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Abstract

We ask whether topic sentiment has a causal
effect on perceived political ideology, and
whether the answer depends on who assigns
the ideology label. Using articles from All-
Sides, paired with shared sentiment annota-
tions from Llama-3.3-70b-versatile, we com-
pare ideology labels from expert human anno-
tators, GPT-4o-mini (baseline and finetuned),
and Llama-3.3-70B. We apply Double Ma-
chine Learning (DML) and community-level
mediation analysis across all four annotation
paradigms. Human annotations yield no sig-
nificant causal effects at the community level.
Fine-tuned GPT-4o-mini achieves the highest
classification accuracy (F1=72.48) and is the
only annotator paradigm that produces signif-
icant community-level treatment effects and
significant natural direct effects (NDEs) in me-
diation. We interpret this as evidence of short-
cut learning: fine-tuning on ideology-labeled
data causes the model to internalise a spurious
sentiment–ideology coupling not operative in
human judgment for this task. This coupling
is structurally invisible to F1-based evaluation,
with implications for the use of LLM annota-
tions as silver labels and as proxies for human
judgment in downstream causal analyses.

1 Introduction

There is growing interest in using large language
models (LLMs) as low-cost, scalable surrogates for
human participants in social science research (Hor-
ton, 2023; Li et al., 2024). This work suggests that
LLMs may replicate aspects of human behavioral
and judgmental responses in ways that make them
useful proxies for study participants.

However, validating that LLM outputs corre-
late with human outputs does not establish that
LLMs arrive at those outputs through the same
underlying processes. Gao et al. (2025) provide
a cautionary empirical demonstration: even in a
simple economic game, advanced LLMs fail to

replicate human behavior distributions, with failure
modes that are inconsistent and difficult to predict.
This raises a deeper question about causal fidelity:
whether the features that causally drive LLM pre-
dictions are the same features that causally drive hu-
man judgments. Existing validation studies assess
output-level agreement; none, to our knowledge,
test whether the causal structure of LLM decisions
mirrors that of human decisions.

Concretely, focusing on topic-level sentiment as
a specific, interpretable feature class, we define a
causal question: What is the causal effect of topic
sentiment on perceived ideological stance in news
articles? Following Pearl (2001), we operational-
ize this question by defining appropriate counterfac-
tuals and using a combination of NLP techniques
and causal inference methods. We hold sentiment
annotations constant across all experimental con-
ditions and vary only the ideology labels, compar-
ing expert human annotations from AllSides with
predictions from GPT-4o-mini (baseline and fine-
tuned) and Llama-3.3-70B. This design isolates
differences attributable to the annotation source
itself, enabling a direct test of causal fidelity.

We apply our framework to a subset of the All-
Sides expert-labelled test articles using Double Ma-
chine Learning (DML; Chernozhukov et al., 2018)
for causal effect estimation and mediation anal-
ysis (Pearl, 2001) to decompose direct and indi-
rect pathways. We find that topic sentiment has a
significant causal effect on predicted ideology for
LLM annotators, particularly the finetuned GPT-
4o-mini model, but not for expert human annota-
tors. Mediation analysis reveals significant natural
direct effects (NDEs) for finetuned GPT annota-
tions that are absent in the other three paradigms
(baseline GPT-4o-mini, Llama-3.3-70B, and expert
human annotations), with directional sign reversals
in total effects between human and LLM annota-
tors across multiple communities. These findings
suggest that, depending on topic groupings, LLM
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ideology predictions are more tightly coupled to
sentiment-correlated textual features than human
judgments, a difference invisible to output-level
comparison.

Our contributions are as follows:

1. We propose a causal framework for testing
annotation fidelity (comparing human and
LLM annotators by holding sentiment con-
stant and varying only ideology labels) that
directly probes whether LLMs replicate the
causal structure of human judgments rather
than merely their outputs.

2. We demonstrate that LLM-predicted ideology
labels surface significant sentiment-ideology
causal effects that are absent in expert human
annotations, with implications for the use of
LLM-generated silver labels in downstream
causal analyses.

2 Related Work

Sentiment and Ideology in Media. The relation-
ship between sentiment, topic coverage, and politi-
cal ideology has been studied across multiple do-
mains. Smirnova et al. (2017) demonstrate that sen-
timent patterns in news coverage of specific topics
correlate with ideological positioning, while Bhatia
and Deepak (2018) show that topic-specific senti-
ment analysis can help predict political ideology.
Bestvater and Monroe (2023) draw a distinction
between sentiment and stance, arguing that target-
aware classification is necessary for political text
analysis. Beyond news media, similar sentiment-
ideology relationships have been observed in con-
gressional speech (Gentzkow et al., 2019) and leg-
islator tweets (Spell et al., 2020). Our work differs
from these studies in that we move beyond corre-
lational analysis to estimate causal effects of topic
sentiment on ideology, and we compare these ef-
fects across human and LLM annotation sources.

Causal Inference in NLP. Causal inference
methods have been applied to text analysis across
a range of settings. Feder et al. (2022) provide a
comprehensive survey of causal inference in NLP,
covering settings where text serves as treatment,
outcome, or confounder. Veitch et al. (2020) pro-
pose using text embeddings to adjust for confound-
ing in causal inference, while Keith et al. (2021)
develop a framework for text as causal mediator, es-
timating direct and indirect effects of social group
signals through language. Tierney and Volfovsky

(2021) apply causal mediation analysis to politi-
cal polarization through text. In parallel, causal
methods have been applied to understand LLM be-
havior, including gender bias detection via causal
mediation analysis (Vig et al., 2020), mechanis-
tic interpretation of arithmetic reasoning (Stolfo
et al., 2023), and assessment of LLM comprehen-
sion (Han et al., 2025). Our work contributes to
this literature by applying causal inference not to
explain model internals, but to diagnose systematic
differences between human and LLM annotation
behavior.

LLMs as Human Surrogates. A growing body
of research explores whether LLMs can substitute
for human participants in social science tasks (Hor-
ton, 2023; Li et al., 2024; Ma et al., 2025; Wu et al.,
2023; Strachan et al., 2024). Despite this promise,
Gao et al. (2025) provide a cautionary counterpoint:
in an economic game requiring strategic reason-
ing, LLMs consistently fail to replicate the human
behavior distribution, with failure modes that are
inconsistent across models and input variations.
These studies evaluate output-level agreement be-
tween LLMs and humans; our work complements
them by asking whether the causal structure of
LLM decisions, specifically which features drive
predictions, mirrors that of human annotators.

Double Machine Learning. Our causal estima-
tion relies on Double Machine Learning (DML),
introduced by Chernozhukov et al. (2018), which
provides root-N consistent estimates of treat-
ment effects in the presence of high-dimensional
confounders by using cross-fitting and Neyman-
orthogonal score functions. DML is particularly
suited to our setting because it accommodates
the high-dimensional topic-presence confounders
while allowing flexible first-stage models for the
treatment and outcome nuisance functions.

3 Experimental Setup

3.1 Dataset and Expert Human Baseline
AllSides tags both news sources and individual arti-
cles with categorical ideology ratings (Left, Center,
Right); both kinds of labels are assigned through
multiple rounds of review and consensus-building
among a team of in-house experts1. These AllSides
article-level expert labels serve as our expert hu-
man baseline throughout the paper and the same

1Details on the AllSides news curation policy can be found
at https://www.allsides.com/about/news-curation-principles.
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labels are compared against each LLM paradigm
under an identical experimental pipeline. Our arti-
cle corpus consists of expert-labelled articles drawn
from AllSides, building on the corpus released by
Baly et al. (2020) and collected under the same
news-curation protocol. To support reproducibil-
ity we release article-level metadata (source URL,
outlet, ideology label, topic tags) together with the
topic-sentiment annotations used in this paper, cov-
ering both the experimental subset and a broader
collection of additional articles.2 Our analyses op-
erate on an N = 1,265 set of expert-annotated
articles. This size reflects API budget constraints
on the sentiment extraction and ideology classifi-
cation pipelines; it was expanded after the original
submission (and reflected in the linked dataset), but
extension results are not included in this paper.

3.2 Causal Framework

We model the relationships between article content,
sentiment, and ideology using the causal diagram in
Figure 1, which formalizes our assumptions about
the data-generating process and determines which
variables must be controlled for to obtain unbiased
causal estimates.

We define the following variables:

• X: (text) the full article text.

• T : (topic tags) AllSides topic tags (e.g. Poli-
tics, Government Efficiency, Foreign Affairs).

• F : (sentiment) sentiment toward each topic,
inferred from article text using Llama. Details
are provided in Section 3.4.

• Y : (perceived ideology) the ideology label
assigned by the annotator (human and LLM).

Text (X)

Sentiment (F )

Pred. Ideology (Y )Topic (T )

Figure 1: Complete causal diagram for article ideology
classification. Note, we do not include article text in our
investigations.

2Available at https://huggingface.co/datasets/
upasanachatterjee/AllSides-sentiments

Each arrow represents a hypothesized causal di-
rection. The arrow from X to Y reflects that article
content affects perceived ideology. The arrow from
F to X reflects that sentiment toward a topic in-
fluences the written text. The bidirectional dashed
arrow between T and F captures the mutual re-
lationship between topics and sentiment: certain
topics tend to evoke particular sentiments, while
prevailing sentiment patterns influence which top-
ics receive coverage.

In practice, each node expands into many vari-
ables. Figure 2 illustrates this: each sentiment node
F corresponds to a distinct topic, and sentiment to-
ward one topic (FT , the treatment) may influence
sentiment toward other topics (FM1 , FM2 , . . ., the
mediators), which in turn affect ideology classi-
fication Y . The structural relationships between
variable types remain as in Figure 1; what changes
is the dimensionality within each node.

The diagram represents a partial model of the
labeling process: for human annotators, an abstrac-
tion of one cognitive channel (sentiment toward
salient topics) used in arriving at an ideology label;
for LLM annotators, an abstraction of one channel
of the labeling pipeline. We apply the same SCM
to both paradigms and compare them through this
shared structural lens. That a single structure fits
both is itself an assumption, and one of the things
this paper effectively probes. Many additional fea-
tures plausibly enter both judgments (illustrated
in Figure 2); we deliberately scope to topic-level
sentiment to keep the experimental design tractable
and the estimands interpretable.

Applying a single SCM to both paradigms means
we are comparing per-annotator conditional distri-
butions p(Y | X, annotator) under a shared struc-
tural assumption rather than claiming the under-
lying processes are the same. Human annotators
bring deliberation, prior beliefs, source/outlet pri-
ors, and between-annotator consensus dynamics
that the diagram does not encode; LLM annotators
carry training-data composition, instruction tuning,
architecture, and hyperparameter choices that are
likewise absent. Both sets of factors are absorbed
into the per-annotator estimator for simplicity, at
the cost of losing some nuance. As a result, diver-
gences in estimated effects across annotators reflect
the combined contribution of these unmodeled fac-
tors operating through the sentiment channel we
do model. A more complete account would re-
quire separate causal probing of each annotator’s
data-generating process, which we treat as future
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work.

Uprior Uproc Uoutlet

FT FM1 FM2

X Y T

Figure 2: Expanded setup: sentiment variables as media-
tors. Blue arrows show treatment-to-mediator paths; red
shows mediator-to-outcome paths. Grey nodes denote
labeller-side factors absorbed into the per-annotator es-
timator and not modelled in this experiment.

The roles of each variable in the estimation
framework are:

Treatment Variable (FT ): Sentiment toward a
specific topic of interest (e.g., sentiment toward
“Immigration” or “Healthcare”). This is the vari-
able whose causal effect on ideology we seek to
estimate.

Outcome Variable (Y ): The ideology label
(Left/Center/Right) assigned to the article.

Mediator Variables (FM1 , FM2 , . . .): Sentiment
toward all other topics present in the article. These
lie on the causal pathway between treatment senti-
ment and ideology: sentiment toward one topic
may influence sentiment toward related topics,
which in turn affects ideology classification. Blue
arrows in Figure 2 show these paths.

Confounder Variables: T (topic presence) is the
primary confounder, since the presence of a topic
influences both sentiment toward it and the overall
ideological character of the article.

We additionally restrict the analysis to articles
containing the treatment topic, preventing invalid
comparisons between articles that discuss a topic
and those that do not. This design supports two
complementary families of causal estimands. The
Average Treatment Effect (ATE) captures the over-
all causal impact of topic-community sentiment
on ideology prediction, averaged across all arti-
cles in a community. Mediation analysis (Pearl,
2001) decomposes this total influence into a Natu-
ral Direct Effect (NDE), the portion of sentiment’s
impact that operates independently of other topic
sentiments, and a Natural Indirect Effect (NIE), the

portion that is mediated through co-occurring topic
sentiments; the two sum to the Total Effect (TE).
Together, these estimands allow us to ask not only
whether sentiment toward a topic is causally asso-
ciated with ideology prediction, but also through
which pathways that association operates. Com-
paring human and LLM-derived estimates across
both ATE and mediation quantities can reveal dif-
ferences in how annotation sources represent these
causal structures.

Two experimental notes that we want to make
explicit:

• F is observational. The treatment is a senti-
ment summary statistic extracted from X , not
a manipulation of the article itself. Identifica-
tion leans on conditional ignorability given T
together with DML’s nuisance modelling, not
a natural-experiment design.

• Under greedy decoding, Y is a determinis-
tic function of X for a fixed annotator, so re-
ported variability is across-article rather than
within-article.

3.3 LLM Selection and Performance

LLM F1-Macro

Finetuned GPT-4o-mini 72.48
GPT-4o-mini 50.07
Llama-3.3-70B-versatile 54.61

Table 1: Baseline LLM performance on AllSides politi-
cal ideology classification.

Table 1 shows the best model performance, eval-
uated against the expert human baseline as the
ground truth. LLM evaluation setup details are
provided in Appendix A.1.

We tested a few different large language
models from the GPT and Llama families on
the ideology prediction task and selected the
gpt-4o-mini-2024-07-18 model snapshot for ad-
ditional finetuning. This model was selected as it
offered the most favorable balance between classi-
fication accuracy (as demonstrated in our baseline
experiments) and computational cost among avail-
able OpenAI models. Details about the finetuning
process and hyperparameters are provided in Sec-
tion A.4.
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3.4 Topic Sentiment Extraction

To extract sentiment variables (F ), we apply a two-
step process to the full article text (X): first, named
entities and key concepts are extracted and assigned
sentiment polarity on a continuous scale from −1.0
(strongly negative) to +1.0 (strongly positive); sec-
ond, each entity is associated with predefined topic
tags assigned by the AllSides team, and entity sen-
timent scores are aggregated by topic to produce
a per-topic sentiment profile for each article. Full
model and implementation details are provided in
Appendix A.2.

3.5 Community Detection

To identify the topical structure of the article cor-
pus, we apply the Louvain community detection
algorithm to a co-occurrence graph of topic tags,
where nodes are tags and edge weights reflect
how often two tags appear together in the same
article. Louvain is well-suited to this setting be-
cause it maximises modularity directly on the co-
occurrence graph, grouping topics that frequently
co-appear into the same community. Since co-
occurrence is a direct measure of how strongly
two topic treatment columns move together across
articles, the resulting communities correspond to
natural clusters of correlated treatments. Graph
construction details are provided in Appendix A.3.

For our community-level multi-treatment DML
experiments, we limited our analysis to communi-
ties where each topic has at least 5 articles, leaving
nine communities.

3.6 Experimental Settings

We use LinearDML (Chernozhukov et al., 2018)
with PCA-reduced confounders and continuous
sentiment scores, with bootstrap confidence inter-
vals (B = 2000). Full experimental settings are
provided in Appendix A.3.

4 Experiments and Results

All experiments are conducted across four annota-
tion paradigms: the LLMs introduced in Table 1
and expert human-annotators. This multi-way com-
parison allows us to examine whether causal rela-
tionships are stable across annotation approaches
or vary systematically between human judgment
and large language models3.

3Code available at https://github.com/upasanachatterjee/
causal-inference-on-text

Estimation Details. The outcome variable Y
is encoded as an ordinal (Left = 0, Center =
1, Right = 2) and treated as continuous, with
RandomForestRegressor as the nuisance model
for both outcome and treatment. This encoding
assumes equal spacing between adjacent ideology
categories: a unit ATE of +1.0 corresponds to a
one-category rightward shift in expected ideology
(e.g., ATE = −0.108 represents a 10.8% shift to-
ward Left). EconML’s LinearDML handles cross-
fitting of nuisance models internally.

Significance is determined by whether the 95%
confidence interval (CI) excludes zero, equivalent
to a two-sided test at α = 0.05. To construct
these intervals, we use non-parametric bootstrap
percentile CIs (B = 2,000).

We focus on community-level aggregation of
topics, which increases articles per treatment unit
and yields more reliable estimates than topic-level
analysis. Topic-level results are presented in Ap-
pendix C.

4.1 Community-level Aggregation
Instead of treating each topic individually, we ag-
gregate sentiments within detected topic commu-
nities. The community sentiment FC is the mean
sentiment over member topics present in an article,
and equals zero when no member topic appears.
Let FC = (FC1 , . . . , FCL

) be the community-
aggregated treatment matrix. The marginal ATE
for each community Cℓ is

ATECℓ
= E

[
∂Y

∂FCℓ

]
, ∀ ℓ = 1, . . . , L, (1)

estimated via a single LinearDML model with FC

as the treatment matrix and T̃ as confounders, fol-
lowing the same structure as the topic-level ATE.

The human and Llama annotations yield no sig-
nificant results. The finetuned GPT annotations
reveal significant effects for Communities 3, 9, and
11 and baseline GPT shows significant effects for
Community 1, as seen in Figure 3. We present and
discuss the full community-level ATE results in
Appendix B.2.

The topics within each significant community re-
veal the following groupings and effect directions:

• Community 1 (Electoral Politics: topics in-
clude Bernie Sanders, presidential elections,
mail-in voting): Positive sentiment shifts base-
line GPT ideology predictions left (ATE =
−0.015; ≈1.5% of one category step toward
Left per unit sentiment increase)
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Figure 3: Community-level ATE.

• Community 3 (Social Issues: topics include
immigration, LGBTQ, abortion, religion):
Positive sentiment shifts fine-tuned GPT ideol-
ogy predictions left (ATE = −0.023; ≈2.3%
of one category step toward Left)

• Community 9 (Geopolitics and Foreign Af-
fairs: topics include foreign policy, climate,
global affairs): Positive sentiment shifts fine-
tuned GPT ideology predictions left (ATE
= −0.013; ≈1.3% of one category step to-
ward Left).

• Community 11 (Trump Presidency: topics in-
clude January 6, Trump, impeachment hear-
ings): Positive sentiment shifts fine-tuned
GPT ideology predictions right (ATE =
+0.018; ≈1.8% of one category step toward
Right)

4.2 Community-level Mediation

For community-mode mediation, let C be the treat-
ment community and C ′ the mediator community.
The community sentiment score FC is the mean
sentiment over member topics present in an arti-
cle; it equals zero when no member topic appears.
Let f1 = Q75 and f0 = Q25 be the interquartile

contrast values of FC . The estimands are:

TE(f1, f0; Y ) = E[Yf1 ]− E[Yf0 ], (2)

NDE(f1, f0; Y ) = E
[
Yf1, FC′ (f0)

]
− E[Yf0 ],

(3)

NIE(f1, f0; Y ) = TE(f1, f0; Y ) (4)

− NDE(f1, f0; Y ), (5)

where FC′(f0) is the natural value of the mediator
community sentiment when FC = f0. Of the com-
munities with significant ATEs, only the (9 → 11)
and (11 → 9) pathways had sufficient article over-
lap for valid mediation analysis; we report these as
our main results. See Appendix D for a full account
of pathway selection.

The multi-treatment ATE from Section 1 is esti-
mated over the full analysis subset. For Community
9 (Geopolitics and Foreign Affairs), approximately
98.8% of articles have FC = 0 because no Com-
munity 9 topic is present. Although the DML con-
founder matrix W includes community-presence
indicators, the estimation is dominated by the mass
of zero-sentiment observations.

Mediation analysis, by contrast, restricts to the
N = 335 articles where Community 9 is actually
present. Within this subgroup, the Q25 → Q75 con-
trast spans a sentiment shift from −0.3 to 0.0 (a
0.3-unit change). The total effect of the finetuned
GPT model within this subgroup is TE = −0.108,
approximately −0.108/0.3 ≈ −0.36 per unit—
roughly 28× larger than the global ATE on a per-
unit basis. The ATE averages a concentrated sub-
group effect across the articles where Community 9
is never discussed; the mediation analysis isolates
that effect within the engaged subpopulation.

Figure 4 summarizes results for Community
9 (Geopolitics and Foreign Affairs) as treatment
and Community 11 (Trump Presidency) as medi-
ator, for the Q25 → Q75 IQR contrast (sentiment
−0.3 → 0.0), using B = 2,000 bootstrap resam-
ples. Full numerical results are in Appendix D.

Only the finetuned GPT model reaches signifi-
cance: TE = −0.108 (approximately 5.4% of one
category step toward Left) and NDE = −0.105.
The NIE is negligible (−0.003, 3.2% of TE), rul-
ing out the cascading interpretation: Community 9
sentiment does not shift ideology through changes
in Community 11 sentiment. The effect operates
through a direct pathway, showing how an annota-
tor frames geopolitics and climate content indepen-
dently predicts ideology classification, regardless
of how they frame domestic political content. All
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Figure 4: Community 9 → 11 mediation results. Error
bars show 95% bootstrap CIs; filled markers indicate
significance.

Figure 5: Community 11 → 9 mediation results. Error
bars show 95% bootstrap CIs; filled markers indicate
significance.

five annotators show a negative direction (positive
geopolitics/climate sentiment → left-leaning pre-
diction), confirming directional consistency; the
four non-significant annotators reflect a power lim-
itation at N = 335 rather than directional disagree-
ment.

For the reverse direction (Community 11 as treat-
ment, Q25 → Q75 contrast from sentiment −0.4 to
0.1), no annotator produces a significant TE. The
finetuned GPT TE = +0.056 is the largest in mag-
nitude but falls short of significance. The asymme-
try between 9 → 11 (significant) and 11 → 9 (null)
is structurally coherent: Community 9’s effect on
ideology is concentrated and direct; Community
11 is a larger community whose ideological influ-
ence is diffuse across many mediators. Full tabular
results are in Appendix D.

5 Discussion

Our results reveal a consistent pattern: causal anal-
ysis applied to LLM-predicted ideology labels sur-
faces statistically significant sentiment-ideology
relationships that are absent when the same anal-
ysis is applied to expert human annotations. As
only the ideology labels vary across the datasets,
these divergences reflect systematic differences in
how LLMs and humans assign ideological stance
to article text.

5.1 Fine-tuning Accuracy and Shortcut
Learning

Prior work establishes that human annotators draw
on metalinguistic framing cues, including senti-
ment toward salient entities and topics, when as-
signing ideological stance to article text (Nagy,

2007; Entman, 2010; Smirnova et al., 2017).
Whether LLM annotators rely on sentiment in the
same way is an open question: output-level metrics
cannot tell us whether a model uses such cues at all,
and if it does, whether it does so on the same topics
and to a comparable extent as human annotators.

Our causal analysis asks (i) whether sentiment
causally influences LLM ideology predictions, (ii)
whether the topics on which this coupling appears
match those for human annotators, and (iii) whether
the effect sizes and the balance of direct versus me-
diated pathways are comparable across annotators.

Read in these terms, the Community 9→11
configuration (Figure 4) shows a near-total di-
rect effect for finetuned GPT (NDE = −0.105,
NIE = −0.003, 3.2% mediated): all five annota-
tors are negative in direction, but only finetuned
GPT reaches significance, and the human point
estimate is consistent with a weaker but non-zero
coupling that we are underpowered to detect at this
per-community sample size. The substantive diver-
gence is thus in the strength and directness of the
sentiment-to-ideology pathway rather than in its
presence: finetuned GPT routes sentiment to the
label almost entirely through a direct edge, with
negligible mediation through downstream framing.

This pattern is consistent with shortcut learn-
ing (Yuan et al., 2024; Zhou et al., 2024), where
fine-tuning on AllSides ideology labels exposes the
model to a training distribution in which framing
cues are statistically correlated with ideology, and
the model amplifies a coupling that humans appear
to use in weaker, more mediated form. The va-
lidity criterion this implies for silver labelling is
alignment, not accuracy: an LLM annotator is a
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defensible stand-in for human annotators in down-
stream causal analysis to the extent that its causal
effects (sign, magnitude, and mediation profile)
mirror those derived from human labels.

Crucially, fine-tuning is not uniformly harmful
on this criterion. The community-level ATEs in Ap-
pendix B (Table 5) show the effect of fine-tuning on
human-LLM alignment is community-dependent.
For Community 1 (Electoral Politics), zero-shot
GPT produces a significant effect (−0.015∗) that
fine-tuning attenuates (−0.013, n.s.) toward the
human point estimate (−0.014); for Community 9
(Foreign Affairs and Climate), the zero-shot ef-
fect is muted (−0.006) and fine-tuning increases
its magnitude (−0.013∗) into close agreement with
the human estimate (−0.014). By contrast, fine-
tuning produces sign reversals relative to humans
in Communities 3 and 11, where the shortcut in-
terpretation is most apt. Fine-tuning can therefore
tighten or loosen alignment with the human causal
structure depending on the topic domain, and the
Community 9→11 mediation result should be read
as a localised diagnostic of overblown direct rout-
ing.

5.2 Implications for LLM as Human
Annotator Replacement

A growing line of work explores the potential of
LLMs as replacements for human study partici-
pants (Horton, 2023; Ma et al., 2025; Gao et al.,
2025). Our findings caution against this substi-
tution in annotation contexts where downstream
causal analyses are planned. A fine-tuned LLM an-
notator may encode a particular pattern of ideology
assignment that does not reflect the full range of
human judgments. The fine-tuned GPT model has
internalised a specific annotator profile: one that
more strongly associates positive social/cultural
sentiment with left-leaning ideology than human
annotators do.

This matters because if LLM annotations are
used as silver-standard training data or as inputs to
causal analyses, the spurious pathways learned dur-
ing fine-tuning will propagate. A researcher who
trusts the fine-tuned labels would conclude that
geopolitics/foreign affairs framing (Community 9)
causally shifts ideology perception; a researcher
using human labels would find no such effect. The
finding that higher classification accuracy does not
guarantee preservation of causal structure should
inform how researchers evaluate LLM annotators
for tasks where causal or correlational downstream

analyses are planned.

5.3 Differences Across LLM Families
The three LLM annotators exhibit markedly dif-
ferent causal profiles despite all predicting ideol-
ogy from the same raw article text, suggesting that
architecture and training data differences shape
which causal pathways models rely on during in-
ference.

Baseline GPT and finetuned GPT share the same
underlying architecture, so the divergence between
them is attributable entirely to fine-tuning. baseline
GPT produces a significant ATE only for Commu-
nity 1 (Electoral Politics; ATE = −0.015; ≈1.5%
of one category step toward Left), with no signif-
icant effects for Communities 9 or 11 and no me-
diation effects. Fine-tuning corrects some of this
centre bias but introduces the spurious community-
level pathways described above. Llama-3.3-70B
shows no significant effects despite its pronounced
leftward prediction distribution (Figure 6), consis-
tent with its lower F1 (54.61) and broader predic-
tion variance.

The systematic divergences across LLM fami-
lies, even when controlling for the same input text
and outcome task, suggest that ideology annotation
by LLMs is not a uniform operation but varies with
model-specific feature reliance patterns.

5.4 Mediation Analysis as a Diagnostic
Framework

A central challenge in deploying LLMs as anno-
tators is that standard output-level metrics do not
expose why a model produces a given label. Moraf-
fah et al. (2020) argue that causal interpretability,
understanding decisions in terms of which inputs
caused which outputs, is essential for building trust-
worthy ML systems, precisely because correlation-
based evaluation leaves spurious feature reliance
invisible. Jin et al. (2024) show that LLMs per-
form near-randomly on tasks requiring pure causal
inference from correlational evidence, and Joshi
et al. (2024) demonstrate that LLMs are prone to
post hoc and ordering fallacies when reasoning
about causation. Taken together, these results im-
ply that LLMs cannot be relied upon to self-report
or self-correct the causal basis of their annotations;
external causal analysis is required.

Our mediation framework provides one such
approach. By holding the input text and causal
structure fixed and varying only the annotation
paradigm, we isolate differences that are at-
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tributable to the annotator rather than the data. Ap-
plied to annotation auditing, mediation analysis
can surface which textual features drive predictions
through direct versus mediated pathways, offering
a principled basis for trustworthiness assessment
that F1 and agreement metrics cannot provide.

6 Future Work

Our framework treats each topic sentiment as a
separate treatment or mediator. Modeling multi-
ple topic sentiments as co-treatments would cap-
ture cross-topic interactions, and incorporating the
article-level features discussed in our limitations
(outlet, author, date, length, lexical complexity,
framing) as additional treatments, mediators, or
confounders would yield a richer multi-feature
SCM that better isolates which textual dimensions
drive the human-LLM divergences we observe.

A complementary direction is to probe each an-
notator’s data-generating process separately rather
than under a shared SCM: a human-specific dia-
gram would represent deliberation, prior beliefs,
and consensus dynamics, while an LLM-specific
diagram would represent training-data and fine-
tuning effects. Comparing the two paradigm-
specific causal profiles would more directly charac-
terize where and why human and LLM annotations
diverge.

Our mediation-as-diagnostic framework could
be applied beyond political ideology to other anno-
tation tasks where LLM labels are used as silver-
standard training data, such as sentiment analysis,
stance detection, or toxicity classification. Compar-
ing mediation pathways across human and LLM
annotators in these domains would help determine
whether the sentiment-sensitivity patterns we find
are specific to ideology or reflect a more general
tendency of LLMs.

Our current study is limited to two LLM fami-
lies (GPT-4o-mini and Llama-3.3-70B). Expanding
the investigation to a broader set of models, partic-
ularly those with reported ideological tendencies
such as Grok (xAI, 2025), would allow a more sys-
tematic characterisation of how baseline ideologi-
cal priors interact with fine-tuning to shape causal
pathways. A model with a reported rightward lean,
for instance, may exhibit sign reversals in different
community configurations than a centrist baseline
model, or may differ in its susceptibility to acquir-
ing spurious sentiment-ideology couplings during
fine-tuning. Comparing causal profiles across a

wider model zoo would help disentangle the contri-
butions of pre-training ideology, instruction tuning,
and task-specific fine-tuning to the divergences we
observe.

7 Limitations

Sentiment is operationally an LLM construct.
Throughout the paper, what we call “sentiment”
(F ) is operationally Llama-3.3-70B’s sentiment es-
timate, not a human-validated construct: we did
not human-annotate any subset of the extractions.
The treatment variable should therefore be read as
“Llama-extracted sentiment” rather than “sentiment,
full stop,” and the entire analysis is conditional on
sentiment that is legible to Llama-3.3-70B. Cases
where a human reader would perceive sentiment but
the extractor returns nothing (or misses the entity-
topic association) are systematically absent from
F , biasing estimates toward LLM-legible features
and likely understating the role of more implicit or
contextual cues that human annotators could still
use.

Beyond presence/absence, both the direction
and magnitude of an extracted sentiment score are
annotator-dependent artifacts. Direction (positive
vs. negative) is plausibly more stable across annota-
tors, but magnitude can vary substantially between
annotators (human or model) even when they agree
on sign. Because our DML and mediation esti-
mates are driven by variation in the magnitude of
F , annotator-specific scale and calibration differ-
ences propagate directly into the estimated effects.

Unmodeled article-level features. Our causal
framework controls for topic presence but does
not encode outlet identity, author, publication date,
article length, or lexical complexity. Outlets in par-
ticular may carry systematic sentiment patterns that
confound the sentiment-ideology relationship; con-
trolling for outlet identity would address this but
would also substantially reduce the variation avail-
able for estimation given the correlation between
outlet and ideology.

Statistical power. With our 1,265-article anal-
ysis subset distributed across topics and commu-
nities, some analyses operate on small effective
sample sizes (as few as 21 articles per community
after topic filtering). This limits statistical power,
particularly for the community-level and mediation
analyses. Null findings for human and Llama anno-
tations should accordingly be interpreted with cau-
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tion, as they may reflect insufficient power rather
than true absence of effects.

Bounding the shared-SCM claim. Section 3
frames the same SCM as a deliberately simpli-
fied, sentiment-only model of the labeling process
for both human and LLM annotators, with per-
annotator factors absorbed into the per-annotator
estimator. Reported effects should accordingly be
read as effects propagating through the topic-level
sentiment channel, conditional on the topics actu-
ally present in each article, rather than as claims
about the underlying generative processes of hu-
man or LLM judgment.
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A Methodology and Reproducibility
Details

A.1 LLM Evaluation Setup
Llama models were evaluated with temperature =
1.0 to maintain output diversity, while GPT models
employed default temperature settings. For com-
putational efficiency, we conducted preliminary
screening on a 100-article subset to identify the
most promising GPT variants before running the
full-scale evaluation. Details about the GPT-4o-
mini finetuning process and hyperparameters are
provided in Section A.4.

Ideology Classification Prompt. All LLMs
(baseline GPT-4o-mini, Llama variants) were
prompted with the following system instruction
for ideology classification:

You are a political bias classifier
specific to U.S. politics. Given
the user’s INPUT TEXT, return
only valid JSON of the form
{"bias":"left|center|right"}.
No extra text.

The article text was provided as the user message.
For fine-tuned GPT-4o-mini, the same prompt
structure was used during both training and infer-
ence.

A.2 Topic Sentiment Extraction Details
Sentiment extraction uses two separate LLM calls
per article:

1. Entity and Sentiment Analysis: The
Llama-3.3-70b-versatile model extracts
named entities and key concepts from the ar-
ticle text and assigns each a continuous sen-
timent polarity score between −1.0 (strongly
negative) and +1.0 (strongly positive). This
model was selected for its sensitivity to con-
textual nuance relative to smaller alternatives.

2. Entity-to-Topic Association: The
Llama3-70b-8192 model quantifies how
strongly each extracted entity relates to
predefined AllSides topic tags. The model
handles ambiguity by distinguishing between
a broad concept and specific incidents, for
example, correctly separating terrorism as
a general category from a specific event
like the 2019 Christchurch shooting when
assigning the entity “shooting” to a topic.
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Entity sentiment scores are then aggregated
by topic tag to produce a per-topic sentiment
profile for each article.

3. Top 5 Topic Selection: The top 5 topics with
the highest absolute sentiment scores are se-
lected for each article. As the scores were ag-
gregated at the previous step, this means that
the final topic sentiment scores are no longer
limited to having an absolute value ≤ 1.

To limit the risk of LLMs inferring bias from ex-
plicit sentiment signals, we used distinct sessions
for the sentiment analysis and the ideology predic-
tion steps.

A.3 Community Detection and Experimental
Settings

The co-occurrence graph for Louvain community
detection was constructed by filtering to edges with
a minimum weight of five, meaning topic tag pairs
that co-occurred in fewer than five articles were
excluded. This threshold removes noise from out-
lier or one-off co-occurrences that may not reflect
stable topical relationships. Self-loops allow single-
tag articles to form their own communities. The
algorithm yields a modularity score of 0.557 across
15 communities, with community sizes ranging
from 1 to 90 tags.

Parameter Setting

Estimator LinearDML
Sentiment Treatment Encoding Continuous

PCA Threshold 0.95
Minimum Topic Presence 50

Bootstrap Iterations 2000
Bootstrap Random Seed 42

Baseline GPT Model gpt-4o-mini-2024-07-18

Table 2: Experimental settings for causal analysis.

A.4 GPT Finetuning

Hyperparameter Values

Epochs 3, 10
Learning Rate Multiplier 1.8

Batch Size 4

Table 3: GPT-4o-mini fine-tuning hyperparameters.

A.4.1 Experimental Variables and
Configurations

Table 3 summarizes the hyperparameters used for
fine-tuning the GPT-4o-mini model. We experi-
mented with two different epoch counts (3 and 10)
to evaluate the impact of training duration on model
performance. We used the OpenAI recommended
settings for learning rate multiplier (1.8) and batch
size (4). We evaluate fine-tuning performance us-
ing 150, 300, 1,000, and 2,000 labeled examples,
representing different points on the data efficiency
curve. These sample sizes span the range from
few-shot learning (150) to moderate supervision
(2,000), enabling analysis of diminishing returns in
training data scaling.

A.4.2 Fine-tuning Protocol
Input formatting follows the standard conversa-
tional template required by OpenAI models, with
political bias labels converted to structured JSON
responses to enable systematic evaluation. Each
training example consists of the article text as user
input and the corresponding political orientation
(left/center/right) as the assistant response.

Configuration F-1 Macro

Zero-shot Baseline 51.86
3 epochs, 150 samples 33.37
3 epochs, 300 samples 25.04
3 epochs, 1,000 samples 69.23
3 epochs, 2,000 samples 69.37
10 epochs, 150 samples 28.03

Table 4: GPT-4o-mini fine-tuning performance across
different training configurations.

We used the highest performing configuration
(3 epochs, 2,000 samples) for the main causal
analysis experiments. Table 4 provides a detailed
breakdown of performance across all configura-
tions, demonstrating the impact of training set size
and input length on classification metrics.

B Community-level ATE breakdown

B.1 Ideology Prediction Breakdown for
Significant Communities

This section provides a breakdown of the ideol-
ogy prediction distributions for the significant com-
munities identified in the ATE analysis. For each
community, we show the proportion of Left, Cen-
ter, and Right predictions across the four annota-
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tion paradigms (Human, GPT base, GPT finetuned,
Llama). We select the topics with the highest ab-
solute sentiment scores, up to a maximum of five
per article, and limit our analysis to these matched
articles.

Figure 6 shows the overall prediction distribu-
tion across the full dataset. GPT base exhibits a
pronounced centrist tendency, GPT finetuned and
Llama both skew leftward, and human annotations
are the most right-leaning overall, reflecting the
ideological composition of the AllSides corpus.

Figure 6: Overall ideology prediction distribution across
all 1,265 articles, by annotation paradigm.

Figures 7 to 10 show the per-community distri-
butions for the four communities with significant
ATE results.

Figure 7: Ideology prediction distribution for Commu-
nity 1 (Electoral Politics).

B.2 Complete Community-level ATE
breakdown

Table 5 presents the average treatment effect of
topic-community sentiment on ideology classifica-
tion across all nine communities that met the mini-
mum presence threshold. We compare estimates de-
rived from human annotations against three LLM-
based annotation pipelines: GPT-4o-mini (base),

Figure 8: Ideology prediction distribution for Commu-
nity 3 (Social Issues).

Figure 9: Ideology prediction distribution for Commu-
nity 9 (Geopolitics and Foreign Affairs).

GPT-4o-mini (finetuned), and Llama-3.3-70b.
Most communities yield small, statistically non-

significant ATEs across all annotation sources, with
confidence intervals spanning zero. Given the mod-
est analysis-subset size, wide confidence intervals
are expected and the lack of significance should not
be interpreted as sufficient evidence of null effects
overall. With larger corpora, additional communi-
ties may well yield significant estimates. Neverthe-
less, the relative patterns across annotation sources
remain informative: several communities reveal
systematic divergences between human and LLM-
derived causal estimates, raising concerns about
the potential of using LLM annotations as drop-in
replacements for human labels in causal inference
pipelines.

The most striking divergence occurs in Com-
munity 3 (social issues, immigration, and the
courts). Human annotations yield a positive es-
timate (0.011), while all three LLMs estimate neg-
ative effects. GPT (finetuned) produces the largest
magnitude estimate (−0.023), the only statistically
significant result in this community. This sign re-
versal suggests that LLMs encode a qualitatively
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Community Human GPT (base) GPT (finetuned) Llama-3.3-70b Num. Articles

Comm. 0 −0.009 [−0.024, 0.014] −0.003 [−0.015, 0.009] 0.008 [−0.009, 0.021] 0.002 [−0.017, 0.018] 218
Comm. 1 −0.014 [−0.030, 0.003] −0.015∗ [−0.029, −0.001] −0.013 [−0.031, 0.003] 0.000 [−0.015, 0.015] 433
Comm. 2 −0.001 [−0.021, 0.016] 0.006 [−0.008, 0.019] 0.003 [−0.008, 0.025] −0.007 [−0.025, 0.007] 216
Comm. 3 0.011 [−0.010, 0.024] −0.004 [−0.014, 0.009] −0.023∗ [−0.030, −0.005] −0.007 [−0.026, 0.004] 22
Comm. 4 −0.005 [−0.025, 0.011] 0.008 [−0.001, 0.028] −0.004 [−0.016, 0.021] 0.011 [−0.011, 0.024] 228
Comm. 5 0.004 [−0.016, 0.021] −0.003 [−0.013, 0.009] −0.001 [−0.018, 0.018] −0.003 [−0.017, 0.014] 97
Comm. 7 0.006 [−0.013, 0.023] 0.004 [−0.012, 0.018] 0.003 [−0.020, 0.021] −0.004 [−0.018, 0.016] 21
Comm. 9 −0.014 [−0.030, 0.003] −0.006 [−0.023, 0.008] −0.013∗ [−0.032, −0.002] 0.002 [−0.015, 0.021] 335
Comm. 11 −0.017 [−0.029, 0.006] 0.003 [−0.012, 0.020] 0.018∗ [0.000, 0.036] 0.007 [−0.011, 0.024] 691

Table 5: Community-level ATE by dataset (min presence=50). ∗p < 0.05.

Figure 10: Ideology prediction distribution for Commu-
nity 11 (Trump Presidency).

different mapping between sentiment toward so-
cially contentious topics and perceived ideological
leaning.

A similar pattern emerges in Community 11
(Trump, Congress, and domestic governance), the
largest community by article count. Human anno-
tators estimate a negative effect (−0.017), whereas
all LLMs estimate positive effects, with GPT (fine-
tuned) reaching borderline significance (0.018,
95% CI [0.000, 0.036]). That the direction of the
estimated causal effect reverses entirely when sub-
stituting LLM for human annotations, on a commu-
nity dominated by highly polarized political figures,
underscores the sensitivity of downstream causal
conclusions to annotation source.

In contrast, Community 1 (elections and cam-
paigns) exhibits the strongest human-LLM align-
ment. Human (−0.014), GPT base (−0.015), and
GPT finetuned (−0.013) produce nearly identical
estimates, with GPT base achieving statistical sig-
nificance (95% CI [−0.029,−0.001]). Notably,
Llama-3.3-70b diverges here (0.000), detecting no
effect whatsoever. A comparable pattern holds for
Community 9 (foreign affairs and climate), where
human and GPT finetuned estimates are closely
aligned (−0.014 and −0.013, respectively), while
Llama again attenuates toward zero.

These results point to two model-family-specific
tendencies. First, GPT-based models, particularly

after finetuning, tend to produce estimates that
are either well-calibrated to human judgements or
sharply divergent, with little middle ground. Sec-
ond, Llama-3.3-70b consistently compresses effect
sizes toward zero across communities, suggesting
a general attenuation bias that may stem from more
conservative or hedged sentiment predictions. Nei-
ther failure mode is uniformly preferable: sign re-
versals risk misleading causal conclusions, while
systematic attenuation risks obscuring genuine ef-
fects. We note that the limited sample size con-
strains statistical power throughout this analysis;
the directional disagreements reported here may
represent conservative lower bounds on the true ex-
tent of human-LLM divergence, as larger datasets
would narrow confidence intervals and potentially
surface additional significant discrepancies.

C Topic-Level Results

Topic Tag Articles Community

Politics 594 11
Donald Trump 233 11
Media Bias 115 4
Race and Racism 104 5
Defense and Security 76 7

Table 6: Top five topic tags by frequency in the test set.

In this section, we present results from our topic-
level analyses, which estimate the causal effect of
sentiment toward individual topics on ideology. We
focus on the five most frequent topic tags in the test
set (Table 6), which provide the greatest statisti-
cal power for estimation while spanning multiple
thematic communities. We first present Average
Treatment Effect (ATE) estimates for each topic,
then examine the Donald Trump→ Politics media-
tion pathway in detail.
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C.1 Topic-Level ATE

We simultaneously estimate the average treatment
effect (ATE) of each topic’s sentiment on ideol-
ogy, controlling for all other topics as confounders
via PCA-reduced topic-presence indicators. Let
F = (FT1 , . . . , FTK

) be the full treatment matrix
of topic sentiment scores and T̃ the PCA-reduced
topic-presence confounders. The marginal ATE for
each topic Tk is

ATETk
= E

[
∂Y

∂FTk

]
, ∀ k = 1, . . . ,K, (6)

estimated jointly via a single LinearDML model
with F as the treatment matrix and T̃ as nuisance-
only confounders (W ), yielding one constant
marginal ATE per topic. From the comparison seen
in Figure 11, we see that human annotations yield
no significant effects. The ATE of 0.022 for Poli-
tics is significant in both the finetuned and baseline
GPT variants.

Figure 11: ATE for top five topics.

The topic-level dataset is substantially smaller
than the community-level dataset, as individual top-
ics appear in far fewer articles than aggregated com-
munities. This limits statistical power and makes
it difficult to draw reliable conclusions from topic-
level estimates alone. With a larger corpus covering
more diverse topics and time periods, topic-level

analysis would become more feasible and could
yield more stable, interpretable estimates.

C.2 Donald Trump/Politics Mediation
Pathway

We examine the Donald Trump→Politics media-
tion pathway, estimating TE, NDE, and NIE us-
ing the same IQR contrast methodology as the
community-level analysis (Section 3). Figure 12
shows that no statistically significant effects are
found for any annotator paradigm, including for
these two most frequently occurring topics in the
dataset (Politics: N=594; Donald Trump: N=233).

Figure 12: Donald Trump → Politics Mediation Effects

Given the small article counts, it is not possible
to determine whether the absence of significant
effects reflects a genuine lack of causal coupling
or insufficient statistical power. A larger topic-
level corpus would be required to distinguish these
explanations.

D Community-level Mediation Results

Six treatment-mediator pairs were evaluated across
communities {3, 9, 11}, but only 9 → 11 and
11→9 yielded non-degenerate mediation decom-
positions. The remaining four pairs degenerated
for two distinct reasons. Community 3 as treatment:
all confounder and mediator candidates were elim-
inated by the minimum topic co-occurrence filter
(≥ 50 articles), reducing the model to an intercept-
only specification with no mediation output. Com-
munity 3 as mediator (pairs 11 → 3 and 9 → 3):
Community 3 failed the co-occurrence filter with
both treatment communities; 9→ 3 collapsed to
Community 11 as the sole surviving mediator (du-
plicating 9 → 11), while 11 → 3 substituted un-
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Annotator TE 95% CI NDE 95% CI NIE % med.
Community 9 → 11 (N = 335)
Human −0.045 [−0.164, +0.075] −0.059 [−0.151, +0.045] +0.015 —
GPT (finetuned) −0.108 [−0.208, −0.008] −0.105 [−0.170, 0.000] −0.003 3.2%
GPT (base) −0.059 [−0.141, +0.023] −0.032 [−0.102, +0.033] −0.026 —
Llama-3.3-70B −0.007 [−0.148, +0.134] +0.023 [−0.080, +0.099] −0.030 —
Community 11 → 9 (N = 691)
Human −0.045 [−0.162, +0.071] −0.049 [−0.100, +0.012] +0.004 —
GPT (finetuned) +0.056 [−0.069, +0.181] +0.069 [0.000, +0.116] −0.013 —
GPT (base) +0.007 [−0.097, +0.111] +0.009 [−0.042, +0.059] −0.002 —
Llama-3.3-70B +0.008 [−0.114, +0.130] +0.012 [−0.046, +0.075] −0.004 —

Table 7: Mediation results across annotators (Q25 → Q75 contrast). Significant results (95% CI excludes zero) are
marked with *.

related mediators rather than testing the intended
pathway. The six-pair matrix therefore reduces to
the two unique, well-specified analyses below in
Table 7.

D.1 Results
Table 7 reports total effects (TE), natural direct
effects (NDE), and natural indirect effects (NIE)
for the Q25→Q75 contrast under each annotation
paradigm.

For the 9→11 contrast, GPT (finetuned) is the
only annotator to produce a significant total effect
(TE = −0.108∗), with nearly all of it attributable
to the direct pathway (3.2% mediated). Human
and other LLM annotators show point estimates
in the same direction but with wide, zero-crossing
intervals. For the 11 → 9 contrast, no annotator
reaches significance, and GPT (finetuned)’s effect
reverses sign relative to the 9→11 direction.

D.2 Confounder Reduction
Confounders consist of all community sentiment
scores except those of the treatment and mediator
communities, reduced in two sequential steps: (1)
communities whose sentiment is non-zero in fewer
than 50 articles in the treatment subsample are
dropped (min_presence= 50); (2) the remaining
matrix is reduced via PCA retaining 95% of vari-
ance. Because this reduction depends only on the
treatment subsample—not on ideology labels—it
is identical across all four annotation paradigms for
a given treatment community.

All four treatment communities begin with 11
potential confounders. For Communities 1, 3, and
11, the presence filter removes 3, leaving 8; PCA
further reduces these to 7 components. Community
9 loses one additional community (4 removed, leav-
ing 7), and PCA retains all 7 since they are collec-
tively needed to reach the variance threshold. All
configurations therefore yield 7 final confounder

components; the choice of mediator community
has no effect on this reduction.
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