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Abstract

We study the problem of using multiple large language models (LLMs) to annotate
data, or to generate predictions. We first show that aggregating LLM outputs
requires that the researcher make at least one of three identification assumptions:
first, that the analyst has access to ground truth labels; second, that LLMs are
highly accurate and unbiased for the specific task they are being used for; third, that
the researcher can estimate ground truth labels using item features extracted from
the documents themselves. We then introduce a dependence-aware aggregation
approach, the correlated Dawid-Skene crowdsourcing model, in which the correla-
tion matrix of raters is explicitly estimated, in addition to rater accuracies. This
allows us to estimate predicted probabilities, get valid confidence intervals, and
flag difficult items, while taking into account the estimated dependence between
raters. Finally, we use sparse autoencoders to provide interpretable outputs for the
correlated Dawid-Skene model: this layer explains the predicted probabilities, the
biases of specific LLMs, and the items that were difficult for the LLMs to classify,
in natural language using both LLM summaries and sampled sentences from the
documents themselves. The result is a fully-automated pipeline that provides both
quantitative outputs that take into account the correlation between LLM raters, and
provides plain language, qualitative insights that are useful for applied researchers
in a substantive domain. We study the performance of this method via simulation,
and apply it to a manifesto classification task.

1 Introduction

Political scientists have been at the forefront of using large language models (LLMs) to code and
annotate data for downstream use. These models are fast, accurate and can outperform experts for
many tasks [e.g. 7, 21, 10, 22]. The typical setup is to use one particular model, e.g. ChatGPT, and
compare its annotation decisions to a pre-existing “gold standard". This allows the researcher to
make comments about performance, in terms of accuracy, precision, recall and so on. As the number
of cheap, high performing LLMs has grown, authors have worked on ways to draw inferences from
multiple models in their analysis. One possibility is to use averaging, which includes the use of LLMs
as ensembles [20, 1]. The logic is via appeal to the “wisdom of crowds" insofar as we believe that
aggregation essentially cancels out errors, and returns more stable estimates.

An immediate problem is that we cannot distinguish between two cases: one where the LLMs
are accurate vs one where the LLMs are dependent. Put starkly: the pessimistic scenario with an
ensemble of LLMs is that they all agree, but are all incorrect for the same reasons. In this case, one
cannot take even a very lop-sided majority decision as truth: the average of biased models is biased,
possibly worse than any single one. This is a concern in that we know from prior work that LLM
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Figure 1: The two situations above are observationally equivalent without further assumptions.

decisions are typically highly correlated for political science tasks [e.g. 12, 23]. An obvious route for
such dependence to occur is the fact that different models are trained on the same information. These
include sources such as CommonCrawl, an open repository of scraped web data. As an empirical
matter, we have strong reason to suspect that LLMs have correlated errors [11].

Issues of dependence are compounded by the fact that LLMs can exhibit bias (potentially ‘deliberately
wrong’ labels) for some tasks [e.g. 18]. There are methods to correct such outputs back to human
expert standards for subsequent analysis [6, 9]. But this requires some external ‘gold standard’
benchmark against which to compare the LLM output. For many problems, this may be unavailable,
perhaps because humans are not the gold standard or because the previously assembled expert
benchmark does not align well with the use-case in question.

This dependence and bias for LLMs violates the usual assumptions we are willing to make about
human raters—including crowd workers. There it is conceivable that each rater produces a (condi-
tionally) independent annotation for a given item. That is, errors across raters are uncorrelated. If one
then assumes that each worker is unbiased, on average (i.e. raters have mean zero errors relative to
the truth), then a majority vote or mean of the worker decisions will be correct at the corpus level.2

Using approaches such as Dawid and Skene [5], researchers can rely on these arguably mild assump-
tions to produce both measures of rater quality (good to bad) and estimates of item difficulty (easy to
hard). Note that one does not need an external benchmark or agreed gold standard to do this. Such
an approach is of obvious utility to researchers using LLMs: we might want to reweight aggregates
according to differential model performance and use disagreement on items when including them in
downstream analysis.

To do this, we propose a modification to the Dawid-Skene model that estimates the correlation
structure between LLM annotators directly from the observed votes. The method requires no gold
standard labels and no external benchmark. It takes as input the same vote matrix used by majority
vote, and returns classification probabilities, confidence intervals, and flags for follow-up that account
for both annotator accuracy and annotator dependence.

To motivate that modification, we first clarify in some detail the difference between ensembles
of humans and ensembles of LLMs, and why the lessons from the former do not generally carry
through to the latter. This requires that we explicate the nature of LLM dependence and how it
affects aggregations. From here, we explain under what circumstances a Dawid-Skene style approach
could work, albeit we do not think they are met in practice for most use cases. Second, we report
estimators that do allow us to recover correlation structure and accuracies for LLMs in a Dawid-Skene

2The Condorcet result where each worker has a better than chance probability of making a correct decision
deals with a special case here.
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Figure 2: Structure of the paper. Any one of three identification assumptions (left) is sufficient
to identify the correlated Dawid-Skene model. The model returns three numerical outputs: point
estimates of the class probabilities, per-rater biases, and item flags. A sparse autoencoder maps these
outputs to features of the document text, producing interpretable classification decisions, explanations
of LLM biases, and reasons why items were flagged for analyst follow-up.

arrangement with correlation terms. These are not trivial to identify, specifically in the case without a
gold standard.

These allow for helpful quantities to be estimated that are valuable in applied research settings.
Specifically, we obtain class label probabilities and uncertainty estimates that account for estimated
dependence between LLMs, as well as their relative accuracies. This allows for sensible and
systematic inclusion of ensemble-produced annotations in downstream estimates.

This provides two things that majority vote does not. First, classification probabilities that reflect
which LLMs voted for which label, how accurate each LLM is estimated to be, and how correlated
they are with one another: a 3–2 vote from five correlated LLMs is treated as weaker evidence than a
3–2 vote from five independent annotators. Second, confidence intervals that widen when annotator
dependence is high, rather than assuming each vote is an independent signal.

By studying the bias of the estimator formally and via simulation, we show that the approach is an
improvement over majority vote when LLMs are only approximately correct. This is because for our
method to fail, it is necessary that the average prediction is uncertain, LLMs are inaccurate, and are
highly correlated. If any of these conditions does not obtain, the bias is small in practice.

Proofs of all results appear in Appendix A.

2 Problem Setup: LLM aggregation as an identification problem

Suppose we observe the annotations of K LLMs on N items. We observe a vector of LLM annotations
yij , which is the proposed label of the jth LLM for the ith item. Each item has a true but unobserved
label ci associated with it. We collect the votes in a vector y and the true class labels in the vector c.

When aggregating LLMs, we observe a statistic of the votes, T (y), and our question is, when is it the
case that T (y) is a consistent and unbiased estimator of c?

In the simplest case, we can take T (y) =
(∑K

j=1
1
K I{yij = 1}

)N

i=1
, that is, the simple average of

the votes for each item. The question then becomes, under what assumptions is a simple average of
the votes a valid estimator of the ground truth labels c?

This is an identification problem, in the sense that we want to know, when does our observed statistic
converge to the correct unknown quantity c? Identification is a core problem in causal inference: we
want to know when we can use observed data to draw unbiased and consistent estimates of treatment
effects, and we do so in an environment in which ground truth labels are only partially observed.

We study three cases in which ground truth labels are identified from observed data. These cases
highlight that the analyst must make assumptions when using LLMs to annotate data or make
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predictions; and that the analyst must choose and defend a specific assumption in order to justify
valid inference using an ensemble of LLMs.

These assumptions are non-overlapping, and the analyst must choose at least one.

2.1 Access to ground truth labels

The first assumption is that the analyst has access to ground truth labels. Here, the analyst supposes,
simply, that ground truth labels are observed, or partially observed. From this, a proxy ĉi, for i ≤ N ,
can be formed, and this can be used as plug-in estimate for downstream analysis. This is the approach
used in [6, 8, 3].

It is analogous to running a randomized experiment, in which potential outcomes under treatment
and control are partially observed.

Assumption 1 (Ground truth labels). For a subset S ⊆ {1, . . . , I}, the true labels ci are observed.
The subset is selected independently of the true labels and the votes.

Under this assumption, the analyst can simply observe ĉ = c for some subset of the labels, and plug
this in to downstream inference, as we describe in more detail in Section 3.

2.2 Assumptions on the LLMs themselves

The second assumption is that the LLMs are, themselves, collectively good enough at the task that
they have been set. We make this precise in two ways.

Assumption 2 (Reliable raters). One of the following holds.

(a) Oracle. The leave-one-out majority vote equals the true label for every item: ĉi,−j = ci for all i
and j.

(b) Conditional independence.

(i) The votes are conditionally independent given the true label: yij ⊥⊥ yij′ | ci for all j ̸= j′.

(ii) For every rater j, the average accuracy of the other raters exceeds chance:

1

K − 1

∑
k ̸=j

αk > 1
2 and

1

K − 1

∑
k ̸=j

γk > 1
2 .

Conditional Independence First, if the LLMs are, in fact, conditionally independent, and are more
than accurate by chance, then we can use Condorcet’s jury theorem to show that then aggregating
LLM decisions is innocuous. Let αj be the accuracy of LLM j, that is, the probability that its label is
correct for a given item. Then, if αj > 1/2, we have:

P (Majority{yj} ̸= 1 | ci = 1) =

(K−1)/2∑
m=0

(
K

m

)
αm(1− α)K−m

= P

 1

K

K∑
j=1

yj ≤ 1
2


≤ exp

(
−2K

(
α− 1

2

)2)
[By Hoeffding’s inequality]

↘ 0 as K → ∞.

This is the motivation for the Dawid-Skene model of annotation [5], in which the errors of condition-
ally independent annotators are washed out by recruiting larger numbers of annotators.

In general, however, this assumption is difficult to believe for LLMs, because LLMs are trained on
overlapping training data. It is also impossible for a third-party analyst to know exactly what data the
LLM is trained on, meaning the dependence of LLMs is a necessary assumption.

4



Reliable Raters In place of assuming that the LLMs are independent, it is possible instead that
they are dependent because their votes are caused by the ground truth labels. Formally, in the binary
case, we require that every leave-one-out-majority vote of the LLMs is correct, and in the ordinal
case, we require that the leave-one-out-median vote of the LLMs is correct.

This can appear to be a strong assumption. But there are two points to note. First, LLMs may well be
reliable raters for tasks that are repeatable and in-distribution. Tasks that are well-specified and do not
require specific factual information that is unlikely to be found in the training data are tasks in which
the assumptions may hold. In the empirical section below, we study the manifesto classification task
of Benoit et al. [1], for which LLMs have approximately 90% agreement with expert labels out of the
box – in a situation where expert labels themselves only have 90% agreement with each other. So the
fact that LLM performance is indistinguishable from expert label performance on average suggests
that LLMs are reasonably good at the task.

Second, in practice, the bias from treating LLMs as though they are reliable may be small. The bias
is large when three conditions hold simultaneously: i) when LLMs are correlated even conditional
on the ground truth votes ii) when there is high disagreement about the class label for a given item
and iii) when LLMs are inaccurate. We describe this result formally in Appendix A.3. This can be
understood as analogous to a sensitivity analysis argument in causal inference [4]. Note, however,
that the analyst cannot actually observe conditions i) and iii) without further assumptions. In the
next section we provide model-based methods for estimating the conditional correlation and LLM
accuracies. But it is circular to use these estimates to argue that the bias from treating LLMs as though
they are reliable is small: this is something that must be believed ex ante, and the consequences of
being wrong about LLM reliability can be simulated ex post, but not measured per se.

2.3 Access to a valid model of the items

The third possible identification approach is that the analyst has a valid model of the items. The idea
here is that the analyst can generate indicators of the ground truth based on the document contents
themselves. This requires positing a relationship between the semantic content of documents, and the
classification decisions. This can be done using either a coarse analyst-driven scoring model, or an
unsupervised learning method.

While an LLM presumably makes classification decision on the document contents, because it is a
black-box classifier, we cannot be entirely sure why it made the classification decisions that it did.
The idea here is to cross-check LLM decisions against a coarse but analyst-implemented model of
classification decisions. When the analyst model is good, this is a source of identifying information
we can leverage.

Feature extraction for the item model First, we need to be able to extract item-level covariates
(xi) from the documents to be annotated. These can be thought of as conceptual features or semantic
properties of the documents themselves. For instance, if we are classifying manifestos as left-wing
or right-wing on the economic dimension, we might think of this as indicators of the type “refers to
public ownership” or “refers to worker’s rights”.

In order to extract features, we suppose that the user specifies a feature-extraction procedure, or
‘recipe’, that generates features xi from a document Di. We write R(Di) for the output of the feature
extraction recipe.

In practice, there are several recipes a researcher could use. The simplest would be a user-specified
dictionary, with regex and string-matching. A researcher could also use an LLM to extract features
from documents.

This requires an assumption that the LLM-extracted features do not inherit the same dependence
issues they have in the classification case. A subtle point is that using LLMs for feature extraction may
well be more robust than using LLMs for interpretation decisions. In general, the more well-specified
the task given to the LLM, the smaller the possibility of ‘agency loss’.

The required assumption is that the features carry no information about the votes beyond the true
label. We can decompose this claim into two claims. First, the LLM must execute the recipe correctly.
The concepts the recipe targets must themselves be unrelated to LLM biases.
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Assumption 3 (Mechanical feature extraction).

xi ⊥⊥ (Di, yi) | R(Di),

where yi = (yi1, . . . , yiK) is the vector of votes on item i.

The extractor implements the recipe. Its output depends on the document through the recipe alone,
and its errors are independent of the errors of the LLMs.

The first component is not very onerous in practice, for the reason that it is easy to force an LLM to
implement a deterministic and unambiguous recipe. Suppose the recipe is fully specified, such as
“extract all noun phrases from the document”. Then, there is much less scope for LLM ‘discretion’
in selecting items – we are essentially using the LLM as a natural language interface to regex. As a
result, we care about LLM dependence inducing erroneous results on the subtask of feature extraction
with a fully-specified recipe, rather than on the more complex task of document classification. It is
also much easier to check whether the LLM completed its feature extraction decisions correctly or
not: the correct output of the recipe is checkable by reading the document, so failures of execution
can be detected by inspection.

The second assumption is the requirement that the recipe not extract terms that are related to LLM
biases, but not to the ground truth labels.
Assumption 4 (Semantic exclusion restriction).

R(Di) ⊥⊥ yi | ci.

The second component is more demanding, and it is distinct from the method by which features were
extracted. In practice, it means that the item model must be constructively built up by the researcher
to include concepts that they know are relevant to the classification task, but not a cause of LLM
biases. For instance, if using Chinese-origin LLMs to classify documents that refer to China, it would
not be possible to use features that refer to Taiwan. Hence, it is up to the researcher to provide a
working model of ground truth labels. This is essentially a coarse, lower-dimensional approximation
of the conceptual material that explains the classification decision, and is the part of the process
where substantive knowledge can be used as an input into the decision-making.

The true label is a property of the document, so ci is a function of Di. Together, these assumptions
entail the conditional independence of the features from the votes given the true label:
Lemma 1 (Validity of extracted features). Under Assumptions 3 and 4,

xi ⊥⊥ yi | ci.

The proof is stated in Appendix A.1.

Using an item model to estimate ground truth labels The item model is an estimate of the
probability of the label given the features. Write

e(x) = P (ci = 1 | xi = x).

The item model is an estimate ê of this function, and the score for item i is ê(xi).3

Under the hypothesis that features are semantically related to the classification decision, features
should occur at different rates in documents that belong to different classes.

So, for instance, this analysis requires that a left-wing manifesto will refer to public ownership and
worker’s rights at a different rate to right-wing manifestos. In general, specifying terms that increase
the contrast between items is helpful.

Appendix B describes a two-class mixture model that can be used to fit the score. We state the
requirement on the fitted score as an assumption.
Assumption 5 (Item-model consistency). The fitted score takes values in [0, 1], and its average error
converges to zero:

1

I

I∑
i=1

∣∣ê(xi)− e(xi)
∣∣ p−→ 0 as I → ∞.

3Note the direct analogy with propensity score modeling in causal inference [19].
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The mean of the score equals the prevalence, π = P (ci = 1). Because e(xi) = P (ci = 1 | xi) by
definition, the law of iterated expectations gives E[e(xi)] = π.

The score varies across items when the features are informative about the class.
Assumption 6 (Relevance). Var(e(xi)) > 0.

Assumption 6 holds when the features occur at different rates in the two classes. It fails when the
features occur at the same rate in both, in which case e(xi) equals the prevalence π at every item.
This is a fairly minimal requirement on features.

The item model orders items by their probability of belonging to the positive class. Section 3.2
uses this ordering to identify the accuracies of the LLMs, from the rate at which each LLM’s votes
increase with the score.4

In general, the quality of the item model is determined by the quality of the features and the model,
both of which are chosen by the analyst.

Fitting the item model Given a consistent score ê(x), we can use the fact that the votes are linear
in the score to derive the accuracies. Hence, the second step is to regress the votes on the score, and
derive LLM accuracies from this. This is described in Appendix A.2.

3 The Correlated Dawid–Skene Model

The above arguments describe assumptions under which ground truth labels are recoverable. We are
now interested in describing statistical machinery that allows one to get quantities of interest from
aggregations of LLMs. These are quantities that are directly of interest, and which are useful for
downstream analysis, where they may be plugged into causal inference analyses [14]. Second, these
estimates take into account estimated dependence between raters. In general, simple averages or
majority votes of LLMs may overstate our certainty in a given conclusion, because they do not take
into account how correlated LLMs are. These quantities yield uncertainty estimates, which is vitally
important for inference – we want labels, but we also want confidence intervals that can be used in
downstream analysis, based on both which LLM voted for which decision, and information we have
about how correlated the LLMs are. We also get diagnostic information.

We extend the Dawid-Skene model in a way that is compatible with aggregations of LLMs, as
opposed to aggregations of independent human raters. First, we describe the original model in words.
The general problem is one of noisy, imperfect raters placing items in bins. For now, we can assume
those are binary choices: in the political science context, this might be crowdworkers (or experts)
placing manifesto sentences in either the “liberal" or “conservative" category. As with real human
workers, the raters are not homogenous: some are better than others, and thus are more likely to
recover the truth on average. In principle, for any given item, the researcher could take, say, a vote
across the decisions by each rater and treat that as the overall classification. But this ignores the
heterogeneity noted above, and treats high quality workers as having the same weight as low quality
ones.

The key modification in our proposal is that the Dawid-Skene model assumes that raters are con-
ditionally independent, conditioning on the true label ci. That is, for some given item which is in
fact “liberal" (or “conservative"), knowing one rater’s decision does not help one predict another
rater’s decision. They may well agree (or disagree), but the true label is assumed to be the only
common determinant of their actions. This, for example, rules out cases where one rater learns
directly from another, or where both learn from some third source of information outside the problem.
We do not make this assumption: we instead modify this model to consider cases where raters have a
dependence structure that can be estimated from the data.

Accuracy parameters play a key role in the Dawid-Skene framework, and the approach in this paper
is to identify the accuracy parameters using our estimates of ground truth labels. Given the estimate
of ground truth labels, we can then estimate the accuracies of each of the LLM raters. Then, once
we know how accurate each LLM is, we can estimate what part of the LLMs’ voting decisions
are explained by how accurate they are, and what part is explained by common dependence. In

4A score defined by hand, such as a normalized count of left-coded features, orders items without placing
them on the probability scale. Section 3.2 requires the score to be the conditional probability e(xi).
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other words, grounding the decision-making process in estimated ground truth labels allows us to
decompose agreement into ‘agreement caused by the ground truth label’ and ‘erroneous agreement
caused by common training data’. In the second case, we can understand this as a type of hallucination
[2].

3.1 Dawid-Skene with Estimated Correlation Matrix

We observe I items each labelled by K binary annotators, producing a vote matrix Y ∈ {0, 1}I×K .
Each item has an unobserved true label drawn independently with a common base rate:

ci ∼ Bernoulli(π), i = 1, . . . , I.

Each annotator j has a sensitivity αj = P (yj = 1 | c = 1), the probability of correctly labelling
a positive item, and a specificity γj = P (yj = 0 | c = 0), the probability of correctly labelling a
negative item.

We model the dependence between annotations using a multivariate probit. For each item i, draw a
vector of latent utilities:

zi | ci = d ∼ N (µd, R), yij = 1[zij > 0].

Each annotator’s binary vote is determined by whether their latent utility exceeds zero. The mean
vectors are determined by the accuracy parameters:

µ1,j = Φ−1(αj), µ0,j = Φ−1(1− γj),

where Φ−1 is the standard normal quantile function.

Our contribution is to allow annotators to be correlated in their errors. We suppose that annotators
have correlation matrix R:

R =


1 ρ12 · · · ρ1K
ρ12 1 · · · ρ2K

...
...

. . .
...

ρ1K ρ2K · · · 1

 ,

where each ρjj′ ∈ (−1, 1) is a free parameter.

An important point is that each ρjj′ represents the conditional correlation of the latent utilities
Corr(zj , zj′ |c). That is, the correlation between the annotations of raters j and j′ after correlation
that is due to agreement on correct annotations has been taken into account. This is illustrated in
Figure 1.

The latent utilities zi are not observed. We observe only the votes yi. To obtain the probability of an
observed vote pattern yi given the true label, we integrate the multivariate normal density over the
region of zi consistent with yi:

P (yi | ci = d,α,γ, R) = P (z1 ∈ A1, z2 ∈ A2, . . . , zK ∈ AK)

=

∫
A1

∫
A2

· · ·
∫
AK

ϕK(z; µd, R) dz1 dz2 · · · dzK

where P (z1 ∈ A1, z2 ∈ A2, . . . , zK ∈ AK) is the joint probability that each annotator’s latent
utility has the sign prescribed by their vote, ϕK(z; µd, R) is the K-dimensional normal density with
mean µd and correlation matrix R, where Aj > 0 if yij = 1, and Aj < 0 otherwise.

Note that, unlike in Dawid-Skene, the joint probability does not factorize, because we do not have
conditional independence of raters. Specifically

P (z1 ∈ A1, z2 ∈ A2, . . . , zK ∈ AK) ̸=
K∏
j=1

P (yij | ci = d) =

K∏
j=1

α
yij

j (1− αj)
1−yij

The right-hand side is the likelihood under conditional independence, in which the votes factorize
given the label. Our model does not impose this factorization.

Summing over the unobserved true labels gives the marginal probability of a vote pattern:

P (yi | π, α, γ,R) = π · P (yi | ci = 1, α,R) + (1− π) · P (yi | ci = 0, γ, R). (1)
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And, given the model parameters, the classification of each item follows from an application of Bayes’
Rule:

P (ci = 1 | yi, αj , γj , R) =
π · P (yi | c = 1, α, R)

π · P (yi | c = 1, α, R) + (1− π) · P (yi | c = 0, γ, R)

In other words, the probability of a label depends on which LLMs vote for it (yi), how accurate those
LLMs are (α,γ), and how correlated those LLMs are (R). We describe the correlated Dawid-Skene
model for the binary case. We generalize it to ordinal data in Appendix C, which is the form used in
the application in Section 5.

3.2 Estimating parameters

Accuracy terms In the above setting, we have three parameters we need to consistently estimate:
α, γ, and R. We only have access to the observed votes Y , and do not observe the true labels ci.

The sensitivity of annotator j is the conditional expectation:

αj = E[yij | ci = 1].

By the definition of conditional expectation, this can be written as a ratio of unconditional expecta-
tions:

αj =
E[ci · yij ]
E[ci]

.

If we observed ci, we could estimate this directly by its sample analogue:

α̂j =

∑I
i=1 ci · yij∑I

i=1 ci
.

This is a weighted average of annotator j’s votes, where the weights are the true labels. One approach
is to substitute a proxy ĉi:

α̂j =

∑I
i=1 ĉi · yij∑I

i=1 ĉi
.

Likewise, for the specificity:

γ̂j =

∑I
i=1(1− ĉi)(1− yij)∑I

i=1(1− ĉi)
.

Under the ground-truth path, we can get ci directly from a labelled subset, and use this as a plug-
in estimate in the above. If we are willing to trust the LLMs, or believe they are conditionally
independent, we can construct a proxy via Leave-One-Out Majority Vote.

Estimating accuracies under the reliable raters assumption If we make assumptions on the
LLMs themselves, we can use an aggregation of votes as a plug-in estimate of ĉ. A natural first
attempt is the majority vote: set ĉi = 1 when more than half the LLMs vote 1, and ĉi = 0 otherwise.
The problem is that this proxy includes LLM j’s own vote. When estimating αj , the numerator∑

i ĉi · yij counts every item where LLM j voted 1 and the majority agreed. Because LLM j is part
of the majority, its vote pushes the majority toward agreement with itself. The result is a mechanical
upward bias in α̂j : the estimator credits LLM j for agreement it helped create.

The fix is to exclude LLM j when forming the proxy for LLM j. Define the leave-one-out majority
vote:

ĉi,−j = I

 1

K − 1

∑
k ̸=j

yik > 0.5

 .

This is the majority vote of the other K − 1 LLMs. It does not include yij , so the proxy and the vote
being evaluated are functions of different raters. The proxy ĉi,−j depends on j: each LLM gets its
own proxy, formed from the votes of the others.
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Estimating accuracy terms under the item model The item model of Section 2.3 supplies a score
ê(xi), the conditional probability of class one given the features. We can estimate the accuracies of
each LLM by regressing the votes on the fitted score, so that we have y ∼ ê(x).

By Lemma 1 and the law of total expectation, the conditional mean of a vote given the features is
linear in the score:

E[yij | xi] = (1− γj) + (αj + γj − 1) e(xi).

The intercept is 1− γj and the slope is αj + γj − 1. Regressing LLM j’s votes on the score gives us:

γ̂j = 1− ̂intercept, α̂j = ̂intercept + ŝlope.

Lemma 2 gives the derivation.

The prevalence The base rate π = P (ci = 1) is estimated differently depending on the path.
Under the ground-truth path, π̂ is the sample mean of the observed labels. Under the reliable-rater
path, π̂ is the fraction of items for which the full majority vote is positive:

π̂ =
1

I

I∑
i=1

I

 1

K

K∑
j=1

yij > 0.5

 .

Under the item-model path, π̂ is the mean of the fitted score: π̂ = 1
I

∑I
i=1 ê(xi).

Correlation Terms Once we have estimates of the accuracies and the prevalence, we are then able
to estimate the correlation matrix R.

Define the pairwise agreement rate:

Sjj′ =
1

I

I∑
i=1

yij · yij′

Sjj′ is a sample quantity consistent for P (yij = 1 ∩ yij′ = 1).

From Equation (1) above, we know that:

P (yi | π,α,γ, R) = π · P (yi | ci = 1,α, R) + (1− π) · P (yi | ci = 0,γ, R)

So that, applying this to the event {yij = 1 ∩ yij′ = 1}, which involves only annotators j and j′:

P (yij = 1 ∩ yij′ = 1) = π · Φ2(µ1,j , µ1,j′ ; ρjj′) + (1− π) · Φ2(µ0,j , µ0,j′ ; ρjj′) (2)

Where Φ2(a, b; ρ) is the bivariate normal CDF. Now, from Section 3.2 above, we have plug-in
estimators for α and γ, so we can set:

µ̂1,j = Φ−1(α̂j) µ̂0,j = Φ−1(1− γ̂j)

We can plug these, and the sample estimate of P (yij = 1 ∩ yij′ = 1), in to Equation (2) to get:

Ŝjj′ = π̂ · Φ2(µ̂1,j , µ̂1,j′ ; ρjj′) + (1− π̂) · Φ2(µ̂0,j , µ̂0,j′ ; ρjj′)

This is an equation with one unknown: ρjj′ . Write the right-hand side as the function hjj′(ρjj′).
This has an inverse because it is continuous and strictly increasing in ρ. This allows us to solve for:

ρ̂jj′ = h−1
jj′(Ŝjj′)

This is computed numerically by bisection on ρ ∈ (−1, 1) (see Appendix D).

This gives us the correlation matrix R̂, which converges to the true R under the conditions of
Theorem 1. We require K < I so that R̂ is nonsingular. In practice, we also want I large enough so
that the finite-sample error of each ρ̂jj′ is small.

In our code, we implement two additional options for the finite-sample case. First, if R̂ is in not
positive semi-definite, it is projected to the nearest correlation matrix, and the user is warned. Second,
we allow for R̂ to be shrunk towards the identity matrix in cases where I is small, and estimation of
the entries ρjj′ is noisy. This does involve a bias-variance trade-off, as it reduces the variance of the
estimated entries, at the cost of a bias towards independence. It is recommended, however, to apply
the method in cases where I is large enough for R̂ to be estimated precisely without shrinkage.
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3.3 Model outputs: Point estimates, confidence intervals, and flags for follow-up

We now have what we need to be able to calculate useful statistics. Given the estimated parameters π̂,
α̂, γ̂, and R̂, we can compute the conditional probability of the label, given the parameters; define a
statistical procedure to flag items for analyst review and follow-up; generate confidence intervals, and
estimate LLM biases on individual items.

Item classifications. The probability that item i has true label 1, given its observed vote pattern
and the estimated parameters, is:

P̂ (ci = 1 | yi, π̂, α̂, γ̂, R̂) =
π̂ · P (yi | ci = 1, α̂, R̂)

π̂ · P (yi | ci = 1, α̂, R̂) + (1− π̂) · P (yi | ci = 0, γ̂, R̂)

This is the conditional probability formula from (1), evaluated at the estimated parameters. The point
estimate for item i’s label is:

L̂abel(yi) = I
[
P̂ (ci = 1 | yi, π̂, α̂, γ̂, R̂) > 0.5

]
This classification incorporates annotator accuracy and dependence. When two annotators with high
estimated correlation ρ̂jj′ both vote 1, their agreement contributes less evidence for ci = 1 than when
two independent annotators agree, because part of their agreement is explained by correlation rather
than by the true label.

LLM biases Since we have votes and estimated ground truth classification probabilities, it is
straightforward to calculate a vector of residuals for each model:

B̂iasj = yj − P̂ (c | yi, π̂, α̂, γ̂, R̂)

This is useful both if we are interested in the performance of a particular LLM or LLM model family
on a given classification task, and if we are interested in assessing particular LLMs for item-level
biases on particular items. We discuss this last point further in Section 4.

Flags for follow-up. The classification probability itself measures how ambiguous item i is given
the votes: values near 0.5 indicate the votes are inconclusive. We flag items for follow-up when its
standard deviation exceeds a user-specified threshold, parameterized by τ . Write:

σ̂i = sd
(
P̂ (ci = · | yi)

)
.

Then, we flag items whose classification standard deviation exceeds the threshold:

F̂lag(yi) = I{σ̂i > τ}.
Flagged items can be sent either for manual follow-up, or automated review by LLMs. Note that the
classification uncertainty holds the parameter values fixed at their estimated value. That is, it reflects
uncertainty that takes the model’s estimates of the rater dependencies and accuracies as a given. It
does not reflect the estimation uncertainty in the parameters.

Confidence intervals. To quantify how sensitive this classification is to parameter uncertainty, we
use the nonparametric bootstrap. For each replicate b = 1, . . . , B: resample I items with replacement,
re-run the full estimation pipeline, and recompute each item’s classification probability at the new
parameter estimates (π̂(b), α̂(b), γ̂(b), R̂(b)). The 95% confidence interval for item i’s classification
is:

CI0.95(i) =
[
Q0.025

(
P (b)(ci = 1 | yi, π̂

(b), α̂(b), γ̂(b), R̂(b))
)
,

Q0.975

(
P (b)(ci = 1 | yi, π̂

(b), α̂(b), γ̂(b), R̂(b))
) ]

where Qp(·) denotes the pth quantile across bootstrap replicates. The interval width measures
sensitivity of the label to the estimated parameters. An item can have a narrow interval and a large
σ̂i, when the parameters are well estimated but the votes are split, and these are the items the flag is
designed to catch.
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3.4 Identification of the Correlated Dawid-Skene Model

Theorem 1 (Identification, informal statement). Suppose any one of the following holds:

(i) Assumption 1: ground truth labels are observed on a subset.

(ii) Assumption 2: the raters are reliable (either per se or via conditional independence).

(iii) Assumptions 3, 4, 5, 6: feature extraction is mechanical, the recipe satisfies semantic
exclusion, the fitted score is consistent, and the score varies across items.

Then as I → ∞:
α̂j

p−→ αj , γ̂j
p−→ γj , ρ̂jj′

p−→ ρjj′

for every j and every pair j ̸= j′. Under conditional independence (Assumption 2(b)), the limits hold
as K → ∞ in addition: with K fixed, the estimators have a bias that converges to zero as K grows.
The classification probabilities, flags, and LLM biases converge to their population counterparts.

The proof, which is given in Appendix A.4 together with a formal statement of the theorem, has two
steps. The first step is path-specific: each assumption identifies the accuracies (αj , γj)

K
j=1 by one

of the identification arguments above. Then, given the identified accuracies, we can find a unique
solution for each pairwise correlation term ρjj′ . Collecting these together gives us the estimated
correlation matrix R̂, which we can plug into the multivariate probit model described above.

When the leave-one-out majority vote is wrong on some items, the accuracy estimators under
Assumption 2 are biased. Proposition 1 in Appendix A.3 gives the exact form of this bias. The bias
of α̂j depends on two quantities: the false positive rate of the leave-one-out majority vote, and the
covariance between that vote and the vote of LLM j within each class. The covariance is zero when
the LLMs are conditionally independent. The bias is a concern when the LLMs are correlated, their
accuracy is low, and the leave-one-out majority vote is wrong on many items. Corollary 1 bounds the
bias in terms of the error rate of the leave-one-out majority vote.

4 Post-Hoc Interpretability via Sparse Autoencoders

The previous section produces numerical outputs that are useful for statistical analysis, and for
downstream inference as part of a larger task. But in practice, we are interested both in qualitative
answers to substantive questions, and in understanding why models made the decisions they made.

Here, we use sparse autoencoders (SAEs) to interpret the outputs from the previous section. We adapt
the HypotheSAEs method of Movva et al. [15]. We differ in that we use SAEs to interpret the outputs
of the model in the previous stage, which gives us both interpretable answers to substantive questions,
and model diagnostics, that are grounded in the contents of the original documents.

The procedure answers a question of the form: which concepts in the documents predict a given
output of the model? It works in three steps. First, it learns a dictionary of concepts from the
text, where each concept is a pattern that recurs across sentences, such as references to taxation
or to national sovereignty. Second, it asks which of these concepts predict the output of interest,
whether that is the classification of an item, the flag on an item, or the deviation of one rater from
the others. It keeps the few concepts that predict the output and discards the rest. Third, it describes
each surviving concept by collecting the sentences that express it most strongly from the documents,
and, additionally, asking an LLM to state what they have in common. The model provides both the
sampled sentences and the LLM annotations as outputs. This step is descriptive, not causal: it is
intended to aid the user in understanding output and to automate the process of drawing qualitative
conclusions from data, as well as in diagnosing the performance of the annotation process.

A sparse autoencoder is a pair of linear functions, an encoder and a decoder, combined with a sparsity
constraint that is intended to preserve a small number of interpretable features.

The encoder maps an embedding to a wide hidden layer and keeps its k largest entries, so each
embedding is represented by k active units. The decoder maps the hidden layer back to the embedding
space and reconstructs the embedding from those k units. The goal is a representation of each
embedding in terms of a few units drawn from a fixed set shared across the corpus.
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Training adjusts both maps to minimize the squared distance between each embedding and its
reconstruction. The sparsity constraint forces the model to reconstruct each embedding from a few
units, so a unit earns its place only if it captures variation shared across many embeddings. A unit that
fires for one embedding alone does not reduce the total error enough to survive. Each unit therefore
corresponds to a pattern that recurs in the corpus, and we treat these units as semantic features.

We train the autoencoder on sentence embeddings rather than document embeddings. A document
contains a large amount of semantic content, and a single embedding of it averages that content. A
sentence contains less, so a feature trained on sentence embeddings corresponds to a narrower piece
of semantic content.

To connect features to a model output, we pool each feature’s sentence activations to the document,
regress the output on the pooled activations with an L1 penalty, and keep the features with non-zero
coefficients. These are the features that most strongly explain the output.

We then label each kept feature by its content. We collect the sentences that activate it most and
least, pass these to an LLM, and record the concept the LLM reports as separating the two sets. The
researcher also reads the sampled sentences directly, and so sees which content activated the feature
rather than relying on the label alone.

As an example, in the manifesto case study below, the sentence ‘Tougher criminal sentencing and
penalties’ is an LLM-generated label that describes the feature that predicts that annotators assign a
high probability that a given manifesto is conservative on social policy, and “Att kriminella handlingar
får konsekvenser. [Criminal acts have consequences.]" is a sentence sampled from the 2010 manifesto
of Swedish Christian Democrats that exemplifies the concept.

4.1 SAE Setup

Recall that we have a corpus of documents {Di}Ii=1. We split each document into sentences and
write Di = {si1, . . . , sini

} for its ni sentences. A pretrained embedding model Emb maps each
sentence to a vector:

vig = Emb(sig) ∈ Rd

This gives us a matrix V of sentence embeddings, with one row per sentence. Next, we train a
k-sparse autoencoder [13] on the embeddings V . The autoencoder encodes each embedding vig as a
sparse vector of feature activations wig ∈ Rm, then decodes wig back to the embedding space:

wig = ReLU
(
TopKk

(
Wenc(vig − b)

))
,

v̂ig = Wdec wig + b,

where Wenc ∈ Rm×d, Wdec ∈ Rd×m, and m > d. The operator TopKk sets all but the k largest
entries to zero, so wig has at most k non-zero entries. The parameters are fit by minimizing the
reconstruction error

∑
i,g∥vig − v̂ig∥22 by stochastic gradient descent. The TopK selection is held

fixed within each gradient step, so on each sentence the gradient updates only the features that are
active for it. Here m is the number of features the autoencoder can represent across the corpus, and k
is the number that can be active in any one sentence.

The quantities of interest are defined at the level of the document, so we pool the sentence activations
to the document. For feature f and document i, take the activations of that feature across the
document’s sentences, keep the κ largest, and average them:

Aif =
1

κ

∑
g∈top-κ(i,f)

wigf ,

where top-κ(i, f) indexes the κ sentences of document i with the largest activation of feature f . This
gives a document-level activation matrix A ∈ RI×m, with row i the pooled activations for document
i and column f the activation of feature f across the corpus.

Then, we find the features that predict a quantity of interest. Let ti be a quantity associated with
document i, collected into the vector t ∈ RI . We fit an L1-penalized regression of t on the activation
matrix:

β̂ = argmin
β

1

I

∥∥t−Aβ
∥∥2
2
+ λ∥β∥1,
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and set the penalty λ by binary search, so that a chosen number of coefficients are non-zero. The
features with non-zero coefficients are the features that predict the quantity.

Finally, each selected feature is described by sentences sampled from the documents themselves. We
rank the sentences by their activation of the feature, conditional on the activation being nonzero. The
procedure then samples sentences from the high and low ends of that ranking, and prompts an LLM to
state the concept that is present in the high-activation sentences and absent in the low-activation ones.
We report this concept label together with the highest-activation sentences, so the analyst observes
‘primary source material’ sampled from the documents, in addition to the LLM-generated label.

4.2 Applying the SAE to outputs of the Correlated Dawid-Skene Model

The previous section describes an approach applied generically to any output. But we specifically
use SAEs to provide interpretable summaries of the output of the Correlated Dawid-Skene model.
We run the feature-selection regression once for each of the three quantities below, and report the
features it selects. Each regression is a Lasso of the target on the feature activations, with the penalty
set so that a small number of features are selected.

• Classification probability P̂ (ci = 1 | yi, α̂, γ̂, R̂). Regressing this classification proba-
bility on the features explains which document features were relevant to the probability of
being assigned the positive class. In the manifesto case they are the content that separates
left from right, so the regression states, in terms of the documents, which manifesto contents
were relevant to describing a document as left-wing on a particular issue.

• Rater deviation B̂iasij = yij − ĉi. Regressing rater j’s deviation on the features recovers
the content to which rater j responds beyond the consensus. If a given LLM is biased on
specific content, this provides the user with diagnostic information that this may be the case.

• Flag F̂lagi = I{σ̂i > τ}. Regressing the flag on the features recovers the items on which the
LLMs disagree, and the model assigns high uncertainty. The selected features are those that
recur in the items with high classification standard deviation. This tells us which document
features are hard for the annotators collectively to explain.

The bias regression connects to the item model of Section 2.3. A feature that predicts rater j’s
deviation from the consensus is a candidate for a feature that violates the semantic exclusion restriction
for rater j: it is associated with how rater j votes, beyond the truth as proxied by the consensus. The
regression detects features to which raters respond differently from one another. It does not detect
features to which all raters respond in the same way, because a common response is absorbed into the
consensus ĉi. The layer can therefore falsify the semantic exclusion restriction for a specific rater, by
showing that a given feature that predicts that rater’s deviation.

Note that the ex post interpretation layer is not a causal inference layer: it is intended to produce
qualitative, descriptive output to provide diagnostics for the model. The idea here is to associate the
outputs of the previous layer with semantic information from the documents themselves. This gives
us decisions that are associated with contrasts between positive and negative examples, and helps us
to understand why a particular decision was made.

5 Empirical Demonstration

In this section, we assess the empirical performance of the method via simulation, and apply the
method to the manifesto classification exercise described in [1].

First, via simulation, we highlight the case in which this method will improve the accuracy of the
resulting point estimates: namely, when LLMs are correlated, and a simple average is overconfident
about the number of independent sources of information provided by the LLM raters. We then show
that this matters for uncertainty quantification: generating confidence intervals under the assumption
that the individual raters are independent is anticonservative, leads to coverage below the desired
level, and to confidence intervals that are narrow relative to the truth.

Second, we apply our method to the problem of classifying the ideological position of a set of
manifestos collected by the Manifesto Project. We highlight how our method provides point estimates,

14



confidence intervals, estimated correlation matrices, and flags for user and automated follow-up to
the user.

We then highlight the utility of the sparse autoecoder layer. We show that the SAE layer provides
interpretable explanations of specific semantic content that explain why a given classification decision
was made. The LLM labels map clearly onto specific issue dimensions that are recognizable to
political scientists, and the example quotes are both relevant to the identified issue dimensions, and
are sourced from parties from party families that plausibly have the relevant ideological stance on
that issue.

We also detect biases in LLMs. Examining the estimated correlation matrix on the social dimension
highlights that Deepseek models are least correlated with the decisions of other LLM models. Our
qualitative results show that this disagreement in especially pronounced in the classification of
nationalist and authoritarian content.

Finally, we highlight specific manifestos that are difficult to classify. These include two Greek parties
from 2019, the far-right Golden Dawn, and Yanis Varoufakis’s MeRa25 party, which was formed
primarily in opposition to the terms of the Greek bailout, the Icelandic Liberal party in 2003, whose
main issue was EU fisheries policy, and the Sweden’s Left party in 2006, amid an internal split of the
party into two nationwide organizations.

5.1 Simulation study: Aggregation of Correlated Raters

We run three simulations.

The first studies the case where we have 8 LLMs that are all reliable. In this setup, the 8 LLMs are
equicorrelated with ρ = .3. Here, we can essentially trust the LLMs to make correct classification
decisions. In this situation, majority vote is a good enough proxy for the vote. Here, there is a small
gain to be had by adjusting for the accuracies of the LLMs, and there is no particular gain to be had
by estimating the correlation matrix R in addition.

Table 1: Sim A: Reliable LLMs regime. K = 8, I = 1000, π =
0.5, accuracies drawn from U[0.70, 0.90], equicorrelation ρ = 0.3,
Nsim = 100. The three methods classify at approximately equal
accuracy. In this regime the mean/majority vote is accurate, and the
model contributes the interval and the flags rather than a better point
estimate.

ρ Majority Dawid-Skene (R = I) Correlated DS (R̂)

0.3 0.909 (0.001) 0.915 (0.001) 0.914 (0.001)

Accuracy against the known labels, with Monte Carlo standard error in
parentheses. Paired differences against the mean: correlated Dawid-Skene
0.005 (0.001), Dawid-Skene 0.006 (0.001).

In the second simulation, we study a case in which there is a fraction of adversarial LLMs, who
err systematically. We first vary the fraction of adversarial LLMs, and second vary the size of the
gold standard subset of labels, which is a way of varying the precision with which accuracies are
estimated.

In the first case, gold standard labels improve the performance of both Dawid-Skene methods, because
they are now able to use the information from the adversarial labelers as signal, where majority vote
would instead incorrectly take the votes of the adversarial labelers as signal. Second, the gain from
estimating the correlation matrix is noticeable when either the adversarial proportion is high, or, in
this simulation, when the gold standard subset size reaches 25% of the sample size. That is because
there is a finite sample cost to estimating R̂, and it reduces overall error only when it can be estimated
precisely enough.

Third, we consider a case where there are highly correlated labellers, and a small minority of inde-
pendent labellers. Here, the independent labellers collectively have more signal than the dependent
labellers, but majority vote treats the five dependent labellers as having more weight. Here, using the
correlated Dawid-Skene model helps relative to majority vote when the identification assumptions
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Table 2: Sim B: adversarial majority with a gold anchor. K = 8, I = 1000, π = 0.5.
Good raters are drawn from U[0.75, 0.85] and are independent. Adversarial raters are
drawn from U[0.15, 0.35] and are correlated at ρ = 0.6. Accuracies are anchored to a
gold subset of size |S|. Nsim = 100.

Vote Model-based Paired diff.

Majority DS (R = I) Corr DS (R̂) Gain from accuracy Gain from R̂

Panel 1: fraction adversarial, |S| = 100
0.25 0.854 (0.001) 0.963 (0.001) 0.930 (0.003) 0.109 (0.001) −0.034 (0.003)
0.50 0.515 (0.001) 0.931 (0.001) 0.917 (0.003) 0.415 (0.002) −0.014 (0.003)
0.625 0.372 (0.002) 0.872 (0.002) 0.875 (0.002) 0.499 (0.003) 0.003 (0.003)
0.75 0.251 (0.002) 0.855 (0.001) 0.859 (0.002) 0.604 (0.003) 0.004 (0.002)

Panel 2: gold-subset size |S|, 5/8 adversarial
20 0.330 (0.002) 0.895 (0.002) 0.865 (0.004) 0.565 (0.003) −0.030 (0.004)
50 0.330 (0.002) 0.901 (0.002) 0.886 (0.003) 0.571 (0.003) −0.015 (0.003)
100 0.330 (0.002) 0.905 (0.001) 0.904 (0.002) 0.575 (0.002) −0.001 (0.002)
250 0.330 (0.002) 0.904 (0.001) 0.919 (0.002) 0.574 (0.002) 0.015 (0.002)

Accuracy against the known labels, with Monte Carlo standard error in parentheses. The first
column is the fraction adversarial in Panel 1 and the gold-subset size in Panel 2.

hold: when we have access to one source of anchoring, the correlated Dawid-Skene model outper-
forms both the Dawid-Skene model and majority vote. The method performs worse than majority
vote when the assumptions do not hold.

Table 3: Sim C: Correlated block with independent dissenters. K = 8, I = 2000,
π = 0.5, accuracies drawn from U[0.65, 0.75], a block of five raters correlated at ρ = 0.7
(Keff = 2.91), Nsim = 100.

Vote Model-based Paired diff.

Accuracies Majority DS (R = I) Corr DS (R̂) Corr DS (R true) corr−naive

LOO 0.773 (0.001) 0.739 (0.001) 0.728 (0.001) 0.787 (0.001) −0.011 (0.001)
Gold 0.773 (0.001) 0.781 (0.001) 0.802 (0.002) 0.822 (0.001) 0.021 (0.002)
Oracle 0.773 (0.001) 0.780 (0.001) 0.826 (0.001) 0.827 (0.001) 0.046 (0.001)

Accuracy against the known labels, with Monte Carlo standard error in parentheses. The leave-
one-out row is the correlated block under the reliable-rater proxy, where the assumption does not
hold. The gain from the correlation matrix appears when the accuracies are identified from valid
labels.

Taken together, we see that the correlated Dawid-Skene model is more accurate than majority vote or
the Dawid-Skene model when there is sufficient data to estimate R̂ precisely; when the identification
assumptions hold; when the majority actually contains less information than the minority, due to their
being correlated; and in the presence of adversarial labels.

5.2 Manifestos: Correlated Dawid-Skene Model

Classification probabilities We applied the correlated Dawid-Skene model to the Manifesto
classification task of [1]. In this study, LLMs were asked to classify political party manifestos along
six issue dimensions (Economic, Immigration, Social, EU, Decentralization and the Environment) on
an ordinal scale from 1-7. These were compared to gold standard labels from the Chapel Hill Expert
Survey.

The first key output of the paper is the ‘operating characteristic’ display from the correlated Dawid-
Skene model. This illustrates, for each issue area, the estimated probability that a given item belongs
to a specific class, given which rater voted for it, and their estimated accuracy and dependence
structure. It also illustrates the level of conditional uncertainty associated with each vote, where
the conditioning involves taking the parameters as fixed (that is, uncertainty that does not include
estimation error). This reflects both which rater voted for which items, and the aggregation model’s
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parameters that encode how correlated that vote is with other votes, and how accurate that LLM is.
LLMs that are high accuracy and low dependence are upweighted in the classification decision.

This illustration also highlights which items are flagged for review. We return as a list items that
have large estimated standard deviation. These are items for which rater aggregations express high
uncertainty, given the estimated dependence structure and accuracies.

Correlation Matrices Next, we can also return the estimated correlation matrices. These illustrate,
for given issue dimensions, the pattern of LLM conditional correlation, where, again, conditional
correlation means residual agreement after the ground truth labels have been taken into account.
First, a note on these correlation matrices: these are marginalized over multiple scoring runs, so the
diagonal entries do not sum to 1: they instead represent LLM correlations with themselves over many
runs.

Two patterns are worth remarking on. First, the Deepseek models make noticeably different predic-
tions to other LLMs on the social dimension, which is suggestive evidence of an ‘in-house’ bias
on the classification of social issues. Second, correlation varies across issue dimensions: LLMs
should not be thought of as possessing specific correlation relationships with one another, but should
be understood as having task-specific correlations, where LLM characteristics are a function of the
task they have been assigned. Third, the magnitude of LLM correlation also varies across issue
dimensions: the level of agreement on classification decisions varies significantly, so that LLMs
could be treated as ‘more independent’ for some tasks, and ‘less independent’ for others. However, it
is worth stressing that this cannot necessarily be known ex ante, because these are the conditional
correlation matrices given the accuracy parameters. Differences in accuracies across tasks can also
explain differences in apparent correlation across LLMs.

5.3 Manifestos: Interpretability Outputs

Next, we consider the outputs of the SAE layer. We have three tables (Tables 4 to 6), corresponding
to our three regression targets of interest. The tables follow the conclusion.

First, in terms of class predictions, we should notice that the identification of issues clusters well into
issues traditionally associated with the issue dimension. This ‘tree’ structure rationalizes the LLM
summary step: we get out specific issues that are connected relevantly to the dimension of interest.
So the economic dimension loads on sentences that refer to taxation and inequality: the VVD, a
Dutch, right-libertarian party, wants lower taxes; LMP, a Green party in Hungary, mentions social
justice in their manifesto. Second, the content of the exemplar sentences is clearly relevant to both
the issue and the dimension of political competition. Third, the party families and electoral contexts
of the exemplar sentences are aligned with the relevant issue positions and dimensions of political
competition.

Next, we extract features that explain LLM biases. Here, we find that LLMs struggle with idiosyn-
cratic sub-issues: Hungarian nationalism, Bulgarian nationalism, and Plaid Cymru’s dissatisfaction
with the United Kingdom’s internal fiscal transfers are sources of disagreement for the individual
raters. Two items, the FPÖ’s proposal to raise a national militia, is mildly suggestive of a possible
conservative-authoritarian bias of Deepseek, while Deepseek also thinks that the Hungarian Socialist
Party’s nationalistic rhetoric is relevant to the economic dimension (in the right-wing direction).

Third, the model also returns individual manifestos that were difficult for the raters to classify. Two
of the difficult manifestos to classify are from extreme right and extreme left parties in the context of
the Greek 2019 election, which was a direct response to the Greek Bailout in 2018. These parties
took extreme positions on an issue that was fairly idiosyncratic in global terms. The Liberal Party in
Iceland, despite its name, is a single-issue party primarily concerned with EU fishing quotas; and
the Swedish Left experienced an internal party split in 2006, with two separate branches fielding
candidates in the national election of that year.

This output is of course qualitative, and it does not, by itself, definitively resolve experimental
hypotheses. But it is illustrative, and it produces output from the data that generates substantive
content from the classification exercise, and it does so in an automated and systematic way. In
political science specifically, which is concerned with theory-building as well as theory-testing, this
content is practically useful.
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(a) Economic

(b) EU

(c) Operator characteristics: class probabilities, uncertainties, and flags.
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(a) Economic (b) Social

(c) EU

Figure 4: Estimated rater correlation R by dimension, scorer-marginal.

6 Conclusion

We study the problem of aggregating dependent LLM annotators. We describe the circumstances
under which this is possible, showing that a researcher must make some assumptions on the annotators,
or on items, or must have access to ground truth labels. We modify the Dawid-Skene model of
crowdsourced annotations to incorporate an estimated correlation matrix, and use sparse autoeconders
to generate natural language output that aids researchers in understanding classification decisions,
highlights why individual annotators diverge from the consensus, and explain what items annotators
are likely to diverge on. These tools are intended to be useful both for downstream causal inference,
in which annotation is used to generate treatment indicators or covariates, and where uncertainty
estimates associated with these measures is necessary. They also provide quaititative information
that is helpful for theory-building in a substantive domain. While the focus of this article is on
annotation decisions, the framework applies broadly to any context in which an ensemble of LLM
agents is used to make decisions or predictions. As a result, it is relevant to the domain of automated
decision-making with LLM agents, and to a wide range of practical applications. In future work, we
will study the problem of combining fairness constraints with aggregation decisions.

19



Table 4: Class-loading features. Content predicting the aggregated score, recovered without super-
vision by a sparse autoencoder. The strongest positively loaded feature in each dimension is the
substantively correct concept at the correct pole.

Dimension,
pole

Issue Topic (feature) Example sentence (source; English) η2

Economic,
high

Taxation Tax systems and levels “De VVD wil een rechtvaardig belastingstelsel.”
(Netherlands, VVD; the VVD wants a fair tax
system)

0.21

Economic,
low

Inequality Social problems framed
as suffering

“Egy igazságtalanságokkal súlyosan terhelt
társadalom nem fenntartható.” (Hungary,
LMP; a society heavily burdened by injustice
is not sustainable)

0.37

EU, anti Sovereignty Rejection of suprana-
tional or central author-
ity

“Sverige ska inte gå med i Nato.” (Sweden,
Greens; Sweden should not join NATO)

0.54

Social, high Family Family as the foundation
of society

“Den viktigaste är familjen.” (Sweden, Chris-
tian Democrats; the most important thing is the
family)

0.39

Social, high Law and or-
der

Tougher criminal sen-
tencing

“Att kriminella handlingar får konsekvenser.”
(Sweden, Christian Democrats; that criminal
acts have consequences)

0.51

The Economic taxation feature (η2 = 0.21) is the cleanest result: content with little country-identity load.
The remaining features are on-dimension but carry more identity, reflected in higher η2.

Table 5: Sign-disagreement features. Content that raters place in opposite directions relative to
the consensus. The disagreement concentrates on nationhood and sovereignty, and recurs across
dimensions.

Dimension Issue Topic (feature) Raters (raise / lower) Example sentence (source; En-
glish)

Economic Nationhood Nation invoked as na-
tional subject

raise: gpt_deepseek;
lower: gemini_gpt,
deepseek_nova,
deepseek_claude

“Igen az erős köztársaságra, és
igen a sikeres Magyarországra.”
(Hungary, MSzP; yes to a strong
republic, yes to a successful Hun-
gary)

Economic EU role Bulgaria’s strategic
role within the EU

raise: gemini_deepseek,
claude_gemini;
lower: deepseek_nova,
gemini_nova, gpt_claude

Bulgarian sovereignty-in-Europe
content (Bulgaria)

Social Protective
state

Strong protective
state defending home-
land

raise:
deepseek_deepseek,
gemini_deepseek,
gpt_gpt;
lower: gpt3.5_gpt

“Starke freiwillige Miliz-
Komponente für den
Heimatschutz.” (Austria,
FPÖ; strong voluntary militia
for homeland defence)

EU Fiscal
transfers

Budgets and funding
allocations

split across raters “We have a worse funding settle-
ment and fewer of the economic
levers over tax and borrowing. . . ”
(United Kingdom, Plaid Cymru)

The nationhood, homeland, and sovereignty features form a cluster, which is the evidence that the disagree-
ment is substantive rather than a single-feature artifact. Nationalist content is both country-identifying (high
η2) and rater-dividing.
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Table 6: Most-contested items, measured by the dispersion of the raw votes (threshold-free, indepen-
dent of the aggregation model). The two most-contested manifestos are Golden Dawn and MeRA25,
the radical-right and radical-left-Europeanist poles of Greek politics.

Dimension Manifesto (country, year, party) Vote split (score:count) SD Contested feature

Economic Greece, 2019, Golden Dawn
(34720)

1:7 2:5 4:1 5:2 6:1 7:1 1.94 Nation invoked as national
subject

EU Greece, 2019, MeRA25 (34215) 1:4 2:3 3:1 4:1 5:8 6:5 1.87 Budgets and funding allo-
cations

Social Iceland, 2003, Liberal Party 1:1 2:1 3:1 4:1 7:3 2.38 Rejection of supranational
authority

Social Sweden, 2006, Left (11220) 1:19 2:4 3:1 4:1 7:1 1.31 Rejection of supranational
authority

Contestation is the standard deviation of the raw 1–7 votes.
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A Proofs

In this section, we assume that the items (ci,yi, xi) are independent and identically distributed across
i. We hold the number of raters K fixed and take limits as I → ∞.

A.1 Proof of Lemma 1

Proof. We show that the joint distribution of the features and the votes factorizes given the true label.

P (xi, yi | ci) = E
[
P (xi | R(Di), ci, yi) P (yi | R(Di), ci)

∣∣ ci ]
= E

[
P (xi | R(Di)) P (yi | R(Di), ci)

∣∣ ci ] [By Assumption 3]

= P (yi | ci) E
[
P (xi | R(Di))

∣∣ ci ] [By Assumption 4]

= P (yi | ci) P (xi | ci) [By Assumption 3]

The first line conditions on R(Di) and applies the chain rule. The second line uses Assumption 3:
the pair (ci,yi) is a function of (Di,yi), so xi is independent of (ci,yi) given R(Di). The third line
uses Assumption 4, which gives P (yi | R(Di), ci) = P (yi | ci). The fourth line uses Assumption 3
again, in the form P (xi | R(Di)) = P (xi | R(Di), ci), together with the law of total probability.

A.2 The item-model regression

Lemma 2 (Item-model linear relation). Under Lemma 1, for any function g of the votes,

E[g(yi) | xi] =
∑
q

P (ci = q | xi)E[g(yi) | ci = q].

In the binary case this is

E[g(yi) | xi] = E[g(yi) | ci = 0] +
(
E[g(yi) | ci = 1]− E[g(yi) | ci = 0]

)
e(xi).

Proof. We condition on the latent label and apply Lemma 1.

E[g(yi) | xi] =
∑
q

P (ci = q | xi)E[g(yi) | xi, ci = q] [Law of total expectation]

=
∑
q

P (ci = q | xi)E[g(yi) | ci = q] [By Lemma 1]
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In the binary case, P (ci = 1 | xi) = e(xi) and P (ci = 0 | xi) = 1− e(xi), so:

E[g(yi) | xi] =
(
1− e(xi)

)
E[g(yi) | ci = 0] + e(xi)E[g(yi) | ci = 1]

= E[g(yi) | ci = 0] +
(
E[g(yi) | ci = 1]− E[g(yi) | ci = 0]

)
e(xi)

The constant term is the intercept and the coefficient of e(xi) is the slope. With g(yi) = yij , the
intercept is 1− γj and the slope is αj + γj − 1.

A.3 When the rater-reliability path holds approximately

The oracle condition (Assumption 2(a)) requires that LOO majority vote is correct for every item. In
practice it is not. When ĉi,−j ̸= ci for some items, the Hajek estimator is biased. Proposition 1 gives
the exact form of the bias, and Corollary 1 bounds it in terms of the error rate of the LOO-proxy. The
results hold for any correlation matrix R.

Write FPRj and FNRj for the false positive rate and the false negative rate of the LOO-proxy for
rater j:

FPRj = P (ĉi,−j = 1 | ci = 0), FNRj = P (ĉi,−j = 0 | ci = 1).

Proposition 1 (Bias of the leave-one-out estimator). As I → ∞, α̂j
p−→ αj + Biasαj and γ̂j

p−→
γj + Biasγj , where

Biasαj =
−(1− π)FPRj (αj + γj − 1) + E

[
Cov(ĉi,−j , yij | ci)

]
P (ĉi,−j = 1)

,

Biasγj =
−π FNRj (αj + γj − 1) + E

[
Cov(ĉi,−j , yij | ci)

]
P (ĉi,−j = 0)

.

Proof. The items are independent and identically distributed, and ĉi,−j is a function of the votes
on item i. The law of large numbers applies to the numerator and to the denominator of the Hajek
estimator:

α̂j =
I−1

∑
i ĉi,−j yij

I−1
∑

i ĉi,−j

p−→ E[ĉi,−j yij ]

E[ĉi,−j ]
.

The bias is the difference between this limit and αj :

Biasαj =
E[ĉi,−j yij ]

E[ĉi,−j ]
− αj

=
E[ĉi,−j (yij − αj)]

E[ĉi,−j ]

=
E[(ĉi,−j − ci) (yij − αj)]

E[ĉi,−j ]
[E[ci (yij − αj)] = 0]

The last line uses the definition of the sensitivity, E[ci yij ] = αj E[ci]. We decompose the numerator
by writing yij − αj =

(
E[yij | ci]− αj

)
+

(
yij − E[yij | ci]

)
:

E[(ĉi,−j − ci)(yij − αj)] = E
[
(ĉi,−j − ci) ·

(
E[yij | ci]− αj

)]
︸ ︷︷ ︸

(A): false positive rate of the LOO-proxy

+ E
[
(ĉi,−j − ci) ·

(
yij − E[yij | ci]

)]
︸ ︷︷ ︸

(B): within-class covariance

For Term (A), the difference E[yij | ci]− αj equals zero when ci = 1, and equals −(αj + γj − 1)
when ci = 0. Therefore:

(A) = −(αj + γj − 1) · E
[
ĉi,−j (1− ci)

]
= −(1− π)FPRj (αj + γj − 1)
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For Term (B), condition on ci. Given ci, the label is a constant and the factor yij − E[yij | ci] has
mean zero, so:

(B) = E
[
Cov(ĉi,−j , yij | ci)

]
The denominator is E[ĉi,−j ] = P (ĉi,−j = 1). The argument for γ̂j replaces ĉi,−j , ci and yij by
1− ĉi,−j , 1− ci and 1− yij , and the false negative rate of the LOO-proxy takes the place of the false
positive rate.

Term (B): within-class covariance. This covariance decomposes by definition into three factors:

Cov(ĉi,−j , yij | ci) = Corr(ĉi,−j , yij | ci) ·
√

Var(ĉi,−j | ci) ·
√

Var(yij | ci)

Within-class correlation between the proxy and the vote: Corr(ĉi,−j , yij | ci). This is the depen-
dence term. It is zero under conditional independence (R = I) and positive when R has positive
off-diagonal entries.

Error in the estimated label:
√
Var(ĉi,−j | ci). This is large when majority vote is uncertain—when

the vote margin is narrow—and small when the majority is decisive.

Low LLM accuracy:
√
Var(yij | ci). This is the variability in annotator j’s vote within each class.

It is maximised when the annotator is at chance and vanishes as the annotator becomes perfectly
accurate.

Term (B) is large when all three conditions hold simultaneously: the annotators are correlated, the
average predicted labels are uncertain, and the annotator is inaccurate. It is small when any one of
these is small. The bias does not vanish with the number of items I; it is a property of the annotator
pool.
Corollary 1 (Bounds on the bias). Let εj = P (ĉi,−j ̸= ci) denote the error rate of the LOO-proxy
for rater j, and suppose εj < min(π, 1− π). Then∣∣Biasαj ∣∣ ≤ εj +

1
2

√
εj

π − εj
,

∣∣Biasγj ∣∣ ≤ εj +
1
2

√
εj

1− π − εj
.

Under Assumption 2(b), the terms 1
2

√
εj are absent, and εj ≤ exp(−2(K − 1)δ2), where δ > 0 is

the smallest amount by which the averages in Assumption 2(b)(ii) exceed one half.

Proof. The error rate of the LOO-proxy is εj = π FNRj + (1 − π)FPRj . Each part of Biasαj is
bounded in terms of εj :

|(A)| ≤ (1− π)FPRj ≤ εj [|αj + γj − 1| ≤ 1]

|(B)| ≤ 1
2

[
π
√

FNRj + (1− π)
√
FPRj

]
[Cauchy–Schwarz, Var(yij | ci) ≤ 1

4 ]

≤ 1
2

√
εj [Concavity of the square root]

P (ĉi,−j = 1) ≥ π (1− FNRj) ≥ π − εj

Combining these bounds gives the bound on Biasαj , and the same argument gives the bound on Biasγj .

Under Assumption 2(b), the LOO-proxy is a function of the votes of the other raters, and these votes
are independent of yij given ci. Term (B) is therefore zero. The error rates of the LOO-proxy are
bounded as follows:

FPRj = P
(

1
K−1

∑
k ̸=j yik > 1

2

∣∣∣ ci = 0
)

≤ P
(

1
K−1

∑
k ̸=j

(
yik − (1− γk)

)
≥ δ

∣∣∣ ci = 0
)

[By Assumption 2(b)(ii)]

≤ exp
(
− 2(K − 1)δ2

)
[By Hoeffding’s inequality]

The second line uses 1
K−1

∑
k ̸=j(1 − γk) ≤ 1

2 − δ. The same bound holds for FNRj , so εj ≤
exp(−2(K − 1)δ2).

Under Assumption 2(a), εj = 0 and both biases are zero. Under Assumption 2(b), the bounds
converge to zero as K → ∞.
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A.4 Formal statement and proof of Theorem 1

Theorem 1 (formal statement). Suppose the items are independent and identically distributed,
that π, αj and γj lie in (0, 1) for every j, and that the pairwise agreement equation (2) holds with
ρjj′ ∈ (−1, 1) for every pair j ̸= j′. Let I → ∞ with K fixed.

(i) Under Assumption 1, with |S| → ∞, for every j and every pair j ̸= j′:

π̂
p−→ π, α̂j

p−→ αj , γ̂j
p−→ γj , ρ̂jj′

p−→ ρjj′ .

(ii) Under Assumption 2(a), the limits of part (i) hold. Under Assumption 2(b), α̂j
p−→ αj+Biasαj

and γ̂j
p−→ γj + Biasγj , where∣∣Biasαj ∣∣ ≤ εK

π − εK
,

∣∣Biasγj ∣∣ ≤ εK
1− π − εK

, εK = exp
(
− 2(K − 1)δ2

)
,

and δ is defined in Corollary 1. The bounds converge to zero as K → ∞, and the limits of
π̂ and ρ̂jj′ converge to π and ρjj′ .

(iii) Under Assumptions 3, 4, 5 and 6, the limits of part (i) hold.

When the limits of part (i) hold and R is positive definite, the classification probabilities, the flags,
and the LLM biases of Section 3.3 converge in probability to their values at the true parameters.

The proof of Theorem 1 proceeds in three steps. First, we show convergence of the accuracy and
prevalence terms under each of the identification paths (Lemma 3). Second, we show that the accuracy
and prevalence terms are sufficient to identify the correlation terms (Lemma 4). Finally, we show that
the functionals are consistent, given the accuracy, prevalence and correlation terms (Lemma 5).

Lemma 3 (Accuracies and prevalence). Under Assumption 1, under Assumption 2(a), or under
Assumptions 3, 4, 5 and 6, for every j:

π̂
p−→ π, α̂j

p−→ αj , γ̂j
p−→ γj .

Under Assumption 2(b), α̂j
p−→ αj + Biasαj and γ̂j

p−→ γj + Biasγj , with the biases bounded as in
Corollary 1, and the limit of π̂ differs from π by at most εK .

Proof. Identification with ground truth labels. The estimator is the Hajek ratio over the labelled
items. The subset S is selected independently of the labels and the votes, so the labelled items are an
independent and identically distributed sample of the items. As |S| → ∞:

α̂j =
|S|−1

∑
i∈S ci yij

|S|−1
∑

i∈S ci

p−→ E[ci yij ]

E[ci]
[Law of large numbers]

=
π E[yij | ci = 1]

π
= αj

The argument for γ̂j replaces ci and yij by 1− ci and 1− yij . The prevalence estimator is the mean
of the observed labels, and it converges to π by the same argument.

Identification under the LOO-proxy. Under Assumption 2(a), ĉi,−j = ci for every item. The false
positive rate and the false negative rate of the LOO-proxy are zero, and the within-class covariance is
zero because the proxy is a constant given ci. Proposition 1 then gives Biasαj = Biasγj = 0. The full
majority vote equals ci whenever every leave-one-out majority vote does, so π̂ is the sample mean of
ci and converges to π. Under Assumption 2(b), Proposition 1 gives the limits and Corollary 1 gives
the bounds. The full majority vote is wrong with probability at most εK by the same application of
Hoeffding’s inequality, so the limit of π̂ differs from π by at most εK .

Identification under a valid item model. Lemma 1 gives yi ⊥⊥ xi | ci. Apply Lemma 2 with
g(yi) = yij :

E[yij | xi] = (1− γj) + (αj + γj − 1) e(xi).
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The conditional mean is linear in the score, so the population least-squares regression of yij on e(xi)
recovers its coefficients:

slope =
Cov(yij , e(xi))

Var(e(xi))
= αj + γj − 1 [By Assumption 6]

intercept = E[yij ]− (αj + γj − 1)E[e(xi)]

= π αj + (1− π)(1− γj)− (αj + γj − 1)π [E[e(xi)] = π]
= 1− γj

Therefore γj equals one minus the intercept and αj equals the slope plus the intercept. The sample
regression uses ê(xi) in place of e(xi). The votes and the scores lie in [0, 1], so each sample moment
in the least-squares formula changes by at most 2 I−1

∑
i |ê(xi)− e(xi)| when ê replaces e. This

quantity converges to zero by Assumption 5. The sample coefficients therefore converge to the
population coefficients by the law of large numbers, so α̂j

p−→ αj and γ̂j
p−→ γj . The same bound

gives π̂ = I−1
∑

i ê(xi)
p−→ E[e(xi)] = π.

(The accuracies also determine the prevalence, through P (yij = 1) = π αj + (1− π)(1− γj).)

Lemma 4 (Correlations). Suppose the pairwise agreement equation (2) holds with ρjj′ ∈ (−1, 1),
and that the estimators π̂, α̂j , α̂j′ , γ̂j and γ̂j′ converge in probability to π, αj , αj′ , γj and γj′ . Then
ρ̂jj′

p−→ ρjj′ .

Proof. Write ĥjj′ for the function of Section 3.2, which uses the plug-in values of the prevalence and
the accuracies, and write hjj′ for the same function at the true values. The function hjj′ is continuous
in ρ, in the prevalence, and in the accuracies. It is strictly increasing in ρ, because the derivative of
Φ2(a, b; ρ) with respect to ρ is the bivariate normal density at (a, b), which is positive. The inverse
h−1
jj′ is therefore continuous in its argument, in the prevalence, and in the accuracies.

Sjj′
p−→ P (yij = 1, yij′ = 1) [Law of large numbers]
= hjj′(ρjj′) [By Equation (2)]

ρ̂jj′ = ĥ−1
jj′(Sjj′)

p−→ h−1
jj′

(
hjj′(ρjj′)

)
= ρjj′ [Continuity of h−1

jj′ ]

When the estimators of the prevalence and the accuracies converge to biased limits, the same argument
shows that ρ̂jj′ converges to the inverse of hjj′ evaluated at those limits. By the continuity of the
inverse, this limit converges to ρjj′ as the biases converge to zero.

Lemma 5 (Model outputs). Suppose π̂, α̂, γ̂ and R̂ converge in probability to π, α, γ and R, and
that R is positive definite. Then the classification probabilities and the LLM biases of Section 3.3
converge in probability to their values at the true parameters. The flag of an item converges when its
limiting standard deviation differs from the threshold τ .

Proof. For a fixed vote pattern y ∈ {0, 1}K , the classification probability is a continuous function
of π, α, γ and R when R is positive definite. There are 2K vote patterns, so the classification
probabilities converge at every pattern by the continuous mapping theorem. The LLM biases and the
classification standard deviations are continuous functions of the classification probabilities.

Proof of Theorem 1. The theorem follows from Lemma 3, Lemma 4 and Lemma 5. Under Assump-
tion 2(b), Lemma 3 gives the biased limits, Corollary 1 shows that the bounds converge to zero as
K → ∞, and the final part of Lemma 4 gives the limit of ρ̂jj′ .

B The item model

B.1 Fitting the score with a two-class mixture model

In this section, we describe one model for the score e(x) of Section 2.3.
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We suppose that the probability of observing specific features varies in each class. Define the
class-conditional feature distributions:

f1(x) = P (xi = x | ci = 1), f0(x) = P (xi = x | ci = 0),

where, by hypothesis, f1 ̸= f0, and define the base rate, or prevalence, π = P (ci = 1).

We observe the features, and their frequencies, but not the class labels. The distribution of features in
the population is a mixture of the two class-conditional distributions. By the law of total probability,
we have:

P (xi = x) = π f1(x) + (1− π) f0(x).

We do not observe π, f1 or f0, so the unsupervised learning task is to recover these parameters from
the observed feature frequencies alone.

With these parameters in hand, the score follows by Bayes’ rule:

e(x) =
π f1(x)

π f1(x) + (1− π) f0(x)
.

This is the conditional probability of class one given the features.

Whether the mixture can be recovered depends on the form the analyst specifies for f1 and f0.
The number of components is fixed by the class, and the decomposition above is the law of total
probability, so it holds for any f1 and f0. The analyst can make different assumptions on the structure
of f1 and f0. For instance, if f1 and f0 are products of independent Bernoullis:

fd(x) =

M∏
m=1

p xm

dm (1− pdm)1−xm ,

the items are conditionally independent given the class, which is the Dawid-Skene model for raters, but
applied to items. [17] propose a random effects model, in which raters are conditionally independent
given a continuous trait whose distribution varies by class: this could be applied to items. A
multivariate probit form places a correlation matrix on latent feature scores, which is the item model
version of the correlated Dawid Skene proposal of Section 3.

In addition, the mixture model recovers two components but does not say which is the positive class,
which is the problem of label-switching. The analyst resolves this by declaring the orientation: in the
manifesto case, the component in which “public ownership” occurs at a higher rate is the left. To
resolve this, we require the following assumption.
Assumption 7 (Label switching). The feature named in the orientation declaration is produced at a
higher rate by the positive class: p1m∗ > p0m∗ for the assigned-positive feature m∗.

In the manifesto case, this states that truly left manifestos mention public ownership at a higher
rate than truly right manifestos. This assumption resolves the label-switching indeterminacy that is
present in any two-component mixture model.

Given a correctly specified and identified model for f1 and f0, and a resolution to the label-switching
problem, the fitted score converges to the true conditional probability, which is the requirement of
Assumption 5. The orientation fixed by Assumption 7 makes ê consistent for e(xi) = P (ci = 1 | xi)
rather than 1− e(xi), without which the slope and intercept of the regression in Section 3.2 identify
αj and γj with their roles exchanged.

C Ordinal data

The application in Section 5 uses votes on an ordinal scale. In this section, we state the ordinal
version of the model, show that the binary model of Section 3.1 is the case with two categories, and
describe how the estimators and the identification results carry over. The correlation matrix R is the
same object in both models.

The ordinal model. The true label takes one of J ordered values, ci ∈ {1, . . . , J}, with prevalences
πq = P (ci = q). Each rater reports one of the same J values, yij ∈ {1, . . . , J}. As in the binary
model, each item has a vector of latent utilities, with one entry for each rater:

zi | ci = q ∼ N (µq, R)
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Here µq = (µq,1, . . . , µq,K) is the mean vector of class q. Each rater j has ordered cut-points
−∞ = τj,0 < τj,1 < · · · < τj,J−1 < τj,J = +∞, and reports the category whose interval contains
the latent utility:

yij = l ⇐⇒ τj,l−1 < zij ≤ τj,l

The binary model has a single threshold at zero for every rater. The ordinal model replaces this
threshold with J − 1 cut-points for each rater. We fix τj,1 = 0, because a common shift of the
cut-points and the means of rater j leaves the votes unchanged.

The sensitivity and the specificity generalize to the confusion matrix of rater j, which records the
probability of each vote within each class:

β
(j)
q,l = P (yij = l | ci = q)

= P (τj,l−1 < zij ≤ τj,l | ci = q) [Vote rule]
= Φ(τj,l − µq,j)− Φ(τj,l−1 − µq,j) [zij | ci = q ∼ N (µq,j , 1)]

The binary model as a special case. Take J = 2, so that each rater has the single cut-point
τj,1 = 0. Identify class 2 with ci = 1, class 1 with ci = 0, and the vote yij = 2 with a vote of one.
The vote rule becomes yij = 2 ⇐⇒ zij > 0, which is the vote rule of Section 3.1. The diagonal of
the confusion matrix contains the sensitivity and the specificity:

β
(j)
2,2 = 1− Φ(−µ2,j) = Φ(µ2,j) = αj

β
(j)
1,1 = Φ(−µ1,j) = γj

Therefore µ2,j = Φ−1(αj) and µ1,j = Φ−1(1− γj), which are the class means of Section 3.1. The
binary model is the ordinal model with two categories.

Estimation. Each estimator of Section 3.2 has an ordinal form, and each ordinal form returns the
binary estimator at J = 2.

The LOO-proxy ĉi,−j is the median of the votes of the other K − 1 raters, with a fixed rule when the
median falls between two categories. At J = 2 this is the leave-one-out majority vote. The Hajek
estimator applies to each cell of the confusion matrix:

β̂
(j)
q,l =

∑
i I{ĉi,−j = q} I{yij = l}∑

i I{ĉi,−j = q}

At J = 2, the cells (2, 2) and (1, 1) are α̂j and γ̂j . The cut-points and the class means are then fitted
to β̂(j) through the expression for the confusion matrix above. At J = 2 this step is µ̂2,j = Φ−1(α̂j)
and µ̂1,j = Φ−1(1− γ̂j).

For the correlations, the pairwise agreement equation (2) becomes one equation for each pair of
categories (l,m):

P (yij = l, yij′ = m) =

J∑
q=1

πq P
(
τj,l−1 < zij ≤ τj,l, τj′,m−1 < zij′ ≤ τj′,m

∣∣ ci = q
)

Each term on the right-hand side is a rectangle probability of a bivariate normal distribution with
correlation ρjj′ . The estimate ρ̂jj′ is the value at which these probabilities fit the observed joint
frequencies of the two raters’ votes, which is the polychoric correlation [16]. At J = 2, the pair
(l,m) = (2, 2) gives Equation (2).

The classification probability follows from Bayes’ rule, as in Section 3.1:

P (ci = q | yi) =
πq P (yi | ci = q)∑J
r=1 πr P (yi | ci = r)

Here P (yi | ci = q) is the probability that every latent utility lies in the interval of the reported
category. The binary model integrates the same normal density over half-lines, so the implementation
changes in the limits of integration alone.
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Identification. Theorem 1 carries over path by path. With ground truth labels, the confusion
matrices and the prevalences are class-conditional frequencies on the labelled subset. Under the
LOO-proxy, the oracle condition ĉi,−j = ci makes the Hajek estimator of each cell a class-conditional
frequency, as in Lemma 3. Under conditional independence, the requirement that the average accuracy
exceeds chance becomes the requirement that, within each class, the median vote of the other raters
is the true label. Proposition 1 holds for each cell with I{ĉi,−j = q} in place of ĉi,−j , and the bias of
each cell is the sum of a misclassification term and a within-class covariance term.

Under a valid item model, the score becomes the vector of class probabilities eq(xi) = P (ci = q | xi).
Lemma 2 gives a linear relation for each category of vote:

E
[
I{yij = l} | xi

]
=

J∑
q=1

P (ci = q | xi) E
[
I{yij = l} | ci = q

]
[By Lemma 2]

=

J∑
q=1

eq(xi) β
(j)
q,l

The regression of the vote indicator on the scores recovers column l of the confusion matrix. The
regression has no intercept, because the scores sum to one. It requires that the scores are linearly
independent across items, which is the ordinal form of Assumption 6. At J = 2 this is the regression
of Section 3.2.

Given consistent estimates of the confusion matrices and the prevalences, the remaining steps follow
the binary case. The argument of Lemma 4 applies to each moment P (yij ≥ l, yij′ ≥ m), which is a
mixture of bivariate normal orthant probabilities and is increasing in ρjj′ . The argument of Lemma 5
applies with rectangle probabilities in place of orthant probabilities.

D Estimating ρ̂jj′ by bisection

We compute ρ̂jj′ = h−1
jj′(Sjj′) by bisection as follows. Fix the pair (j, j′) and write h = hjj′ .

1. Set ρL = −1 + ϵ and ρU = 1− ϵ for some small ϵ > 0 (we use ϵ = 0.001).
2. Compute the midpoint ρM = (ρL + ρU )/2.
3. Evaluate h(ρM ). This requires two bivariate normal CDF evaluations, available via pmvnorm

in R and scipy.stats.multivariate_normal in Python.
4. If |h(ρM )− Sjj′ | < δ for a convergence tolerance δ (we use δ = 10−10), stop and return

ρ̂jj′ = ρM .
5. If h(ρM ) < Sjj′ , set ρL = ρM . Otherwise, set ρU = ρM .
6. Return to step 2.

Each iteration halves the interval [ρL, ρU ]. After n iterations, the interval has width
2− 2ϵ

2n
.
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