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Introduction

The study of party ideology is arguably one of the most compelling examples

of the importance of measurement in social sciences.

Testing and refining theories of party competition and representation would

have been impossible without viable comparative measures of parties’ policy

positions.

The numerous technical solutions proposed in the literature tend to fall
within two camps:
1. Party manifestos allow researchers to study a broad range of years and countries,

ideological measures derived from this corpus do not always perform highly in terms of

face and convergent validity.

2. Expert surveys fare better in both dimensions, but are costly to gather, de facto

unavailable before the 1990s, and — by definition — involve a high degree of human

arbitrariness, threatening the replicability of its measures.

In our paper, we ask whether recent advancements in Large Language

Models (LLMs) may allow social scientists to bridge the two historical

approaches to classification. Can we reliably recur to machine learning to

obtain real-time, low-cost measures of parties’ ideological positions that

match the validity of experts, while retaining the geographical and

chronological breadth of manifestos? We perform, to the best of our

knowledge, the first structural assessment of whether LLMs can correctly

evaluate the left-right position of European parties as a “zero-shot” learner,

i.e., without being provided any context regarding the task.

Data and Methods

We generate nine cross-country sub-samples of parties to capture the

European arena at the time of each European Parliament (EP) election

between 1979 and 2019. The pool of European party names presented, in

their original language, to GPT-3.5, and the scores used to benchmark its

estimates of parties’ ideology, are gathered from three sources: (1) the

Manifesto Project; (2) the Chapel Hill Expert Survey; (3) the harmonized True

European Voter survey.

To estimate the LLM-based left-right position of a party in a given reference
year, we implement a three-step procedure:
1. We produce all the possible pair-wise party duplets in the reference year, irrespective of
the countries of origin.

2. We ask GPT-3.5 to identify the “more right-wing” option between the two parties in a
duplet.

3. We apply a Bradley-Terry model to these duplets, generating an ideological ranking based

on GPT-3.5’s evaluations (hereafter, GPT-BTm) in which cross-party distances are

interpretable.

We perform each classification exercise seven times and retain the modal

answer for our analysis. Showing that responses to pairwise comparisons are

highly consistent in repeated interactions — congruence is as high as 93.23%

— provides further validation for our method.

We further validate our results with open-weight Llama, and the open-source

Qwen models.

The Prompt

In political matters, people talk of ‘the Left’ and ‘the Right’. You will be given the

names of two parties in their original language, and the country of origin of each

party. Based on their overall ideological stance, which one of these two parties

was more right-wing in year [YEAR]? Your response can only be exactly either

‘Party 1’ or ‘Party 2’.

The Bayesian Bradley-Terry Model

After having obtained the pair-wise comparisons via GPT-3.5, we employ a

Bradley-Terry model (BTm) to estimate parties’ ideological positions. Let us

assume that each party i has an associated latent ideological position αi. The

probability of party i being more right-wing than party j is modelled as:

Pr(i being more right-wing than j) = logit−1(αi − αj) (1)

The outcome of the nth pair-wise comparison (i.e., 1 if party i is more right-
wing, 0 if party j is so) is modelled using a Bernoulli distribution:

yn ∼ Bernoulli(Pr(i being more right-wing than j)) (2)

which is equivalent to:

yn ∼ Bernoulli
(
logit−1(αi[n] − αj[n])

)
(3)

Here, the parameter of interest is the latent ideological position (i.e., the ‘ability’

to be more right-wing) of each of theK parties in the sample, namely, αk. We

assume a standard normal distribution as a prior:

αk ∼ N (0, 1) for k = 1, ..., K (4)

Using Bayes’ theorem, we can then calculate the posterior distribution of α,
given the observed data D:

p(α|D) ∝ p(D|α)p(α) (5)

We use RStan, which implements the Hamiltonian Monte Carlo algorithm,
to generate samples from the posterior distribution. We take the median of

each posterior distribution as our point estimate of the ideological position of

a given party.

This methodology can be easily expanded to accommodate multiple matches

between the same two players, e.g., multiple competitions between parties,

assuming the independence of the match results:

p(D|α) ∝
∏

(i,j)∈D

p(yn|αi[n], αj[n]) (6)

Combining this with the priors we set out, the posterior distribution will be:

p(α|D) ∝

 ∏
(i,j)∈D

p(yn|αi[n], αj[n])

 ×

 K∏
k=1

p(αk)

 (7)

Results
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Discussion

We provide the first cross-country LLM-based classification of European parties.

Using pairwise comparisons with GPT-3.5, we show that AI-derived ideology

scores more closely match expert and crowd assessments than manifestos.

GPT-3.5 captures the reputational dimension of ideology—how parties are per-

ceived—rather than policy content. Its strong correlation with CHES suggests

that LLMs and experts may rely on similar informational cues and biases.
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