
1
n

X

i

(f i � f̂ i )2;

Pearson Correlation: � =
P n

i=1 (f̂ i � �̂f )(f i � �f )
q P n

i=1 (f̂ i � �̂f ) 2
q P n

i=1 (f i � �f ) 2
;

Coverage (90%) : � =
1
n

X

i

[f̂ 5%
i < f < f̂ 95%

i ]:

Section C in the Appendix details the results of the study. Table 4 summarises the main outcomes

for each of the various models and sampling protocols we compare in the simulation study. Our pri-

mary interest is to compare our proposed modeling strategy (S.8) against its uncorrected version

(S.4), and the `best case scenario' of random sampling (S.0). Average performance is compared

for estimates of strati�ed preferences �j , as well as cell-level preferences �j . Our simulation study

ultimately shows that, under severely unrepresentative samples, uncorrected MrP is liable to fail

on every metric. Our �ndings further suggest that performance of our bias-corrected model under

online selection is comparable to that of an uncorrected model under random sampling for a broad

range of plausible scenarios.

We further explore how the performance of each estimation strategy responds to: i. changes in

sample size n; ii. changes in population-prevalence �j ; iii. changes in the central tendency of

the online selection penalty ��j ; iv. changes in the size of the severity of sample-prevalence-bias

(the di�erence between population-prevalence �j and sample-prevalence ��j ). Figures C.3 to C.5
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Table 4: Summary of the modeling and sampling scenarios.

Sampling Likelihood
Structured
Priors

Bias
correction

Bias RMSE
Pearson
Corr.

Coverage
(Distance
from 90%)

Colour

(S.0) random Bernoulli TRUE FALSE / / / /
(S.1) random Bernoulli FALSE FALSE 0 0.004 -0.014 -0.005
(S.2) random Multinomial TRUE FALSE 0 0 -0.002 -0.012
(S.3) random Multinomial FALSE FALSE 0 0.005 -0.016 -0.014
(S.4) selected Bernoulli TRUE FALSE 0.093 0.084 -0.088 -0.445
(S.5) selected Bernoulli FALSE FALSE 0.094 0.087 -0.104 -0.435
(S.6) selected Multinomial TRUE FALSE 0.092 0.082 -0.087 -0.447
(S.7) selected Multinomial FALSE FALSE 0.093 0.085 -0.104 -0.439
(S.8) selected Bernoulli TRUE TRUE 0.015 0.028 -0.079 -0.150
(S.9) selected Bernoulli FALSE TRUE 0.016 0.033 -0.097 -0.149

Note: Summary of the modeling and sampling scenarios evaluated in the simulation study, for estimation
of strati�ed preferences �. The scoring metrics presented here are averages di�erences relative to (S.0), the
best-case scenario.

present the distribution of each of the scoring metrics for each of the four stimuli, as it pertains to

the estimation of � j . Similar plots relevant to the estimation of the cell-level probabilities � j are

available in Figures C.6 to C.9. Figure 5 is highlighted here, which pertains to the robustness of

the strati�ed estimates from each model under varying degrees of severity in the selection penalty ��
j .

Figure 5: E�ect of online selection penalty ��j on estimation performance for �j from the
simulation study. See Table 4 or Figure C.1 for colour coding.

We can summarise the �ndings of our analysis as follows: i.(Figures C.3 and C.6): Returns of addi-

tional samples reach a quasi-plateau around n = 8; 000 for random-selection, whilst no clear plateau
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is reached for non-random samples. There is evidence for decreasing returns at the limit of the

examined samples sizes (n � 10; 000). Still, more n appears to be better for reducing RMSE and

increasing correlation in estimates from non-random samples. Large sample-sizes tend to degrade

the coverage of models trained on non-random samples. Bias-corrected models appear more robust

at any sample size, and reach similar levels of RMSE as random samples at large sample sizes;

ii.(Figures C.4 and C.7): RMSE is minimised at lower prevalence levels, whilst correlation plateaus

at � j � 0:2, and degrades beyond � j � 0:7. Bias-corrected models appear robust to any prevalence

levels, and behave similarly to random-samples throughout; iii.(Figures 5 and C.8): increases in the

central selection penalty � �
j substantially degrade performance for non-random samples. If a party

is relatively under-selected (��j < �� � ) we induce positive-bias to structured MrP estimates, whilst

over-selection brings about a more severe negative-bias. These translate into degradation of RMSE,

correlation and coverage. Bias-correction makes these models extremely robust to central-selection

pressure, meaningfully deviating from random sampling performance for bias, RMSE and correlation

only beyond � �
j � 0:7. This is a massive level of selection which suggests less than 30% of individ-

uals for a given party are eligible for selection into the subject pool, on average. Under-coverage

remains an issue, though it is massively alleviated by bias-correction relative to uncorrected models;

iv.(Figures C.5 and C.9): sample prevalence bias is a major driver or poor performance. Uncorrected

models su�er dramatically from sample prevalence bias in all metrics. Bias-correction generates ro-

bust estimates which appear to perform at similar levels as random samples for moderate levels of

bias, and are relatively robust at any level of bias.

Based on the simulation study, we produce the following recommendations: 1.) When interested

in cell-level estimates of preferences, use a Multinomial likelihood. Otherwise, a series of Bernoulli

models is preferable given computational considerations. 2.) Structured priors are preferable to
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unstructured ones, though the gains from these are very minimal compared to other modeling

choices. 3.) When the true population prevalence �j is available, there is no reason to perform

uncorrected MrP to estimate cell- or strati�ed-level quantities - we always recommend to implement

the King & Zeng prior correction. 4.) With respect to sample size, we con�rm that more is better,

though we caution that after n > 10; 000 the gains in terms of RMSE and correlation are minimal,

and there is an associated loss of coverage for selected samples.

3.4.2 Exogenous Prevalence

The prior correction relies on knowledge of N0
j and N 1

j - or more succinctly, knowledge of the

prevalence �j =
N 1

j

N 1
j +N 0

j
. This is unknown and unobserved in our setup, as described in Section 3.2.

We must therefore �nd a way to estimate this quantity. MrP is often used to obtain small-area

estimates in the context of pre-election opinion polling to account for non-response bias. These

adjustments are vital in the context of small-area estimation [Kennedy et al., 2018], where obtaining

representative samples appears more challenging than at the national level. Despite occasional

misses, there is strong evidence that national polling has remained accurate over time and across

countries [Jennings and Wlezien, 2018]. We propose to leverage prevalence estimates obtained via

polling averages to inform our bias-correction term. In our application to the 2020 US presidential

election we use the average of the FiveThirtyEight national-level predictions [Silver, 2020]. Note

that we are producing an election-day estimate, so we assume the entire time-series of forecasts up-to

election day is known. The prevalence per party is then the simple average of these series across the

days of the campaign.
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4 2020 Presidential Vote-share Estimates

Table 5 summarizes the accuracy of state-level election day vote share predictions for the 2020

election. We assess our method on six di�erent sampling strategies and three alternative modeling

benchmarks arranged over the columns. The rows of Table 5 are the di�erent evaluation metrics4.

Figure 6 displays the national predictions over the course of the campaign. Below we highlight key

results regarding state-level predictions and predicted campaign trends.

4.1 Election-day State-level Predictions

Table 5: Summary of results for Democrats and Republicans.

Non-probability Samples Quasi-probability Samples Other Benchmarks
X

gpt-3.5-turbo
(10 tweets)

X
gpt-3.5-turbo

(5 tweets)

X
Human

Amazon
Mechanical

Turks
ANES

ANES +
ABC & WaPo

ANES
`Raw'

Uniform
Swing

FiveThirtyEight

Bias
D 0.02 0.04 0.04 0 -0.01 0.01 0 -0.01 0.03
R -0.03 -0.05 -0.05 0 0 -0.01 -0.09 0 -0.02

R-D -0.05 -0.09 -0.09 0 0 -0.02 -0.08 0.01 -0.04

RMSE
D 0.03 0.05 0.05 0.04 0.02 0.01 0.07 0.02 0.03
R 0.03 0.06 0.06 0.05 0.02 0.02 0.12 0.02 0.02

R-D 0.06 0.1 0.11 0.09 0.03 0.03 0.17 0.03 0.05

Pearson
Correlation

D 0.99 0.99 0.97 0.93 0.99 0.99 0.87 0.99 0.99
R 0.99 0.99 0.97 0.93 0.99 0.99 0.75 0.98 0.99

R-D 0.99 0.99 0.98 0.93 0.99 0.99 0.83 0.99 0.99

Coverage
90%

D 0.63 0.22 0.76 0.84 0.96 0.98 / / 1
R 0.71 0.08 0.38 0.86 0.98 0.94 / / 1

R-D 0.65 0.14 0.47 0.84 1 0.98 0.83 0.99 0.88
R2 Non-Unif.

Swing
D 0.22 0.18 0.13 0.01 0.61 0.72 / 0 0.62
R 0.45 0.22 0.08 0.30 0.56 0.61 / 0 0.61

Note: Summary of the main results for the two major parties. For each metric we show in underlined bold
the best performing non-representative sample.

4Graphical representations of the results are available in the Appendix. Figure G.1 presents the election-
day state-level predictions for each choice under consideration in the 2020 US election (rows) by each model/-
data combination (columns). Figure G.3 summarises the ability of forecasts to capture the change since the
last election. Figures G.2 and G.4 present the same comparisons, though here Libertarians and Greens are
aggregated into an `other' category to enable comparison with state-of-the-art area-level polling aggregator
FiveThirtyEight. Turnout is also omitted from this comparison as FiveThirtyEight's calculation could
not be sensibly reconciled with our approach.
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(1). Bias-corrected structured MrP achieves state-of-the-art performance on high-quality quasi-

random samples. Firstly, a sanity check against disaggregation: estimates of the Republican-

Democrat (R-D) margin from the raw ANES data are signi�cantly worse, with an RMSE close

to 0:14 points higher. This is caused by an anti-Republican bias of 0:09 points. Training our model

with the same ANES data sees a reduction of this bias to 0. Secondly, a check on overall per-

formance: again looking at the R-D margin, we witness the following performance across metrics

for the bias-corrected model trained on ANES data: {bias = 0, RMSE = 0.03, correlation = 0.99,

coverage = 1}. Comparing this against FiveThirtyEight's forecasting model {bias = -0.04, RMSE

= 0.05, correlation = 0.99, coverage = 0.88}, we can be con�dent our approach can compete with

state-of-the-art polling aggregators under optimal sampling. It's worth noting that a uniform-swing

model using the true national swing also outperforms the FiveThirtyEight forecast.

(2). Bias-corrected structured MrP achieves satisfactory performance on all selected samples. Es-

timates of the Democratic vote for selected samples are generally satisfactory, performing within

the following ranges {bias = [0,0.04], RMSE = [0.03,0.04], correlation = [0.93,0.99], coverage =

[0.22,0.84]}; Republican vote estimates present a similar performance range {bias = [-0.05,0], RMSE

= [0.03,0.06], correlation = [0.93,0.99], coverage = [0.08,0.86]}; Turnout estimation performance

is also of interest {bias = [-0.07,0.02], RMSE = [0.02,0.08], correlation = [0.11,0.73], coverage =

[0.45,0.88]}. Third-party predictions generally have low bias and RMSE, high coverage, but also

lower correlation compared to the two main parties. We observe the following patterns in results:

a. X data under-sampled Republicans, and over-sampled Democrats to a degree that was not

entirely accounted for by the King & Zeng bias-correction. Amazon Mechanical Turks on the other

hand displayed no residual systematic bias;

b. Performance on turnout for selected samples was variable: with the exception of the model

trained on human-labeled X users, turnout predictions were generally satisfactory, showing a maxi-
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mum RMSE of 0:04. The best performing model was that trained on the small-context AI-labeled

X data, which achieved a correlation of 0:73 - superior to a turnout model trained on ANES data.

Human annotators tended to under-estimate the propensity for X users to show-up on election day,

generating a severe bias in the turnout estimates of �0:07;

c. As predicted by the simulation study, coverage worsened as sample size increased on selected

samples. The worst coverage was associated with the small-context AI-labeled data, which had the

largest sample size (n > 30; 000). The best coverage was associated with the Amazon Mechanical

Turk survey, which had the smallest sample size (n < 3; 000);

d. Performance on the R-D margin on selected samples tended to be worse due to compounding

biases - {bias = [-0.09,0], RMSE = [0.06,0.11], correlation = [0.93,0.99], coverage = [0.14,0.84]} -

though the best performing models were still in line with state-of-the-art MrP applications [Laud-

erdale et al., 2020].

(3). AI-annotated social media surveys with large context (10 tweets) outperform other selected

samples and achieve state-of-the-art performance. The performance of the AI-annotated polls with

large-context on the R-D margin {bias = -0.05, RMSE = 0.06, correlation = 0.99, coverage = 0.65

} is extremely close to the FiveThirtyEight forecasting model performance, generally displaying

similar levels of bias, RMSE and correlation per choice-model, and losing out primarily in coverage.

The small-context AI-annotated polls performed on the whole slightly worse, with compounding

biases leading to a relatively large R-D RMSE of 0:1. This provides some evidence as to the optimal

prompting style for generating social media polls using LLMs, in an MrP application of this sort.

The human-labeled social media polls performed worst out of the selected samples, with a R-D

RMSE of 0:11. The survey of Amazon Mechanical Turks has variable performance: a relative large

RMSE of 0:09 is paired with a completely unbiased prediction on the R-D margin.
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(4). Bias-corrected models trained on AI-annotated social media surveys can explain a substantial

portion of the non-uniform swing for each party. Figures G.3 and G.4 (in the Appendix) showcase

the ability of the models to capture non-uniform swings from the 2016 election. The R2 for the

swing in Democratic vote across top-performing models are { gpt_10_tweets = 22:1%, ANES +

WaPo = 72:3%, FiveThirtyEight = 62:4% }; for the Republicans we have { gpt_10_tweets =

42:3%, ANES + WaPo = 60:8%, FiveThirtyEight = 60:8% }.

4.2 National Campaign Trends

Bias-corrected models trained on AI-annotated social media surveys provide reasonable estimates of

the national vote and campaign-trends. If we are to use AI polls to monitor changes in support over

the course of the election-campaign, these should show similar national trends in the last 30 days

of the election campaign as the FiveThirtyEight polling averages over the same period. Figure 6

presents this comparison.

We are most interested in the ability of the model to replicate trends observable in traditional polls.

The metric which captures this ability is the Pearson correlation coe�cient. Note that campaign

dynamics can be highly stochastic [Wlezien and Erikson, 2002, Linzer, 2013], and no real ground

truth exists (as opposed to election-day preferences, which are known with certainty via the election

results). Hence we cannot expect levels of correlation similar to those witnessed for static state-level

estimates. The reference trends obtained via modeling of the ANES and ANES + Washington Post

samples, despite displaying low error on the election-day estimates, are largely uncorrelated with

the polling average. Large-prompt AI-annotated social media polls perform well for the Democratic

vote, with a correlation of 0:83 with the FiveThirtyEight daily average, whilst the pattern around
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the Republican vote is more muddled � with a relatively low correlation of 0:2. Survey responses from

Mechanical Turks present the opposite picture � strong correlation with daily Republican polling

average trend (0:71), but no signi�cant correspondence with the Democratic trend. Moreover, the

post-strati�ed sample of Mechanical Turks' survey responses achieves negligible election-day error

on the margin, whilst gpt_10tweets is well within the error-rate of FiveThirtyEight. The good

performance of the large context AI poll on the Democratic trend, and the corresponding performance

of the survey of Mechanical Turks for the Republican trend, hints at the opportunity to use synthetic

AI-generated samples to complement, via appending observations, weighted average or otherwise,

traditional non-probability samples [De Bartolomeis et al., 2025].

The performance of AI generated data degrades substantially with the sample compiled under

a smaller context window (5 tweets), and similarly if the AI annotations are replaced by those

generated by Mechanical Turks. Both samples present a strong negative trend on the Republican

margin over the campaign. It is of interest to consider the causes of this degradation. For the

low-context AI, we have to wonder about sample composition e�ects of annotating a much larger

number of users � 30; 154, around 7 times the size of the large-context AI annotated sample, as

well as the user-level shifting time windows. It is plausible, if the data are taken at face value,

that platform-level behaviour in the population would exhibit a declining Republican margin when

(i) newly observed users, as well as updated traces of existing users, lean Democratic and (ii)

these users express their views more frequently towards the end of the campaign. Such a residual

selection dynamic is consistent with a spiral of silence mechanism [Noelle-Neumann, 1974], which

has previously been argued to increase the relative share of Democratic expressions of support on

social media in 2016 [Kushin et al., 2019]. While this mechanism could account for the immediate

shortcomings of gpt_5tweets, we contend that it is unlikely to be the principal driver of the observed

degradation. Instead, we argue that the sample is not capturing a genuine social-media dynamic;
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rather, it is simulating that dynamic because the model produces low-quality user labels when

provided with limited context.

Evidence consistent with this poor-labeling hypothesis comes from the human_10tweets sam-

ple, comprising X users annotated by crowd workers. This sample also exhibits a decline in the

Republican margin, closely mirroring the pattern in gpt_5tweets, despite its substantial overlap

with gpt_10tweets 5. If the spiral-of-silence hypothesis were operative chie�y through newly labeled

users with few tweets, this pattern should not arise in the crowd-labeled sample, which does not rely

on such low-context cases. The parallel degradation across Amazon Mechanical Turk labeling and

low-context gpt therefore most strongly supports a poor-labeling account.

By contrast, gpt_10tweets shows no evidence of a decline in the Republican margin and aligns

more closely with external benchmarks from FiveThirtyEight, ANES, and the Washington Post. This

concordance suggests that gpt_10tweets is more representative of the underlying campaign dynam-

ics�even though it involves the same user population as the underperforming human_10tweets. We

attribute this di�erence to the superior labeling performance of a large-context LLM, in line with

prior research showing that LLMs can outperform Mechanical Turks on political text annotation

[Gilardi et al., 2023] and that their classi�cation accuracy improves with additional contextual in-

formation [Brown et al., 2020]. This e�ect is particularly pronounced when supplying more tweets

for stance classi�cation [Loh et al., 2024, Gambini et al., 2024]. Moreover, there are independent

reasons to discount the worker-generated labels relative to the large-context AI. The Mechanical

Turk protocol in this study required a long and cognitively demanding work�ow, which involved

reviewing multiple tweets, conducting multi-label classi�cations across several dimensions, and com-

pleting a voter-intention survey. Under such cognitively burdensome conditions, the quality of crowd-

generated labels can su�er diminishing returns [Chen and Korlakai Vinayak, 2025, Beck et al., 2024];

594% of users in human_10tweets appear in gpt_10tweets; conversely, 86% of gpt_10tweets users
appear in human_10tweets.
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workers may experience survey fatigue [Wang et al., 2012], and quality can degrade further when

multiple independent tasks are bundled [Li et al., 2023b]. Taken together, Figure 6 indicates that

large-context, AI-driven annotation of social-media data can yield non-probability samples that more

faithfully re�ect campaign dynamics, provided the resulting inferences are appropriately modeled.

5 Discussion

We have presented Arti�cially Intelligent Opinion Polling: a novel methodology to produce fully

automated high-quality pre-election polls from social media data. We introduce the use of AI, in

the form of Large Language Models, to extract pre-election polling features from the self-reported

preferences and socio-demographics of X users. We show LLMs tend to broadly agree with humans

in their annotations of social media users. We further propose a modi�cation to traditional MrP

to account for online selection. We show this amendment should generate substantial gains in bias

reduction, RMSE, correlation and coverage via a simulation study. We further show that applying

bias-corrected structured MrP to the AI-extracted social media surveys can produce state-of-the-art

estimates of the vote in an application to the 2020 US election.

This paper introduces a novel AI polling methodology and evaluates its feasibility by back-casting the

2020 US presidential election. For live deployment, see our companion piece � PoSSUM: a protocol for

surveying social-media users with multimodal LLMs [Cerina, 2025, Cerina and Duch, 2025] � which

details practical concerns around an application in the run-up to the 2024 US presidential election.

There, we conduct �ve AI polls at successive stages of the campaign and recover public-opinion

estimates with state-of-the-art error margins. Step-by-step deployment guidelines � including smart

sampling from the X API, �ltering and data-quality controls, prompting strategies, handling users
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with incomplete pro�les, and validation criteria � are provided in that publication.

5.1 Implementation Costs

Table A.1 presents a detailed cost breakdown for each sample used in this paper. The per-respondent

cost of the AI poll was 500 to 2; 500 times cheaper than the cost for traditional RDD, clocking in

at $0:01, and driven entirely by the cost of using the OpenAI API. Compared to a traditional RDD

pollster, or even an online pollster such as YouGov, AI pollsters are free of costs associated with: i.

People-intensive �eldwork � no interviewer labour or supervision; no call-center sta�ng, predictive

dialers, telecom minutes, trunking, interactive voice response and callback operations; ii. Legacy

survey software � no CATI/CAVI platform licenses, server maintenance, or dedicated IT support;

iii. Panel acquisition & upkeep (online) � no long-run panel recruitment/retention costs, panelist

management platforms, panel cleaning and refreshing, or sample-provider brokerage fees; iv. Re-

spondent incentives � no logistics costs associated with payment transactions, gift vouchers etc.; v.

Extended �eldwork costs � no multiple-call attempts, refusal conversion, or prolonged �eld periods

to overcome low response rates; vi. Multi-language interviewing � no parallel language teams, trans-

lation of CATI scripts for live administration or multilingual survey instruments.

Whilst this list of avoided costs remains relevant, much has changed on X since 2020, and the API

is no longer free to use [Mimizuka et al., 2025]. As such, most practitioners seeking to deploy an AI

poll in the modern X environment could not a�ord to collect a pool of tweets of comparable size to

the one we present in this paper. We address this directly in PoSSUM, our companion piece [Cerina,

2025, Cerina and Duch, 2025]. There we highlight a strategy for minimising calls to the X API via

AI-enabled quota sampling of social media users, such that an ideal sample size and composition is

targeted and resources are invested only in users who are likely to add new and useful information
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to our sample. In the run-up to the 2024 US Presidential election, a single AI poll's worth of X API

calls was priced at around $200, for a sample size of n � 1; 000 users. A detailed breakdown of costs

is available in the technical report on the GitHub repository6. The costs related to LLM API use are

also reported, but these are now obsolete as the cost of LLMs has been dropping rapidly [Cottier

et al., 2025].

5.2 Is Data Leakage A�ecting the LLM's Annotations ?

Our AI polling approach uses LLMs to infer survey-like records from partial digital traces of social-

media users. We applied this methodology to the 2020 US election. We used gpt-3.5-turbo, which

has a cut-o� date of 1 September 2021 [OpenAI, 2025]. Two data-leakage critiques are relevant: (i)

the model knows the election outcome, which could drive the apparent performance of the method;

and (ii) the LLM may reconstruct more information about a given user than the few tweets provided

in the context window.

Regarding knowledge of election outcome (i), we agree that knowledge of the �nal result is likely to

a�ect the labels produced by the LLM. The concern is that knowledge of (a) national returns, (b)

small-area returns, and (c) polls and exit polls at various levels might act as an implicit raking fac-

tor�yielding individual-level estimates whose distribution is constrained to match what the model

`knows' a posteriori, thereby biasing performance. We provide evidence in favour of AI-polling's

ability to reconstruct the correct voting distribution even in the absence of a posteriori knowledge of

in election's results in our companion piece PoSSUM [Cerina, 2025, Cerina and Duch, 2025]. There we

show that the LLM can produce relevant voting distributions at granular levels of analysis without

prior knowledge of election outcomes. Because the LLM is asked to produce labels at the individual

6https://github.com/robertocerinaprojects/PoSSUM
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level, independently across X users, it seems implausible it might seek to perform raking inter-

nally. It would have to understand that we are trying to build a representative sample, predict that

other individuals of di�erent kinds would eventually populate the sample, and internally maximise

the probability that the overall sample would be conforming to the marginals. This is far-fetched,

though we acknowledge not impossible � LLMs have been shown to act strategically, inferring the

kind of task it is being used for, taking into accounts multiple future steps [Scheurer et al., 2023,

Zhang et al., 2024, , FAIR] and learning internal routines to improve performance (so it's not implau-

sible that they would learn to perform iterative proportional �tting internally) [Von Oswald et al.,

2023]. And yet, whilst aggregate election results are part of the model's background knowledge, it

is unclear that the model would privilege this information over other training data (including inac-

curate or biased polls and/or commentary, for example). This too is testable: one could elicit model

rationales (where available) or probe the representation space [Carlini et al., 2022], and estimate the

degree to which �nal judgements about user-level attributes depend on actual election returns.

With regard to information reconstruction (ii), we acknowledge �ndings on training-data regurgita-

tion in LLMs [Carlini et al., 2021, Nasr et al., 2025]. Although safeguards exist to minimise such

behaviour (see, for instance, OpenAI's response to their dispute with The New York Times [Ope-

nAI]), certain attack modes can still circumvent them and elicit verbatim outputs from training

data. This implies that the model may retain some material in readily retrievable form and could, in

principle, draw on it during generation. The implication for our setting is that the context window

supplied to gpt-3.5-turbo may not be the sole basis for its judgements: the model might internally

reconstruct a user's wider tweet history and use that to assign labels. This could produce odd down-

stream e�ects�for example, if a user has changed their views, labels might con�ict with the content

of the speci�c context window. That said, such behaviour should be rare even if some reconstruction
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occurs, as relying on information outside the prompt is unlikely to improve next-token prediction.

Empirically, we �nd that labels generated under 5- versus 10-tweet context windows contain sys-

tematic disagreements (see Figures F.9 and F.10), even when the same user is targeted. To the

extent that the model is leveraging user-speci�c training data, which would be identical under both

context-windows, it does not appear to dominate its decisions.

5.3 Sources of Bias in the LLMs' Annotations

In this paper we have concentrated our e�orts on addressing online selection via prior correction and

MrP, leaving the LLM labels unadulterated. We know however that LLMs approximating synthetic

personas are prone to bias [Hu and Collier, 2024, Abdurahman et al., 2024, Bisbee et al., 2024]. It

may therefore be of interest to consider the feasibility of a bias-correction layer for polling LLMs.

Whilst the development and implementation of this correction are beyond the scope of this paper,

in what follows we describe potential sources of this LLM bias, and propose likely fruitful de-biasing

approaches to be explored in future research.

Training Cuto� (Temporal Bias) � Training foundation LLMs is costly and time consuming

[Goodfellow et al., 2016]. This makes it impossible to keep this initial phase �online�, and will by

de�nition introduce an information lag at prompt time. The subsequent Reinforcement Learning

with Human Feedback (RLHF) [Bai et al., 2022] and, when it applies, training the AI to reason step-

by-step [Lightman et al., 2023] further increase temporal discrepancy. Nevertheless, if the LLM has

acquired enough knowledge through its training phase it may still be useful out-of-sample [Brown

et al., 2020]. Take the issue of forecasting the result of the 2024 US election � one could provide

an LLM with training cuto� June 2024, when Joe Biden was still in the race, with an updated

candidates-set, and a description of the important events that led-up to the election. This kind of
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conditioning asks the model to interpolate in the learned latent space [Wolfram, 2023], with success

contingent on the properties of that space. Appropriate conditioning could, narrowly, solve LLM

bias related to training cuto�.

Training Data (Selection Bias) � LLMs rely on data generated online for the bulk of their training

[Henderson et al., 2023]. Language data and interaction traces are notoriously not representative of

the o�ine population, as we have painstakingly demonstrated in this paper. Social-media language

di�ers systematically from o�ine speech [Eisenstein et al., 2014]. Alignment via RLHF can fur-

ther imprint the demographics and preferences of labelers or alignment procedures [Santurkar et al.,

2023]. Conditioning the LLM to speak in the voice of speci�c personae with known demographics,

and averaging output through a strati�cation frame according to the weight of each demographic

group, can help balance this kind of LLM bias for population-level inference. Unfortunately, this

kind of �Post-strati�ed LLM� would be expensive (requiring thousands of prompts to get a repre-

sentative answer to a single question). Moreover residual selection remains which cannot be easily

addressed with in the with post-strati�cation. This remains an open area for future research.

Non-Convex Optimisation � LLMs are trained by minimizing a non-convex next-token predic-

tion loss with stochastic gradient methods. Unlike traditional statistical models, global optimality is

typically not achievable, and practical training yields an approximate stationary point [Kaplan et al.,

2020, Ghadimi and Lan, 2013]. Early stopping is typically triggered by validation performance (not

training �t) [Prechelt, 2002], e�ectively selecting parameter estimates to achieve good performance

on speci�c tasks external to the underlying data. What is �statistically strange� about this, and

salient for our purposes, is that the point of best-�t on the data could be quite far from the point

of best �t on the evals. As a result, we cannot rely on statistical theory � we have absolutely no
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guarantee of generalisability on the evaluated tasks beyond the validation sample [Marcus, 2018], let

alone for tasks which the LLM has not been tested against. The point of early stoppage is therefore

totally arbitrary with respect to our task, a fact that undoubtedly smuggles in unpredictable biases.

A modest consolation for the feature-extraction problems studied here is that they overlap with

capabilities targeted during instruction tuning which LLMs undergo [Ouyang et al., 2022], however,

this tuning largely standardises output format and basic reasoning rather than ensuring high-�delity,

in-context extraction of the constructs of interest.

There exist other sources of bias we have not mentioned here, often more opaque in implementation

and therefore more challenging to address; some bias relates to the deployment environment of the

LLM [Bisbee et al., 2024] or the choice of hyper-parameters (e.g. Temperature [Das and Balke,

2022, Renze, 2024, Lippens, 2024]), as well as other attributes of these objects which we have little

understanding of and only partial control over.

We have seemingly painted a somewhat depressing picture as to our chances of identifying and

capturing an LLM's bias in some general way, given how much of it seems arbitrary. There are

however some promising paths forward: i. Estimating and correcting for task-by-LLM bias �

Fix a concrete task (e.g., inferring political preferences from pro�le data), hold prompts and input

data constant, and collect ground-truth labels. Then evaluate a panel of LLMs on this task and

estimate a model-speci�c correction term. This mirrors poll-aggregation strategies that estimate

house e�ects (pollster bias) [Linzer, 2013]. LLM house e�ects could then convey information such as

�Llama is twice as likely as gpt to infer a republican preference when a pro�le image and description

contains reference to white ethnicity, whilst deepseek is only half as likely to do so�. With su�cient

resources for large-scale, multi-model prompting, the polling literature's hierarchical shrinkage and
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bias-adjustment machinery could be repurposed to optimally aggregate LLM inferences and inform

a bias-aware mixture of experts; ii. Reinforcement learning on feature-extraction reasoning

� The approach described above lacks generalisability: every new feature, prompt, or model may

require re-estimation of the house e�ects. Moreover tasks and input-feature spaces can be di�cult

to de�ne and hold constant. Recent work suggests that large-scale RL can improve transferable

reasoning [Guo et al., 2025]. One promising approach to improve generalisability on feature extrac-

tion tasks necessary for AI polling would be to focus on optimising the extraction capabilities of

the AI � call this third person RL. This would entail curating reasoning traces of human labelers

performing the extraction task, that emphasise structured deduction, awareness of uncertainty, and

error-checking, then �ne-tuning with preference-based objectives (e.g. via direct preference optimi-

sation [Rafailov et al., 2023]) so the model internalises those habits. An alternative approach is �rst

person RL. Here the focus would be on augmenting the LLM's theory-of-mind (ToM) capabilities

[Kosinski, 2024, Hu et al., 2025], and have the LLM reason in the �rst-person as to their beliefs

given a set of inputs describing a persona. This would require �rst-person re�ections that connect

beliefs and input features.

5.4 Feasibility Beyond Politics

The methodology we have outlined is a general-purpose approach to public opinion estimation. It

is not tailored exclusively to political or electoral studies. Provided some general conditions are

met, we expect this approach to produce reliable small-area estimates for most opinions which can

observed online. Rigorous formalisation of these conditions is beyond the scope of this paper. Below

we can set out some general considerations which can help researchers assess the likelihood of success

prior to deploying an AI poll.
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High Dependent-variable Coverage. Digital loci (e.g. X) must contain user expressions rele-

vant to the dependent variable of interest in su�cient frequency and clarity. These can take any

multimedia form (e.g. text, image, audio, video or combination thereof). LLMs can aggregate these

signals and generate useful labels of the dependent variable per user. The political example we

present in the paper works well because X provides vast coverage on topics related to politics in the

US, as well as ways to e�ciently query relevant political text. The same exercise might have failed

on another online social network.

High Signal-to-noise Ratio of Selection-related Features. Our approach has two major points

of departure from traditional polls: i. we are fully agnostic as to the representative nature of the

digital sample, and rely on modeling which includes an exhaustive list of selection-related features

for representative inference; ii. we often do not observe these features directly, but rather rely on

LLM inference to digest a large number of signals from pro�le data and extract the feature value

which applies to a given user. For the proposed approach to work well, it must be possible for the

LLM to extract these features with low levels of error.

Social media that explicitly presents these features as part of the user pro�le make for high

signal-to-noise ratio loci. For instance, X's self-reported descriptions and pro�le images are present

by default in every pro�le, and every user is incentivised to �ll these in upon sign-up. These �elds can

be highly informative as to the socio-demographic pro�le of a given user. Location-related features

require special treatment, given the goal of our methodology to produce small-area estimates. On

X, state-level location is reported explicitly in the vast majority of US pro�les, which makes this

digital locus especially well suited for our proposed approach.

Note an important di�erence here with respect to considerations around the dependent variable:

we are less concerned about getting the joint distribution of the predictors in our sample to match
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that in the population, as we can always correct for this via post-strati�cation7. We are however still

interested in recovering the correct dependent variable distribution, conditional on a set of inferred

covariates. Hence our criteria for selecting a digital loci is driven primarily by the answer to the

question: �From this social network, can I extract enough selection-related features about each user

such that the distribution of the dependent variables conditional on these features is likely to be rep-

resentative ?". We can accept some degree of departure from representativeness in this conditional

distribution if we have a good anchor to introduce the King & Zeng correction, though high degree

of conditional �delity is always desirable.

Availability of a Strati�cation Frame. A strati�cation frame encoding the joint distribution

of relevant characteristics must be available for successful applications of AI polling. Perhaps sur-

prisingly, this can be one of the greatest limitations to the widespread use of this methodology.

Recent, comprehensive censuses and/or representative survey microdata, which typically make the

backbone of the frame, are not readily available for most countries. Within-country, such frames

may not exist at the sub-regional level. Initiatives such as IPUMS [Ruggles et al., 2015] attempt

to provide a general-purpose repository of public use data suitable for this purpose, but for most

countries the IPUMS data is too outdated to be used in timely applications such as elections, or

whenever recent population-level demographic shifts might matter. Outside of the Anglosphere and

few exceptional countries, heterogeneity in data availability, modes of access and privacy preferences

with regards to small-area disclosure, create a largely intractable path to obtaining access to reliable

frame data. National statistics o�ces may prefer licensing agreements, or limited access via on-site

or remote data enclaves, as opposed to sharing public use �les [Dupriez and Boyko, 2010]. Access

often comes at a cost. We note here that frames can themselves be statistically modeled [Leemann

7Though large discrepancies between the sample and population distributions of the independent variables
are typically signals of severe selection bias.
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and Wasserfallen, 2017, Cerina, 2020]. A discussion of this is outside the scope of this paper, beyond

noting that this is typically a computationally expensive and statistically challenging endeavour.

Availability of a Prevalence Anchor. If online selection on the dependent variable is present in

the social medium at hand, a reliable external source of choice-level prevalence (and/or its evolution

over time) must be available to apply the King & Zeng bias correction. A minimal reasonable an-

chor typically exists or is obtainable for most applications � a previous measurement from an older

representative sample or actual observations; a principled and well-calibrated prior; an average of

the predictions across multiple independent sources (e.g. wisdom-of-the-crowds). Note that the goal

of this estimation strategy is to generate small-area estimates of the dependent variable, under the

assumptions that national level estimates already exist or are otherwise easy to obtain. It is possible

to altogether ignore the King & Zeng correction and generate novel national level estimates, but

the user does this at their own peril, as online selection is highly likely to bias the intercept � and

therefore the national and small-area estimates.

No �Fatal� Selection E�ects. AI polling as formulated in this paper might never work for a

subset of research topics. For some of these opinions and behaviours, digital traces simply might

not exist, because social-media users �nd it objectionable or uninteresting to produce such a trace.

These might be taboo topics, such as undesirable or hyper-private behaviours or preferences that

are seen as immoral; support for radical or extreme political positions or political violence; other

topics which are a�ected by self-censorship. There may also be another subset of topics which are

just seen as too mundane, uninteresting and/or granular to speak about � for instance preferences

with respect to speci�c mundane commercial products (i.e. brands and types of razors, bread, co�ee,

eggs or cereals). These selection e�ects which deny us su�cient dependent-variable coverage, and
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which make it impossible to observe even a minimal number observations, are qualitatively di�erent

from those we can correct for with the King & Zeng approach.

Compared to traditional self-report, which in principle provides a window into any topic the

respondent is comfortable talking about a-priori, unobtrusive observation of digital trace is more

limited, in that the topics about which users share their thoughts online are a subset of all possible

topics of interest. To be sure, self-report also su�ers from social-desirability bias, but the two modes

are di�erent: a MAGA Republican may feel uncomfortable talking to a pollster, but comfortable

sharing their views to their X audience; vice-versa, they might feel comfortable answering a survey

about their co�ee drinking habits, and never share such thoughts on social-media. It is worth noting

that coverage for a topic in one society (e.g. the US), in a given digital locus (e.g. X) does not guar-

antee coverage is achieved in another (e.g. Germany) on the locus. There are large heterogeneities

in preferences with regards to privacy / disclosure / interests and social media use across the world

[Trepte and Masur, 2016].

Ultimately, the feasibility of AI polling for any given application is an empirical matter. Chances of

successful AI polling are maximised when we have access to: public-use strati�cation frames; frequent

and clear digital traces related to the dependent variable; LLMs which are capable of extracting

attributes with high con�dence from the relevant pro�le data; population-level measurements or

well-calibrated proxies of the dependent variable.

5.5 Bots & Inauthentic Behaviour

A reasonable concern with our use of social media data is the presence of bots and coordinated

inauthentic behaviour (CIB) on these platforms. While in�uence operations on social media are well

documented [DiResta et al., 2019], the number of accounts engaged in CIB has generally been small �
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see, for instance, Meta's quarterly assessments [Meta, 2025], which describe the relatively limited size

and scope of such activity on their services, themselves orders of magnitude larger than X. Attack

networks typically comprise only dozens to hundreds of spurious accounts. Although these may

attract sizeable followings and shape discourse through inauthentic activity, our approach is robust:

the inauthentic accounts are usually too few to enter our pseudo-random samples with any frequency;

insofar as they do, they add only a minimal amount of inauthentic variance; and to the extent that

they genuinely in�uence followers, those followers' subsequent behaviour is precisely what we seek

to study. Estimates of bot activity vary [Varol, 2023]; the most credible place it at roughly 9%�15%

of active users on X [Varol et al., 2017], though these �gures pre-date the platform's rebranding and

may have shifted since. These proportions are similar to the share of bogus respondents commonly

observed in online surveys [Mercer et al., 2024, Kennedy et al., 2020a], suggesting that inauthentic

activity is simply one of several routine challenges modern pollsters must address through their

sampling and modeling choices. In our companion piece, PoSSUM [Cerina, 2025, Cerina and Duch,

2025], we show that it is possible to integrate a native bot-detection protocol into our prompting

strategy [Feng et al., 2024] as part of general �ltering and quota sampling.

More concerning for our methodology are recent trends in the mass use of generative AI to produce

social media content that is increasingly di�cult to distinguish from genuine human activity [Ng

and Carley, 2025, Li et al., 2023a]. The incentives of the attention economy have created conditions

in which AI slop [Madsen and Puyt, 2025] is becoming pervasive [Miklian and Hoelscher, 2025],

particularly on video-led platforms (e.g. TikTok). The rapid proliferation of AI-run accounts has

revived fears of a developing dead internet [Walter, 2025, Ti�any, 2021, Mariani, 2023] � the idea

that most online content, especially on social media, could become AI-generated. One relevant

instantiation of this has already a�ected a data-collection mode used in this paper: the AMT

platform has been substantially compromised by the quiet substitution of humans with LLMs,
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producing levels of inauthentic activity that are unacceptable for scienti�c research [Veselovsky

et al., 2023]. A common rejoinder, in the context of studying public opinion, is that if bots simulate

discourse that appears authentic-looking � i.e. tracks genuine dynamics among real people � then

such synthetic traces should not greatly alter the detection of true opinion dynamics. This we �nd

unconvincing: the literature documents serious limits to the credibility and authenticity of views

produced by purely synthetic personae [Hu and Collier, 2024, Abdurahman et al., 2024, Bisbee et al.,

2024], and there is no reason to expect LLMs' reactions to unfolding events to align with those of

real individuals. We make no strong claims about the long-term viability of the AI-assisted polling

methodology outlined here. An optimistic view is that bot-detection capabilities will improve in

step with the increasing human-likeness of AI-generated content. Ongoing empirical testing will

determine whether that optimism is warranted.

5.6 Conclusion

Advances in arti�cial intelligence will radically change how we conduct public opinion polling. Our

contribution is �rst to suggest how AI can be leveraged to transform digital traces into public

opinion data. Secondly, we propose a robust strategy for modeling public opinion preferences based

on these transformed digital traces data. The major modeling challenge we address is accounting

for the non-representative nature of the online-generated digital trace sample. Our work makes

it clear that with the judicious use of AI and social media data that builds on a robust inferential

framework, we can signi�cantly advance claims regarding the representativeness of digital trace data.

Hence, the research agenda for Arti�cially Intelligent Opinion Polling is clear: to build automated

pipelines, founded on �exible and interpretable models, that enable representative inference from

easily obtainable, high-frequency unrepresentative samples. We hope others can build on this work.
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A Samples

Data collection from X was performed with the rtweet package [Kearney, 2019]. We stream tweets

from July 24th 2020 to election day November 3rd 2020. The earliest tweet in our pool is dated

2020-07-16 at 01:42:46 UTC, whilst the latest was created on 2020-11-03 at 00:12:55 UTC. Our

query returns a sample of tweets containing the words `Biden' or `Trump'. We make use of a

congressional districts map to specify a point-radius search around the centroid of each district, to

ensure good geographic coverage. We screen out non-english tweets to simplify the labeling tasks.

This curated corpus contains 492; 539 unique users, responsible for 3; 019; 184 tweets.
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B Prior Speci�cation

We embrace a parsimonious approach to prior speci�cation that leverages prior knowledge to pro-

duce a structured posterior [Gao et al., 2021]. Our prior speci�cation is further informed by the

Penalised Complexity [Simpson et al., 2017] paradigm. Our priors facilitate compliance with the

ignorability assumption. Bayesian hierarchical modeling can be a powerful tool to adjust for non-

response bias [Gelman, 2019]. It allows for weighted pooling of information from likelihood and

priors. The e�ect of pooling information on the model parameters is referred to as shrinkage. Struc-

turing priors produces shrinkage of parameters towards a desirable functional form of latent variable

� j . Structured priors allow us to leverage prior knowledge to regularise our linear predictor [Gao

et al., 2021, Hanretty et al., 2018]. While shrinkage is generally desirable, excessive pooling can lead

to under-coverage and low correlation in MrP estimates. To relax the partial pooling of coe�cients

up to an optimal standard, a robust set of unstructured �xed-e�ect predictors at the desired levels

of analysis (e.g. areal and/or temporal units) is necessary [Buttice and Highton, 2013, Lax and

Phillips, 2013]. This level-speci�c predictor adds further structure to the latent-variable.

Global intercept. Our global intercept parameter � j is assigned a weakly informative prior. No

correlation structure amongst choices is used to inform the baseline rate of choice:

� j � N(0; 10): (3)

Unstructured e�ects. A number of classic random intercepts are used to describe the e�ects of

nominal variables with no speci�c structure. Allowing slight abuse of notation, let U denote a given

categorical predictor and u represent the levels within that predictor. The random intercept prior

is then:


 U
uj �N(0; � U

j ); 8 U 2 fG; R; E; V g; (4)
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While sex and educational attainment are binary variables, they are modeled using the unstructured

random intercept prior. For the sake of interpretation, we marginally prefer the soft sum-to-zero con-

straint obtained via sharing � to the traditional corner-constraint. We further prefer this approach

to generalise data-cleaning functions. In practice we do not expect these estimates to be signi�-

cantly di�erent from the �xed-e�ect estimates, as shrinkage is minimal under weakly-informative

priors when the number of levels is < 3 [Park et al., 2004].

Priors for the standard deviation parameters are assigned according to the recommendations of the

Stan team [Gelman, 2020], and are weakly-informative on the log-odds scale:

� U
j � N + (0; 1); 8 U 2 fG; R; E; V g: (5)

Spatial structure. Previous studies [Gao et al., 2021, Hanretty et al., 2018] have suggested that

explicit modeling of geographic proximity can improve estimates of the distribution of preferences

across states. An account of the distribution of spatial preferences is presented by the Besag-York-

Mollié (BYM) [Besag et al., 1991] family of models. We focus on the BYM2 formulation [Riebler

et al., 2016]:


 �
lj = � �

j

�
� lj

q
(1 � � j ) +  lj

q
(� j =�)

�
; (6)

� lj �N(0; 1); (7)

 lj j  l0j �N
� P

l06=l l0j

� l
;

1
p

� l

�
; (8)

� j �Beta
�

1
2

;
1
2

�
; (9)

� �
j �N + (0; 1); (10)

where the total spatial e�ect 
 �
lj is the convolution of unstructured random intercepts � lj and

intrinsic-conditionally-autoregressive (ICAR) e�ects  lj . The autoregressive element allows esti-
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mation of  lj to be conditional on the average neighbourhood e�ect, where  l0j represents the e�ect

of a neighbour. The neighbourhood structure is dictated by an adjacency matrix, typically derived

from a map. The ICAR prior standard deviation decreases as the number of neighbours �l increases.

� j 2 (0; 1) is a mixing parameter which imposes an identi�ability constraint. This is necessary to

optimise posterior exploration and sensibly assign variance amongst competing explanations. Spa-

tial and unstructured e�ects share a standard deviation parameter ��j . For this assumption to be

sensible,  lj and � lj must be on the same scale. This is typically not the case, as the scale of  lj

is de�ned by the local neighbourhood, whilst � lj is scaled across all areas. To ensure the shared-

variance assumption holds, we calculate a scaling factor � from the adjacency matrix, and use it to

re-scale our spatial e�ects appropriately. Notation for islands is omitted in the above, but note these

are a special case of the model, for which �j = 0 [Donegan, 2022b,a]. The islands still contribute to

partial-pooling for the unstructured e�ects, but are ignored for the spatial component.

Random-walk structure. Gao et al. [2021] have shown improved accuracy of MrP estimates by

including structures to account for correlations amongst e�ects of neighbouring levels in ordinal

variables. We focus on the random walk structure:


 U
uj j 
 U

u�1 j : : : 
 U
1j �N(
 U

u�1 j ; � U
j ); 8 u > 1; U 2 f�; A; Hg; (11)

� U
j �N + (0; 1): (12)

Again a sum-to-zero constraint
P

u 
 U
uj = 0 is used to ensure identi�ability.

Independent linear Predictors. The �nal set of priors to specify is for the �xed-e�ect regression

coe�cients �. These are independet weakly informative priors on the log-odds scale:

� bj �N(0; 1); 8 b 2 f1; : : : ; 12g: (13)
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Traditional MrP approaches make use of �xed-e�ects at the area-level. We have an interest in testing

the ability of AI polls to capture not merely the cross-states distribution of vote-choICe, but also

temporal trends. As such we introduce a day-level, and a state-by-day level, set of �xed-e�ects. The

number of days-to-election levels (d 2 f1; : : : ; 30g) is large-enough, and there is enough variance

across these, that we can expect a time-varying �xed-e�ect predictor to enrich our estimates of

temporal dynamics.

C Simulation Study

Figure C.1 presents a performance comparison of every model and sampling strategy combination

(on the x-axis) against (S.0) (on the y-axis). Figure C.2 presents the same comparison for the

estimation of cell-level probabilities � j . Our simulation study suggests the following: i. likeli-

hood: for the estimation of the strati�ed preferences � j there are no substantial di�erences between

models using Bernoulli and Multinomial likelihoods. On the other hand, at the cell-level, the best

Multinomial estimates of � j under random sampling have lower average RMSE (�0:017), somewhat

greater correlation (+0:021) and signi�cantly greater coverage (+0:143); ii. structure: across met-

rics, at the strati�ed and cell levels, structured models systematically outperform unstructured ones.

However, the gains from structured priors for the DGP under consideration appear extraordinarily

minor. The metric most a�ected by structure appears to be correlation, where structured models

provide an increase in correlation around +0:01; iii. bias-correction: bias-corrected models a�ord

unequivocal advantages under online-selection. Looking at estimates of the strati�ed preferences

� j , the best bias-corrected model under online selection (S.8)alleviates the absolute bias of the

best performing uncorrected alternative (S.6)by �0:077; the RMSE falls by �0:054; the correlation

increases +0:008 and the coverage shoots up +0:297. In estimates of �j at the cell level, we see
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similar improvements in bias (�0:074), RMSE (�0:044), correlation (+0:009) and coverage (+0:16).

Figure C.1: Comparing quality of estimates of �j under di�erent scenarios. The y-axis
represents the score of a structured-priors MrP model without bias-correction �t to a random
sample from the population (S.0); the x-axis represents performance of all other models, for
a given simulated population. The legend reports the performance relative to (S.0). Smooth
curves are �t using the mgcv package [Wood and Wood, 2015].
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Figure C.2: Comparing quality of estimates of �j under di�erent scenarios. The y-axis
represents the score of a structured-priors MrP model without bias-correction �t to a random
sample from the population (S.0); the x-axis represents performance of all other models, for
a given simulated population. The legend reports the performance relative to (S.0). Smooth
curves are �t using the mgcv package [Wood and Wood, 2015].
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