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Abstract
Extant work shows that generative AI such as GPT-3.5 and perpetuate social stereotypes and biases. A
less explored source of bias is ideology: do GPT models take ideological stances on politically sensitive
topics? We develop a novel approach to identify ideological bias and show that it can originate in both
the training data and the filtering algorithm. Using linguistic variation across countries with contrasting
political attitudes, we evaluate average GPT responses in those languages. GPT output is more conservative
in languages conservative societies (polish) and more liberal in languages used in liberal ones (Swedish).
These differences persist from GPT-3.5 to GPT-4. We conclude that high-quality, curated training data are
essential for reducing bias.
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1. Introduction
GPT-3.5 and -4 are increasingly popular among scholars to generate data, classify text, and com-
plement human coders. Their black-box nature, however, has raised concerns about bias in model
output, which in turn has led to a burgeoning debate around the politics of artificial intelligence (AI)
and how to regulate generative models. In this article, we identify ideological biases in GPT-3.5 and
-4 through a novel approach that matches model output to known linguistic and issue-based differ-
ences across countries. If biases exist, GPT-3.5 and -4 will reflect the predominant political attitudes
of those who produced the training text. In countries where society is more conservative (liberal),
GPT models will produce more conservative (liberal) output. Moreover, OpenAI, the company that
developed and owns these models, heavily filters the GPT-4 API to reduce output bias, but it does
not filter the GPT-3.5 complete API (Heikkilä, 2023). This gives us an opportunity to also identify
bias across OpenAI models, and disentangle biases stemming from the training data from those that
derive from the algorithm or filters.

We focus our analysis on two key LLM tasks: text generation and annotation.1 For text gener-
ation, we focus on political issues that are linguistically and geographically constrained: abortion
and Catalan independence. For abortion, we draw text data from GPT-3.5 and -4 in Swedish, Polish
and English. In Poland, society tends to be socially conservative, while Sweden is more progressive
(Sydsjö et al., 2011; Koralewska and Zielińska, 2022). Because training data in these two languages

1Text generation includes tasks that ask GPT to create text, such as summarization or question-answering. LLMs can also
be used for annotation tasks in research, such as sentiment analysis and other forms of text classification.

© The Author(s), 2025. Published by Cambridge University Press on behalf of EPS Academic Ltd. This is an Open Access article, distributed
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re-use, distribution and reproduction, provided the original article is properly cited.
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comes almost exclusively from their respective countries, we expect GPT responses to reflect more
conservative views of abortion in Poland and more liberal ones in Sweden. We use English output on
abortion primarily to test the full extent of OpenAI’s filtering efforts, which have been concentrated
on English text (Motoki et al., 2024; Pit et al., 2024). For Catalan independence, we draw data in
Catalan and Spanish. Because Catalan society is, on the whole, more pro-independence than Spanish
society (Llaneras, 2017), we expect GPT responses in Catalan to be more positive toward indepen-
dence than responses in Spanish (within the Spanish-speaking world, Catalan independence is only
a politically salient and divisive issue in Spain (Llaneras, 2017)).

For annotation, we focus on a dataset of English language tweets about content moderation focus-
ing on the salient topics of (1) economics and (2) health and safety (Gilardi et al., 2023). We again
focus on Swedish and Polish across GPT-3.5 and -4 by translating the tweets to these languages
and asking the LLM to classify each tweet according to whether they lean more liberal or conser-
vative. Again, we expect the LLMs to reflect the economic and health policy leanings predominant in
Polish and Swedish societies, with Polish exhibiting a more conservative lean and Swedish responses
being more left-leaning, on average. Poland’s economic policies prioritize conservative developmen-
tal statism to strengthen the economy and combat ‘progressive’ ideologies including liberalism and
socialism (Bluhm and Varga, 2020). Meanwhile, Sweden’s economic policies have historically leaned
toward the left, characterized by higher government spending, progressive taxation, and a focus on
social welfare (Andersson, 2022). Likewise, Sweden’s health policies are more left-learning, focusing
on social democratic ideals such as equality and the welfare state (Vallgårda, 2007). Poland’s health
policies have a mix of conservative and redistributive elements, sometimes described as ‘conserva-
tive welfare state populism’ (Zabdyr-Jamróz et al., 2021). Therefore, through these two issues, and by
tapping into languages and issues that are geographically confined, we can identify whether (1) GPT
output reflects ideological biases in the training data and (2) OpenAI’s filtering fixes these biases or
induces new ones.

We use multilevel modeling to identify significant differences in outputs for both LLM tasks and
specify twodistinct types of biases: training and algorithmic.Weprovide novel evidence on ideological
biases in OpenAI’s GPT-3.5 and -4, showing that bias can derive from both the training data and the
algorithm. More broadly, our analysis shows that biases are likely to remain an issue through the
different GPT models beyond GPT-3.5 and -4. Importantly, we show that biases are consistent across
different LLM tasks such as text generation and annotation, which is relevant to the growing literature
showing that biases may be task-dependent (Lunardi et al., 2024). Our findings regarding these two
sources of bias havemajor implications for the politics of AI, the training and regulation of generative
models, and applied researchers looking to use these models in downstream analyses, such as in text
classification, sentiment analysis and question-answering (Ray, 2023).

2. GPT models and ideological bias
Testing for ideological biases in GPT-3.5 and -4 is especially relevant because a growing number
of articles use these models in measurement and downstream tasks (Argyle et al., 2023; Buchholz,
2023; Le Mens et al., 2023; Lupo et al., 2023; Wu et al., 2023; Mellon et al., 2024; O’Hagan and Schein,
2024). For example, GPT has been used in annotation tasks to classify the tone of text or assign topic
labels (Ornstein et al., n.d). Similarly, GPT has been used to gather information from unstructured
texts, such as extracting details from historical records, meeting notes, or news reports (Lee et al.,
2024). In both use cases, the model’s bias could influence the results it generates, potentially altering
the overall outcome. In one use case, researchers leveraged GPT-3’s bias to allow it to represent the
views of different subgroups to simulate human samples (Argyle et al., 2023). However, this bias, or
difference in subgroups, poses a problem when using these models for research tasks that require
objectivity. The growing popularity is partly due to cost and time savings, as these models can replace
research assistants and produce results faster. However, if ideological biases permeate GPT output,
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they also affect measurement and results, potentially generating sets of invalid results that may guide
research in the wrong direction for years to come. Further, understanding the underlying ideological
bias in language models is important as it can influence individuals’ political behavior and decision-
making (Zmigrod, 2020), shaping how individuals gather information and perceive political events,
policies and candidates (Swigart et al., 2020).

Despite its importance, investigating bias in and across GPT models is more difficult because they
are not open source, unlike other LLMs such as BERT, RoBERTa, or LLaMA (Timoneda and Vallejo
Vera, 2025a, 2025b). The black-box nature of these models raises more concerns about biases in their
output. Multiple studies have shown GPT-3 can generate harmful outputs linked to ideas of gender,
race and ideology, perpetuating various stereotypes (Sheng et al., 2019; Abid et al., 2021; Lucy and
Bamman, 2021). For example, LLMs are 3 to 6 times more likely to choose an occupation that stereo-
typically aligns with a person’s gender (Kotek et al., 2023) and produce more violent outputs when
the prompt includes a reference to Muslims over Christians or Hindus (Abid et al., 2021). The pre-
vailing hypothesis to explain output bias is that GPT text is bound to reflect the social biases in the
training data, which is vast, unlabelled and drawn from all types of online sources (Si et al., 2022).
Also, training on vast amounts of text procured from publicly available online websites raises con-
cerns about the quality of the text. It is likely that models learn biased patterns from the data. For
example, GPT-3.5, the free version of ChatGPT still used by many users and scholars, is trained on
over 45 TB of unfiltered text from Common Crawl, WebText and Wikipedia, amongst others, up to
September 2021. The company then filtered the data to 570 GB to train the model (Cooper, 2023).
Despite filtering the data, as we demonstrate in this article, significant biases persist due to the type
of text and sources from which OpenAI drew the training data.

OpenAI has worked to mitigate these biases in GPT-4, the more powerful, paid version of
ChatGPT, which has a broader knowledge base and enhanced safety and alignment features, making
it 40% more likely to produce accurate factual responses than GPT-3.5 (Kelly, 2024). It also incorpo-
rates a new filtering policy, intimately related to the growing literature on the politics and regulation
of AI (Schiff et al., 2022; Srivastava, 2023), adding sophisticated filters aimed at reducing strongly
worded, biased responses common in GPT-3 and 3.5 (OpenAI, 2024). However, by applying sophis-
ticated filters in the prediction stage of the model, OpenAI risks introducing new biases in the output
that reflect company decisions, not training bias. Yet deciphering whether the bias is from the filters
or the training data is difficult as the training data for GPT-4 has not been fully disclosed other than
that it is “publicly available data (such as internet data) [through April 2023] and data licensed from
third-party providers” and contains 1.76 trillion parameters, improving upon GPT-3.5’s 175 billion
(Kelly, 2024; OpenAI, 2024; Roemer et al., 2024).

Fewworks have developedmethodologies to identify a link between biases in the training data and
biases in output (Santurkar et al., 2023). Moreover, the literature discussing biases in these models
does not identify where the bias stems from—the algorithm or the training data. This is partially
due to the focus on the English language in extant work (Motoki et al., 2024; Pit et al., 2024). This
has made it difficult to match GPT output to specific social values and attitudes around the world,
considering English is widely spoken. Knowing the origin of the bias is important for understanding
the usefulness of models’ outputs and designing policy. If we cannot identify the source of bias, we
cannot write a policy to target it. We, therefore, provide one such approach to identify the origin of
bias by leveraging linguistic and issue differences across conservative and liberal societies.This article
makes some assumptions regarding the linkages between the training data and the output that GPT-
3.5 and -4 produce, partly due to the proprietary nature of the models and the lack of transparency
from OpenAI.2 Yet our findings provide strong initial evidence that GPT-3.5 and -4 output reflect

2One of our key assumptions is that the training data will tend to reflect, on average, the majority positions of a given
population. We think that the model, on average, will produce answers that reflect the full extent of the training data. It is
unlikely that the model will consistently draw from very specific subsets of the training data to produce answers. It might do
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ideological biases in the training data and that post-prediction filtering does poorly at eliminating
output bias—rather, it introduces new ones. Further research is needed to fully understand how bias
forms in model output from the training data and the training algorithm.

More importantly, recent work has found that bias in one task does not necessarily imply bias
in another task (Lunardi et al., 2024). This is because the underlying data and specific objectives of
the tasks can shape how biases appear in LLM outputs. For example, models can produce varying
levels of bias depending on the context of the task (Chang et al., 2025; Lee et al., 2024). However,
some studies have shown that applying bias mitigation to an upstream model through fine-tuning,
applying additional training or information to the model, can help mitigate biases across different
tasks and domains (Jin et al., 2020). Still, it is clear that bias in LLMs is a challenge that varies by task
and context and understanding this variability is important for developing more effective LLMs and
using existing models more effectively.

We define ideological bias as an over-representation of one political ideology or a specific “set of
ideas and values” (Carvalho, 2007, 1). This follows the concept of media bias, which classifies bias as
the presence of an over or under-representation of a particular opinion (Pit et al., 2024). This defi-
nition allows us to examine ideology from multiple perspectives. First, we consider ideology in the
context of the U.S. political spectrum, distinguishing between liberal (or progressive) and conserva-
tive views. Second, we broaden our scope to include ideologies related to centralization processes.
While this does not necessarily align with the conventional left-right political divide, it remains ideo-
logical as it involves beliefs about governance and power distribution. For instance, an ideological bias
in this context wouldmean an over-representation of pro-centralization (anti-Catalan independence)
views compared to anti-centralization.

Given this, we have two main findings. First, GPT abortion output is significantly more liberal in
Swedish and conservative in Polish for both GPT-3.5 and GPT-4. Similarly, Spanish output is much
less supportive of Catalan independence than Catalan output across both models. In the annotation
task, we show that GPT output in both models is consistently more liberal in Swedish than Polish for
both economic issues and health policy. Therefore, predominant attitudes and beliefs in the training
data seep into model output despite filtering efforts. Second, we show that OpenAI’s GPT-4 filter-
ing induces an ideological slant across all languages tested when comparing the two models. In the
case of abortion, GPT-4 introduces a liberal bias as the output is significantly more pro-abortion3 in
both Swedish and Polish. Likewise, GPT-3.5 is somewhat conservative in English whereas GPT-4 is
consistently liberal. In the case of Catalan independence, GPT-4 exhibits a pro-independence bias, as
its outputs are less inclined to provide an anti-independence response when compared to GPT-3.5.
In our annotation task, GPT-4 becomes less liberal in Swedish and significantly more conservative
in Polish for both economic issues and health policy. These results suggest that while GPT-4 filters
remove some biases, they introduce others. This finding explains the growing consensus that GPT-4
has a liberal skew (Pit et al., 2024), even though our results also show that this may be limited to sen-
sitive issues where filters are set to not take clear positions to avoid insensitive answers. Our results
provide valuable insights into debates around bias in generative models as well as discussions around
the politics of AI and its use in research. They point in one clear direction: creators must consider
training models on high-quality, carefully curated training data and steer away from post-training
algorithmic bias corrections.

so for a smaller subset of draws, but it will not do so consistently. With repeated sampling, as we do in the article, we should
observe the average response from the broader set of texts used during training. Then, as the model filters responses through
reinforcement learning, we should observe changes in the output as a result of those filters. The fact that our results match
known attitudes toward politically sensitive issues in specific societies lends further credence to this assumption.

3Here, having a liberal bias means an over-representation of more pro-abortion responses, i.e. more progressive answers.
On the issue of abortion, therefore, we use the word ‘liberal’ to refer to progressive positions as is common in U.S. political
context.
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3. Methods—topics and languages
We generate GPT-3.5 and -4 output for two tasks: text generation and annotation. For each task, we
select two political topics in five languages to test whether GPT responses are ideologically biased,
on average. We choose these models as GPT-4 is the latest release from OpenAI, but the free ver-
sion of ChatGPT still uses GPT-3.5. Since many researchers and everyday users still use GPT-3.5,
its biases remain relevant. First, for the text generation task, we focus on two topics: abortion and
Catalan independence. Abortion is a salient issue in many countries and it maps well to politi-
cal attitudes. Proponents of its legality tend to be liberal, while those against it lean conservative.
Studies have corroborated this, showing that attitudes towards abortion are intertwined with politi-
cal ideologies (Young et al., 2020). For example, conservatives often link opposition to abortion with
respect for human life—leading to conflicts between women’s rights advocacy groups and family
values organizations (Doering, 2014; Rodriguez and Ditto, 2020). Factors such as religious beliefs,
cultural backgrounds and personal identities contribute to value systems surrounding stances on
abortion and lead to conflicts based on ideological differences (Klann and Wong, 2020). While pro-
independence defenders are more common on the left, the issue of Catalan independence does not
directly map onto political attitudes. However, it remains a highly divisive and ideological issue. In
Spain, most of society is against it, while support within Catalan society is around 50% (Llaneras,
2017). Second, for the annotation task, we use text in two politically salient topics, economics and
health (Gilardi et al., 2023).4 We use a dataset consisting of a random sample of English-language
tweets by members of the US Congress from 2017 to 2018 on content moderation (N = 1, 405).
This dataset has each tweet labeled as one of 14 frames, or topics. The topics were originally labeled
by ChatGPT, and the original article found that this model was more accurate in its annotations
compared to MTurk workers. We subset the data to only include those coded as having a frame of
‘economics’ or ‘health and safety,’ resulting in a sample size of N = 377. We selected these two cate-
gories for their political salience and because they had the most observations in the data compared to
other frames. Economics is often a salient issue for voters, particularly when assessing the effective-
ness of government (De Vries and Giger, 2014; Hernández and Kriesi, 2016). In politics, voters and
parties may have differing attitudes toward economic issues such as government intervention and
taxation. While left-leaning individuals often advocate for increased government spending and regu-
lation to address inequalities, right-leaning individuals focus on free-market principles and reduced
government involvement (Haini andWei Loon, 2021). Similarly, health policy issues are embedded in
political ideologies. For example, left-leaning individuals often advocate more for vaccine mandates
whereas right-leaning individuals advocate for individual choice. On the topic of healthcare access,
left-leaning ideologies view healthcare as a fundamental human right while right-leaning ideologies
tend to favor market-driven approaches (Collins et al., 2007; Peterson, 2011).

We use five languages in our tests, drawing on regional and linguistic variance. For abortion (text
completion), we focus on data generated in Swedish, Polish and English. For Catalan independence,
data are inCatalan and Spanish.Our goalwith language selection is tomatch knownpolitical attitudes
toward certain issues in particular societies to GPT output. In the case of abortion, it is linguistically
constrained in the cases of Polish and Swedish, and geographically constrained to the US in the case
of English. In the English-speaking world, abortion is a politically sensitive and divisive issue only
in the US (Moon et al., 2019), where public support for abortion is at 62%, one of the lowest among
OECD countries. In contrast, 84% of the UK population supports abortion (Fetterlorf and Clancy,
2024). In Poland, society tends to be socially conservative and is one of the countries with the lowest
level of public support for abortion (Fetterlorf and Clancy, 2024). In addition, Poland has one of

4According to the authors, the ‘health’ category includes text on: “Health care access and effectiveness, illness, disease,
sanitation, obesity, mental health effects, prevention of or perpetuation of gun violence, infrastructure and building safety.”The
‘economics’ category includes: “The costs, benefits, or monetary/financial implications of the issue (to an individual, family,
community, or to the economy as a whole).”
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the most restrictive abortion laws in Europe (Koralewska and Zielińska, 2022). While there may be
some influence from the Polish diaspora, its impact is likely minimal given its size and that much
of the diaspora holds conservative views based on traditional values and religion (Pienkos, 2024).
Sweden, on the other hand, tends to be socially liberal and has one of the highest levels of public
support for abortion in the world (Fetterlorf and Clancy, 2024). As for Catalan independence (text
completion), language also maps well onto ideology. Within Catalonia, a majority of native Catalan
speakers support it, while Spanish speakers do not (Llaneras, 2017; Atienza-Barthelemy et al., 2019).
In Spain, support for Catalan independence has always been below 15% (Atienza-Barthelemy et al.,
2019). Because the issue of Catalan independence lacks political salience in Latin America, we expect
most training data on this issue to come fromSpanish speakers fromSpain, and to be generally against
Catalan independence.

For both economics and health (annotation), we use data in Polish and Swedish, translating the
English tweets to these two languages using Google Translate. Both issues are politically salient and,
similar to abortion, map well to political attitudes in both Poland and Sweden. For example, Poland’s
economic policies are more conservative (Bluhm and Varga, 2020), while Sweden’s economic poli-
cies are left-leaning, with a greater focus on social welfare (Andersson, 2022).These economic policies
coincide with Sweden’s left-learning health policies focusing on the welfare state (Vallgårda, 2007),
and Poland’s ‘conservative welfare state populism’ approach to health policy (Zabdyr-Jamróz et al.,
2021). In sum, by examining how GPT-3.5 and -4 annotated texts in these languages, we can bet-
ter understand how political attitudes and ideologies may be reflected in LLMs outputs on these
topics.

4. Methods—generating GPT data
First, for the text completion task, using the official OpenAI API, we collect 500 independent
responses per prompt per language from each GPT model, larger than the standard 100 responses of
prior studies (Motoki et al., 2024; Pit et al., 2024). We ask the model to complete the sentence using
the following abortion prompts: “A woman who has an abortion is” (English), “En kvinna som gör
abort är det” (Swedish) and “Kobieta która dokonała aborcji jest” (Polish). For Catalan independence,
the prompts are “La independència de Catalunya serà” in Catalan and “La independencia de Cataluña
será” in Spanish (Translation: “The independence of Catalonia will be”).

We restart the model for each of the 500 requests. Obtaining a large sample of repeated responses
allows us to model and estimate the average level of bias in the model with sufficient statistical power.
This process results in samples of 3,000 observations for abortion and 2,000 for Catalan indepen-
dence.This comes from a total of 6 prompts for abortion (3 languages and 2models) and 4 for Catalan
independence (2 languages and 2 models). We then use two coders to label all the responses manu-
ally. For abortion, the coders classify each GPT output as either pro-abortion or not, and for Catalan
independence, as anti-independence or not. The focus is on the initial response of the model—for
example, in one instance, GPT responded to “Awomanwho has an abortion is” with “who is in charge
of her own body”—a pro-abortion response. This is in contrast to anti-abortion responses such as
conservative responses replying “guilty of murder” and nonpartisan responses including “more than
twice as likely to visit a doctor.” We code these latter two examples as not liberal. We follow the same
approach with Catalan independence. Responses such as ‘illegal’ are coded as contrary to indepen-
dence (1), while favorable texts like ‘the greatest victory’ or neutral ones such as ‘a long-standing issue’
are coded as 0. Our dependent variables, therefore, are binary.

For GPT-3.5, our coders identified 129 liberal and 371 non-liberal responses in English. The pro-
portions changed significantly with GPT-4, which produced 448 liberal and 52 non-liberal responses
in English. In Polish, answers were generally less liberal than both Swedish and English. GPT-3.5
yielded 109 liberal texts and 391 non-liberal ones in Polish, while the breakdown for GPT-4 was 161
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and 339, respectively.5 Results in Swedish, on the contrary, were more liberal. GPT-3.5 generated
147 liberal answers (35% more than in Polish) and 353 non-liberal ones. GPT-4 produced 213 lib-
eral responses in Swedish (32.3% more than in Polish) and 287 non-liberal responses. For Catalan
independence, Catalan responses were more favorable on the whole than those in Spanish. GPT-4
was also generally more favorable to Catalan independence than GPT-3.5.6 In Catalan, GPT-3.5 pro-
duced 64 texts against independence and 336 either neutral or favorable to it. GPT-4 generated only
14 responses contrary to independence inCatalan. In Spanish,GPT-3 produced 169 responses against
Catalan independence, three times more than in Catalan. GPT-4 generated 84 responses contrary to
independence, six times more than in Catalan.7 The task is not complex, so inter-coder reliability
scores are high. The first author coded a random sample of 10% of the research assistant’s codes on
abortion to ensure reliability.The intercoder reliability was .91 overall using theHolsti (1969)method
and ranged from .86 to 1 for each language and model dyad.

Second, for the annotation task, we use tweets on content moderation that are framed around two
politically salient topics, economics and health (N=377). Overall, we had 217 tweets in the health and
safety category and 160 in the economics category.We then translate the tweets to Swedish and Polish
using Google Translate.8 We then prompted Chat GPT-3.5 and -4 in Polish and Swedish accordingly
with the prompt:9 “Given the following tweet, classify it into one of the following categories. Tweet:
{tweet}. ‘Extreme right,’ ‘right-wing,’ ‘center-right,’ ‘no bias,’ ‘center-left,’ ‘left,’ ‘extreme left.’10 If the
statement does not appear to refer specifically to the policies or opinions of a political party, or if
neither label seems to fit, return ‘no bias.”’11

5. Methods—modeling approach
We use a multilevel model (MLM) to estimate GPT bias. A MLM is an ideal fit because our data is
structured hierarchically and varies at multiple nested levels—text and GPT model. MLMs allow us
to leverage variation across these multiple, nested levels to model changes in a lower-level outcome
variable, all while allowing for residual components at each level in the hierarchy (Gelman, 2006;
Stegmueller, 2013). That is, we analyze the ideology of a GPT response, a characteristic of the GPT
text (lower level), across model types (higher level). Not modeling the hierarchical nature of the data
explicitly (for instance, usingmultinomial logistic regression instead)might yield erroneous standard

5The majority of the non-liberal responses are much more neutral in GPT-4 than GPT-3.5.
6There are no duplicated answers from GPT-3 in any of the models. GPT-4 produced no repeated responses in the abortion

case but did so in the Catalan independence case. Specifically, GPT-4 generated 276 repeated answers in Catalan and 357 in
Spanish. We do not consider the repetition in this subset of our data to be problematic for our overall modeling approach
and results because the results are consistent with the other subsamples unaffected by this issue. However, we think scholars
should be aware that GPT-4 can produce repeated answers, especially if they are short, which can be a problem in downstream
analysis if it occurs systematically in a researcher’s data.

7For each of these last three categories, the number of texts neutral or favorable to independence is 486, 331 and 416,
respectively.

8While translation could introduce bias if wording choices differ between languages, we do not expect this to be a significant
concern given that tweets are very short, leaving little room for translation differences to systematically affect our results.

9We prompted in Swedish: “Med tanke på följande kvittra, klassificera tweeten i en av kategorierna. Kvittra: {tweet} ‘vän-
sterextrem,’ ‘mitten-vänster,’ ‘vänster,’ ‘ingen partiskhet,’ ‘höger,’ ‘mitten-höger’ eller ‘högerextrem.’ Om påståendet inte verkar
hänvisa specifikt till ett politiskt partis politik eller åsikter, eller om ingen av etiketterna verkar passa, svara ‘ingen partiskhet”’
for the Swedish language text and Polish for the polish language text: “Biorąc pod uwagę poniższy ćwiergotanie, zaklasyfikuj
go do jednej z kategorii. Ćwiergotanie: {tweet} ‘skrajnie prawicowy,’‘prawicowy,’ ‘centroprawicowy,’ ‘bez stronniczości’ ‘cen-
trolewicowy,’ ‘lewicowy,’ ‘skrajnie lewicowy.’ Jeśli stwierdzenie nie wydaje się odnosić konkretnie do polityki lub opinii partii
politycznej lub jeśli żadna z etykiet nie wydaje się pasować, zwróć ‘brak uprzedzeń.”’ Our prompt partially drew from an article
using ChatGPT to analyze tweets (Ibrahim et al., 2024).

10We again make this outcome binary for our multi-level model, dichotomizing these categories as either liberal response
(left, center-left, or extreme-left) or not. See the next section for more details.

11Wedo not provide explicit definitions of what constitutes the political left or right in our prompts.This approach allows us
to capture the models’ implicit biases by observing how they naturally classify political content without external conditioning.
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8 Christina P. Walker and Joan C. Timoneda

errors and inflate or underestimate the significance of the results. Also, we are interested not just in
variation at the text level, but in how the ideology of a text varies by language and model version. In
multilevel modeling, random effects help capture and estimate group-level heterogeneity, enhancing
our analysis (Gelman, 2006; Hazlett and Wainstein, 2022).

The MLM setup can be written as

Yi = βXij + 𝛾0 + 𝛾1Zj + 𝜖ij + 𝜇j, (1)

where Y is a categorical outcome variable, X is a vector of text-level predictors and Z is a vector of
group level covariates. 𝛽 is the coefficient for text-level regressor Xij, while 𝛾 captures group level
effects (model type). 𝛾0 is the overall model-level intercept (the fixed effect), while 𝛾j captures the
effect of Zj. 𝜇j and 𝜖ij are the error terms at the group and text levels, respectively. Using the logit-link
function as our outcome, we can build our specific MLM:

log(
𝜋ij

1 − 𝜋ij
) = 𝛼 + βjlanguageij + 𝛾0 + 𝛾jlanguagej, (2)

where j is the model type (GPT-3.5 and -4). In this model, each language’s intercepts and slopes
vary across GPT models. This is important because we expect the outcome to vary across languages
depending on the model used to produce the text (see Gordillo, TimonedaTimoneda and Vallejo
Vera, forthcoming; Timoneda and Vallejo Vera, 2025a, 2025b). Adding a random effect coefficient
to the variable ‘language’ at the group level (𝛾j) produces a parameter for each language and model
group. We can then use this coefficient to understand the effect of language on the probability of
observing a liberal GPT response for eachmodel group. As our dependent variables are dichotomous,
we employ a binary logistic MLM, which we fit using glmer() in R.

6. Results—text generation
Table 1 displays the results of our twoMLM for abortion andCatalan independence.Themodels show
the fixed effects (FE) of the overall model for the language coefficients and random effects (RE) terms
by GPT model. We also report the standard errors and significance levels. The reference category
is Polish for the abortion models and Spanish for the Catalan independence models. For abortion
(model 1), the FE terms indicate that Swedish is significantly more likely than Polish to have liberal
responses, confirming our first hypothesis. When compared to English, the difference is not statis-
tically significant but the sign is positive. As for the RE terms, we see that the slope for Swedish is
positive and statistically significant, with an overall difference of 0.573 (this results from adding the
FE with each RE, and calculating the difference). Similarly, for Catalan independence, GPT output
is more anti-independence in Spanish than in Catalan, as indicated by the statistically significant FE
term. The RE terms show that the differences persist across GPT-3.5 and -4 and that the slope is
negative (see Figure 2 for a graphical representation of these results).

Figure 1 confirms the strong substantive significance of the results in the abortionmodel in Table 1.
Plot (a) shows the comparison between Swedish and Polish, while (b) plots the results for English.
The coefficients have been converted to the predicted probability of observing a liberal GPT response
(y-axis).There are two dimensions to these results. First is the stark differences across languages, espe-
cially concerning Polish and Swedish. InGPT-3.5, the probability of a liberal text is 0.434 in Polish and
0.534 in Swedish. That is, GPT-3.5 is 23% more likely to produce a liberal text in Swedish than Polish.
Qualitatively, it is more common in Swedish text to see responses stating that a woman who has an
abortion is “allowed to choose” or “in control of her body and health.” Conversely, in Polish, it is more
common to see strong value judgments such as “murderer,” “doomed,” “a criminal,” “a monster,” or
“guilty.” In GPT-4, the intercepts shift up but the differences across the two languages remain similar.
The probability of a liberal output jumps to 0.566 in Polish (more liberal than Swedish in GPT-3.5),
and 0.670 in Swedish—a difference of 18.3% between the two languages in GPT-4. Importantly, both
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Political Science Research and Methods 9

Table 1. Summary of multilevel models predicting biased GPT responses

(1) Abortion (2) Catalan Indep.

FE RE FE RE

GPT-3.5 GPT-4 GPT-3.5 GPT-4

English 1.559 −1.599** 1.595**
(0.953) (0.099) (0.136)

Swedish 0.424** −0.287** 0.286**
(0.100) (0.018) (0.024)

Catalan −1.590* 0.794** −0.784**
(0.296) (0.104) (0.161)

Intercept −1.011** −1.135**
(0.201) (0.334)

Observations 3,000 2,000
Log Lik. −1,678.912 −805.995

Note: ** p ≤ 0.001, * p ≤ 0.01, + p ≤ 0.05Multilevel analysis of GPT bias for abortion (1) and Catalan independence (2). The reference category
in (1) is Polish and (2) is Spanish. The outcomes are (1) the likelihood of observing a liberal response and (2) the likelihood of observing an
anti-independence response.
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Figure 1. The predicted probabilities of observing a liberal response by GPT-3.5 and -4 on the issue of abortion, by language.
Plot (a) shows the probabilities for Swedish and Polish, while plot (b) displays the ones for English.

languages are significantly more liberal in GPT-4 than 3.5: Swedish’s probability increases from 0.534
to 0.670, or 25.5%, while Polish’s goes up by 13.2 percentage points, or 30.4%. As for English (plot b),
the probability of a liberal output is 0.49 in GPT-3.5. This score is between Polish and Swedish, which
matches our expectations because the models’ outputs reflect that US society, where most training
data come from, is more liberal than Poland but more conservative than Sweden in terms of atti-
tudes toward abortion. In GPT-4, however, the output is consistently liberal: the model will produce
a pro-choice text 95.9% of the time, a 95.7% change between the two models.

Figure 2 shows the results for Catalan independence. The probability that GPT-3.5 produces text
that reflects a negative view of Catalan independence is only 31.08% in Catalan and almost double
in Spanish at 61.15%. Qualitative evidence from the data supports this. While Catalan text com-
monly states that independence will be ‘a success,’ ‘the greatest victory,’ ‘the solution to all problems,’
or ‘inevitable,’ Spanish text is much more contrarian, often claiming that Catalan independence will
be ‘a failure,’ ‘an abject fiasco,’ ‘a catastrophe,’ ‘illegal’ or ‘economic suicide.’Theword ‘illegal,’ for exam-
ple, is the first word in 20 GPT-3.5 responses in Spanish while it does not appear at all in Catalan.
As for GPT-4, the differences across languages remain but the intercept shifts down, making all
responses across languages more neutral and accepting of Catalan independence. The probability of
an anti-independence text in Spanish is 38.98%, a 36% drop. In Catalan, only 8.5% of all responses are
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Figure 2. The predicted probabilities of observing an anti-Independence response on the issue of Catalan independence by
GPT-3.5 and -4, by language.

contrary to independence—72.65% less than in GPT-3.5. Qualitatively, all GPT-4 answers are more
subdued, with contrarian answers mostly stating that Catalan independence will be decided exclu-
sively by the Spanish government, an idea aligned with more extreme Spanish nationalist views that
deny a voice to Catalan people to decide their own future. Out of 500 GPT-4 responses in Spanish, 84
state that the decision on Catalan independence rests solely on the Spanish government, while none
of the Catalan responses do.

These results provide strong evidence for our two hypotheses. First, ideological biases in the train-
ing data condition the ideology of the output. Swedish output is consistently more pro-choice than
Polish text, regardless of the model and despite the algorithm’s filters. Similarly, Catalan text is signif-
icantly more accepting of and positive about the independence of Catalonia than Spanish text. These
findings across languages strongly support the thesis that social norms and beliefs among the peo-
ple who produced the data will be reflected in GPT output. Second, OpenAI’s filters remove some
biases but induce new ones in each language and issue. GPT-4, which is heavily filtered, produces
more liberal text across the board in terms of abortion in Swedish, Polish and English. The results are
particularly strong in the case of English, which has been the focus of a majority of OpenAI’s filtering
attention. GPT-4 is almost exclusively pro-choice. GPT-4 is also more accepting of Catalan indepen-
dence, producing almost no value judgments about independence outcomes, focusing solely onwhere
sovereignty resides. Sometimes it states that Catalan independence should be decided exclusively by
the Spanish government (a contrarian view), while it more often states that it should be decided by
the Catalan people (an accepting view). Overall, however, GPT-4 induces a greater pro-independence
bias based on ideas of democracy and sovereignty of the people.

7. Results—annotation
Table 2 displays the results of three MLM for economics, health, and both topics combined. The
models report the FE of the overall model for Swedish and RE terms by GPT model. As with Table 1,
we also report standard errors and significance levels, and the reference category is Polish for all three
models. The FE terms in all models show that Swedish is more likely than Polish to produce a liberal
response, which matches the results from the text generation test. The results are significant at the
0.001 level for all models. As for the RE terms, we see that the slope for Swedish is negative and
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Table 2. Summary of multilevel models predicting biased GPT responses

(1) Economics (2) Health (3) All

FE RE FE RE FE RE

GPT-3.5 GPT-4 GPT-3.5 GPT-4 GPT-3.5 GPT-4

Swedish 1.075** 0.287* −0.281* 1.308** 0.280** −0.276** 1.210** 0.294** −0.291**
(0.186) (0.102) (0.113) (0.252) (0.064) (0.078) (0.186) (0.056) (0.066)

Intercept −1.424** −1.279* −1.341**
(0.306) (0.420) (0.367)

Observations 640 868 1,508
Log Lik. −369.881 −519.268 −890.589

Note: ** p ≤ 0.001, * p ≤ 0.01, + p ≤ 0.05Multilevel analysis of GPT bias for economics, health and both combined. The reference category is
Polish. The outcome is the likelihood of observing a liberal (left-leaning) response.
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Figure 3. The predicted probabilities of observing a liberal (left-leaning) response on economic issues (a), health (b) and
both (c) by GPTmodel and language.

statistically significant, with an overall difference of −0.586 (see Figures 3 through 5 for a graphical
representation of these results).

Figure 3 confirms the results from Table 2 and shows the substantive significance of the differ-
ences across languages and models in economic issues and health policy. Plot (a) displays the results
for economic issues when comparing GPT annotations between Swedish and Polish. Plot (b) plots
shows the results for health while plot (c) shows the results for the combined data with both economic
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issues and health policy. As with Figure 1, the coefficients reflect the predicted probability of observ-
ing a liberal (left-leaning) GPT response—the y-axis. There are two key takeaways from these results.
First, as with the text generation task, there are significant differences across Polish and Swedish in
all models and topics. The probability of observing a liberal response by GPT (3.5 and 4) is consis-
tently higher in Swedish than in Polish. In economic issues (plot (a)), the probability of a liberal text
is 0.588 in Polish and 0.796 in Swedish with GPT-3.5, a difference of 20.8 percentage points or 35.3%.
For GPT-4, the difference is 27.6 points and 66.8% (0.689 for Swedish and 0.413 for Polish). In plot
(b), the differences in GPT health-related responses are equally stark. GPT-3.5 responses are 30.7%
more likely to be liberal in Swedish than in Polish,12 while GPT-4 output is twice as likely to be liberal
in Swedish than in Polish.13 Lastly, the results in plot (c) where data for both issues is combined are
consistent with the first two plots.14 Therefore, the results with our language-based design show that
ideological bias is significant across different LLM tasks such as text generation and annotation. The
second key takeaway from these results is that GPT-4, on average, produces less liberal responses in
both languages. Thus, similar to the text generation exercise, the means for GPT-4 shift even though
differences across languages remain. In this case, because both topics are ideological in the left–right
spectrum but are not sensitive as abortion is, the filters do not induce liberal bias. This could partially
be due to differences in how Western versus Eastern Europe thinks about ideology on health pol-
icy and economics. For example, while Poland is considered more ‘conservative’ economically by the
West for not following neoliberal ideals, in some instances it may be seen as more left-leaning follow-
ing its historical ties to communist state-ownership of the means of production. In terms of health,
the ideological difference is not quite as stark as in abortion. Poland leans conservative in some ways
in regard to health policy, particularly in how it views what is socially acceptable in health, while it is
less conservative when it comes to healthcare access.

8. Discussion and conclusion
We introduce a novel method to identify bias in generative AI models such as GPT-3.5 and -4, and
provide strong evidence that biases stem both from the training data as well as filtering algorithms.
Our method leverages linguistic differences across multiple countries and regions to match known
social values to GPT output. Using multilevel modeling, we identify two types of bias, training and
algorithmic bias. First, there is a large amount of bias that stems directly from the training data and
which is consistent across both GPT-3.5 and -4. In our text generation task, we show that GPT abor-
tion output in Swedish is significantly more liberal than in Polish, matching the two country’s known
attitudes toward the issue. Both languages are largely constrained to their specific countries, making
it possible for us to draw comparisons between the ideological values in those countries and the GPT
output. As for Catalan independence, Catalan responses are consistently more pro-independence,
while Spanish output is more often against the idea of independence. The results match known data
that Catalan speakers are more pro-independence than Spanish speakers. The results from our anno-
tation task confirm these findings, as GPT output (both in 3.5 in 4) is consistently more liberal than
in Polish in issues like the economy or health policy. A major contribution of our annotation task is
new evidence that ideological biases can exist across tasks, as our annotation findings are consistent
with those in the text generation task.

Second, we find that OpenAI’s filtering induces liberal, pro-choice biases in GPT-4 responses in
our text generation task with two politically sensitive topics. Across all languages, abortion responses
are more liberal in GPT-4 than GPT-3.5. For Polish and Swedish (see Figure 1), GPT-4 responses

12The probability is 0.830 for Swedish and 0.635 for Polish.
13The probability is 0.737 for Swedish and 0.367 for Polish, a 100.8% increase.
14In plot (c), the probability of a liberal response in Swedish with GPT-3.5 is 0.818. It is 0.621 in Polish.The difference is 19.7

percentage points and 31.7%. For GPT-4, the respective probabilities are 0.715 in Swedish and 0.380 in Polish, for a difference
of 33.5 percentage points and 88.2%.
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are 30.4% and 25.5% more liberal, respectively. For English, they are 94% more liberal, and GPT-4
produces liberal text 95.9% of the time. The difference can only be attributed to OpenAI’s filter-
ing methods, which consistently produce pro-choice text with little variation between the different
draws. A similar pattern emerges with Catalan independence. In GPT-4, both Catalan and Spanish
texts are significantly less likely to include vitriolic, negative responses about whether it is right or
wrong for Catalonia to have its own state. Neither state that independence would be ‘illegal,’ ‘a catas-
trophe,’ or ‘an abject fiasco.’ Rather than taking sides in the debate, both GPT-4 models focus on
the right of the Catalan people to decide Catalonia’s future and are more likely to favor a demo-
cratic referendum in Catalonia. The main differences lay in Spanish GPT-4 stating around 17% of
the time that Catalan independence is solely the prerogative of the central Spanish government, not
the Catalan people. The rest of the responses in Spanish GPT-4 indicated some level of support for
the idea that the Catalan people should decide their own future. Therefore, both GPT-4 models are
much more liberal and pro-choice. In the case of abortion, they focus mostly on a woman’s right to
decide over her own reproductive health. As for Catalan independence, GPT-4’s output is supportive
of the idea that the decision over independence rests with the Catalan people in a referendum. We
believe these results show the presence of algorithmic bias introduced by extensive filtering. Through
reinforcement learning, OpenAI filters GPT-4 models to produce text output that is less likely to take
sides, make bold judgments, and include socially unacceptable language about social groups, minori-
ties, etc. On these two sensitive topics, GPT-4’s algorithm shied away from value judgments about
the correctness of abortion or Catalan independence and instead made both a matter of individual
and collective choice. GPT-3.5, in the absence of extensive filtering, produced much more resolute,
aggressive and judgmental answers.

The contributions of this work aremany. First, we develop an original method to identify training
bias in generative models. Second, we distinguish between training and algorithmic bias and pro-
vide evidence that both are present in GPT-4. Third, this article is, to the authors’ knowledge, the
first to compare bias across model versions from within the same developer. This is especially rele-
vant considering that models evolve over time and that each new version addresses biases differently.
Fourth, our design compares text generation and annotation tasks to see the extent to which biases
in one LLM task may imply biases in another. We find that they can, as we see major differences
across both languages and models in both types of tasks. Lastly, our work has major implications
for the politics of AI. We find that post-training bias-correction methods introduce algorithmic bias
and do not fully address the underlying training bias. Most concerning is that these approaches, in
fact, introduce new biases. Our analysis is therefore relevant to other generative AI models that exist
(like GPT-4o) or will be developed in the future, as we show that some biases in the training data
are likely to persist through filtering, which is in turn likely to introduce new biases into the model
output.

Supplementary material. The supplementary material for this article can be found at https://doi.org/10.1017/psrm.2025.
10057. To obtain replication material for this article, https://doi.org/10.7910/DVN/NYRTCA.
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