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Abstract

We study whether media takeovers are asso-
ciated with changes in the political position-
ing of news outlets. Across nine ownership
changes spanning four languages and varied
acquirer profiles, we find that aggregate outlet-
level shifts are generally modest, but mask se-
lective, actor-specific repositioning toward par-
ticular political figures and ideological blocs
whose magnitude and direction vary by ac-
quirer. A three-level decomposition — outlet,
ideological bloc, individual actor — is com-
bined with in-time placebo tests, within-outlet
triple-interaction contrasts and entity-month re-
estimation to separate the effects that withstand
pre-trend and multiplicity checks from those
that do not. We obtain these findings using a
multilingual, entity-centered pipeline over CC-
News that masks target politicians before zero-
shot target-oriented sentiment classification and
estimates changes via difference-in-differences
against country-matched control media. These
results suggest that aggregate stability masks a
redistribution of tone across politically salient
actors rather than uniform outlet-wide slant
shifts.

1 Introduction

News media shape how citizens perceive politi-
cal actors, institutions, and policy debates. Prior
work in political communication and media eco-
nomics shows that editorial positioning is influ-
enced not only by audience demand and journalis-
tic routines, but also by ownership incentives and
political economy constraints (Gilens and Hertz-
man, 2000; Gentzkow and Shapiro, 2010; Djankov
et al., 2003). This issue is especially salient when
media outlets are acquired by industrial groups, po-
litically connected actors, or owners with explicit
ideological interests. Case studies have found con-
tent changes following ownership events, such as
News Corp.’s acquisition of the Wall Street Jour-
nal (Archer and Clinton, 2018), Sinclair Broadcast

Group’s expansion into local television (Martin
and McCrain, 2019), and newspaper mergers in
Australia (Ananyev and Volkova, 2024). However,
existing evidence is often limited to a few coun-
tries, outlets, or languages, making cross-context
comparison difficult.

NLP offers scalable quantitative methods for
measuring political positioning in text. Work on
media slant, ideology detection, factuality, senti-
ment, and bias detection has enabled large-scale
analysis of news corpora (Kulkarni et al., 2018;
Fan et al., 2019; Nakov et al., 2024; Maab et al.,
2024). The deployment of such tools is facilitated
by LLMs’ strong, diverse capabilities. However,
analysis methodologies should be carefully mod-
eled and deployed to optimize performance and
efficiency, while avoiding biases that can be impor-
tant in sensitive domains, such as politics (Rottger
et al., 2024).

At the same time, LLM-based classifiers intro-
duce methodological risks: their predictions can re-
flect political and entity-specific priors rather than
the framing present in the article itself (Elbouanani
et al., 2025, 2026).

Informed by these existing research axes, we
study whether media takeovers affect political po-
sitioning using a multilingual, entity-centered NLP
pipeline. Our analysis covers 9 ownership changes
across several countries, different types of buyers,
and 4 languages. For each case, we collect articles
from approximately 24 months before and after the
takeover and compare the acquired outlet with a
country-matched control set of mainstream media.

We retrieve articles from CC-News, extract sen-
tences mentioning politicians from a curated multi-
lingual list (1,297 global and 200+ national figures
per country), adopt the target-masking strategy of
Elbouanani et al. (2025) to mitigate LLM priors,
classify sentiment with a zero-shot LLM, and esti-
mate changes via difference-in-differences (Angrist
and Pischke, 2009).
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Prior work already shows that ownership can
affect slant; we ask instead whether its effect is
uniform or selective, and expect ideologically mo-
tivated acquisitions to produce bloc-level shifts
aligned with the owner’s orientation, whereas com-
mercial or locally oriented ones should produce
actor- or geography-specific changes without a co-
herent ideological signature. Our primary find-
ing is that ownership changes rarely produce uni-
form, outlet-wide shifts; instead, aggregate stability
masks selective, actor-specific repositioning whose
magnitude and direction vary by acquirer profile.
We explicitly contribute: (i) an integrated entity-
centered Target-oriented Sentiment Classification
(TSC) + DiD audit pipeline combining masked
zero-shot sentiment classification with clustered
DiD inference — a validated measurement design
rather than a novel component — benchmarked
on MAD-TSC (Dufraisse et al., 2023) for English,
French and Italian, applied zero-shot to Turkish,
and validated against human annotation on the
study corpus itself; (ii) an in-depth study of 9 eli-
gible takeovers across 4 languages and varied ac-
quirer profiles, designed not to estimate an aver-
age takeover effect but to test whether outlet-level
stability coexists with selective actor-level reposi-
tioning; (iii) the substantive finding that editorial
change around takeovers appears through actor-
specific repositioning rather than uniform outlet-
wide slant shifts, evidenced by a three-level decom-
position (outlet, bloc, actor) with placebo, ordered-
logit, and FDR robustness checks. We do not claim
to identify a causal mechanism of editorial change,
nor to capture dimensions of political positioning
beyond the evaluative framing of named political
actors (e.g., topic selection, salience, or structural
omission (Card et al., 2015)).

2 Related Work

Agenda-setting and framing theory establish that
news media structure how citizens perceive polit-
ical reality (McCombs and Shaw, 1972; Entman,
1993), and empirical work confirms that media ex-
posure shapes voting behavior, polarization, and
belief accuracy (DellaVigna and Kaplan, 2007;
Schneider-Strawczynski and Valette, 2025; Altay
et al., 2025). If coverage affects public perceptions,
ownership-induced changes in coverage may signif-
icantly shift a news source’s political positioning.
Ownership structures and corporate incentives
shape editorial output (Gilens and Hertzman, 2000):

Sinclair acquisitions shifted local television toward
more conservative coverage (Martin and McCrain,
2019), Australian mergers changed ideological
slant (Ananyev and Volkova, 2024), and the Bol-
loré takeover of CNews altered coverage with jour-
nalists adapting to the new direction (Cagé et al.,
2025). These studies are generally limited to a sin-
gle country or media system; our work extends this
by comparing 9 takeovers across several countries
and languages.

Computational approaches scale media analy-
sis beyond manual coding (Ziems et al., 2024),
from measuring slant via political language com-
parison (Gentzkow and Shapiro, 2010) to predict-
ing outlet-level ideology (Baly et al., 2019, 2020),
detecting framing and informational biases (Fan
et al., 2019; Recasens et al., 2013; Tsur et al.,
2015; Jdhde et al., 2025), benchmarking factuality
(Nakov et al., 2024), and producing sentence-level
bias annotation resources (Lim et al., 2020; Spinde
et al., 2021). Target-dependent sentiment classifi-
cation (Hamborg and Donnay, 2021) is particularly
suited to news, where a single article can express
divergent attitudes toward multiple actors. LLM
predictions, however, can depend on entity iden-
tity rather than textual evidence alone (Feng et al.,
2023; Wang et al., 2023; Elbouanani et al., 2025),
motivating our entity-masking approach. We con-
nect these NLP measurements to causal inference
via difference-in-differences (Angrist and Pischke,
2009; Bertrand et al., 2004), distinguishing market-
wide shifts from ownership-specific effects.

3 Methodology

Our pipeline combines large-scale data sampling,
entity extraction, zero-shot LLM inference, and
Difference-in-Differences (DiD) estimation.

3.1 Data Collection and Scope

We sample data from the CC-News dataset', a pub-
licly available dataset, spanning the years 2016 to
2024. We focus on nine target media outlets that
underwent significant ownership changes. We list
them in Table 1, along with their country of origin,
the effective date of takeover used in our analysis,
and the acquiring entity. We compiled 40 owner-
ship changes between 2016 and 2024; nine met
the design requirements of sufficient pre/post CC-
News coverage, stable country-matched controls,

1https://huggingface.co/datasets/
stanford-oval/ccnews
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and enough recurring politician mentions. They
span diverse geographical contexts and takeover
profiles, from industrial to politically motivated
acquisitions. To ensure statistical validity, we con-
struct a control group for each target by selecting
10 news domains from the same country, whose
ownership did not change over the period. Con-
trol outlets satisfy three criteria: representativeness
(major national outlets with high CC-News cov-
erage), stability (no ownership change during the
observation window, with the exceptions noted in
Appendix A), and diversity (collectively spanning
the political spectrum). Ten outlets per country is
the minimum satisfying all three while remaining
manually verifiable; the full list is in Appendix A.

Target Outlet Country Date Acquiring Entity
Hiirriyet Turkey  05/18 Demirdren

LA Times USA 06/18 P. Soon-Shiong
Irish Examiner Ireland ~ 07/18 Irish Times Trust
Independent Ireland  07/19 Mediahuis

La Repubblica Italy 04/20 Exor/Elkann

La Stampa Italy 04/20 Exor/Elkann
Europe 1 France ~ 06/22 Vivendi/Bolloré
Euronews Europe  07/22 Alpac Capital

La Provence France 10/22 CMA CGM/Saadé

Table 1: Target media outlets and takeover details
(MM/YY).

The analysis focuses on a maximum 48-month
window centered on the official takeover date (24
months prior and 24 months post-takeover, when
available). To isolate the structural post-acquisition
editorial line from the noise of the transition pe-
riod, we exclude a 6-month buffer window (£3
months around the takeover date). This exclusion
serves two purposes. First, it absorbs anticipation
effects that may begin before the formal acquisition
date, a known concern in DiD designs with stag-
gered adoption (Callaway and Sant’ Anna, 2021).
Second, it discards the immediate post-takeover pe-
riod during which editorial leadership is still being
installed and journalists are adapting to the new
ownership (Cagé et al., 2025; Martin and McCrain,
2019). Three months was selected by comparing
pre/post sentiment stability across window sizes of
one, two, and three months; one month left visi-
ble instability in quarterly trajectories, while three
months produced stable baselines in all nine out-
lets.

3.2 Entity Lists

We track political figures at Global (1,297 inter-
national actors) and National (200-300 country-
specific actors) levels, curated to span a classical

5-point ideological spectrum: radical-left, left, cen-
ter, right, radical-right. We prompt Gemini 3.1
Pro to generate initial entity lists diversified across
the political spectrum, along with their Wikipedia
entries (see prompts in Appendix B). Out of cau-
tion, we automatically verify that all Wikipedia
entries are valid. Finally, we map politicians to
political alignments based on their Wikidata party
affiliations. Table 2 reports the resulting ideologi-
cal composition per list. We note that despite the
efforts to diversify, some imbalance persists due to
the national political configurations.

List RL L C R RR
Global 2.8 27.7 18.0 439 177
French 7.0 11.7 53.6 15.0 12.6
Italian 04 395 283 11.0 208
American 2.9 405 20 112 434
Irish 29 185 289 498 0.0
Turkish 0.0 183 09 758 5.0
European 4.2 19.0 40.9 20.0 159

Table 2: Share (%) of politicians per ideological bloc
and per list. RL = Radical Left, L = Left, C = Center, R
= Right, RR = Radical Right.

3.3 Entity Linking and Selection

Named entity recognition (NER) spots the entity
mentions. Entity linking improves the robustness of
the subsequent processing by drastically reducing
the ambiguity of mentions. We use GLiNER (Zara-
tiana et al., 2024) for named entity recognition
(NER) and mGENRE (De Cao et al., 2022) to link
entities in the selected articles. These tools were
chosen for their multilingual capabilities, which
cover all languages relevant to our study, and for
their strong NER and linking performance.

To ensure the analysis is not skewed by dispar-
ities in publication volume or isolated news cy-
cles (e.g., elections or scandals), we implemented a
downsampling and quality-control strategy. Three
balancing rules were applied: longitudinal validity
(entities must appear in at least 30 target articles
in both periods), peak smoothing (capped at 50
mentions per entity per month via random subsam-
pling), and target-control matching (a 1:3 monthly
ratio, with proportional reduction when control cov-
erage is insufficient).

Applying these thresholds yields a dataset total-
ing 1,376,552 sentences. The number of sentences
per outlet ranges from 70,014 to 222,650 for the
Irish Examiner and Euronews, respectively. The
number of detected and linked unique entities per
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outlet varies between 139 and 452 for Europe 1
and Euronews, respectively. This size disparity im-
plies differential statistical sensitivity: results for
smaller corpora (Hiirriyet, Irish Examiner) should
be interpreted with greater caution regarding power
to detect modest effects. Entity coverage narrows at
each stage. Of the politicians in the global and na-
tional dictionaries, 988 distinct figures are detected
and linked at least once in the sampled articles, con-
tributing 2,499 outlet—entity pairs. Applying the
retention thresholds leaves 551 pairs with sufficient
coverage in both periods to support a politician-
level DiD. Because a politician tracked in several
outlets is estimated separately in each, this figure
counts outlet—entity test units rather than distinct
individuals. The detailed dataset composition is
provided in Appendix N.

3.4 Target-oriented Sentiment Classification

We select target-oriented sentiment classification
(TSC) (Hamborg and Donnay, 2021) to operational-
ize political alignment through the evaluative fram-
ing of named actors — a dimension shown to cor-
relate with outlet-level ideological positioning in
prior work (Hamborg and Donnay, 2021; Elboua-
nani et al., 2025). TSC is particularly suited for
news analysis, as a single article often expresses
divergent attitudes toward multiple political actors.
We acknowledge that this operationalization does
not directly capture complementary dimensions of
political positioning such as topic selection, issue
salience, or structural omission (Card et al., 2015);
we return to this point in the Limitations section.
To select the optimal classifier, we conducted a
preliminary benchmark on the MAD-TSC dataset
across English, French, and Italian (detailed in
Appendix D).We found that modern Large Lan-
guage Models (LLMs) outperform Small Language
Model (SLM) baselines (Dufraisse et al., 2023) in
all three languages: by up to 6.5 macro-F1 points
over the non-translated baseline, and by 1.2 to
3.7 points over the stronger translation-based one,
which is not an option for Turkish. Consequently,
we deployed Qwen 3.5 27B using 4-bit quantiza-
tion (GGUF). Fine-tuning on MAD-TSC yields no
consistent gain over zero-shot (Appendix D), and
zero-shot allows a uniform protocol for Turkish,
which has no TSC training data. To reduce re-
liance on political priors (Elbouanani et al., 2025),
target entities are fully anonymized before infer-
ence. Among six evaluated prompting strategies
(see Appendix D), strict zero-shot classification

yields the most robust results; non-English texts
are processed natively with output constrained to
English labels (Appendix C).

We further validate the pipeline on the study cor-
pus itself: 390 sentences in French and Turkish,
balanced across the four pre/post x treated/control
cells, annotated by three annotators (Appendix E).
Accuracy is 70.9% (FR) and 65.5% (TR) against
a moderately-agreeing human reference (Fleiss’
k = 0.50, 0.41; the Turkish sentences were an-
notated in English machine translation), and entity
linking is correct in 98% of cases. A separate audit
on 1,047 French matches gives 97.2% linking pre-
cision, and a recall audit on unmatched sentences
bounds recall below at 93.8% (FR) and 91.1% (TR)
(Appendix E). Critically for the DiD, the error rate
is statistically homogeneous across the four cells
(p > 0.28): non-differential error inflates standard
errors but does not bias 3s.

3.5 Difference-in-Differences (DiD)
Estimation

We use a difference-in-differences (DiD) design
(Angrist and Pischke, 2009; Card and Krueger,
1994) to estimate whether post-takeover changes
in outlet-level sentiment exceed contemporaneous
shifts in the broader national media environment,
following recent standards for causal inference in
NLP (Keith et al., 2020; Feder et al., 2022; Egami
et al., 2022). This is necessary because political
sentiment can shift for reasons unrelated to owner-
ship — such as elections, scandals, or country-wide
agenda changes. In our observational setting, the
acquired outlet acts as the treated unit, and country-
matched outlets provide the counterfactual trend.
While this design mitigates general media-cycle
confounders, we emphasize that unobserved con-
temporaneous macro-shocks (e.g., the COVID-19
pandemic during the 2020 Italian acquisitions, or
the Russia-Ukraine war in 2022) limit strict causal
identification. We further follow standard recom-
mendations by using clustered standard errors to ac-
count for correlation within media outlets over time
(Bertrand et al., 2004). We note, however, that each
national market contains a single treated cluster
(one acquired outlet and ten control domains, nine
for Hiirriyet and the Irish Examiner, Appendix G),
a regime in which cluster-robust standard errors
are unreliable (Cameron and Miller, 2015); signifi-
cance results should therefore be read as indicative
(see Limitations). The ordered-logit cross-check in
Appendix I validates sign and significance under
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an ordinal outcome but does not address this bias.
To rigorously quantify the relative sentiment shift
of the takeovers, the LLM-generated sentiment out-
puts were mapped to a numerical sentiment score
(Positive = 1, Neutral = 0, Negative = —1).
Although mapping an ordinal variable to a linear
scale is a simplification, this approach is standard
in applied economics for DiD designs with discrete
outcomes (Angrist and Pischke, 2009), and we val-
idate this choice by re-estimating all significant
DiD specifications with a cluster-robust ordered
logit model. Across all 24 tested cases (three micro
showcase cases, eight significant macro specifica-
tions, and thirteen FDR-significant political bloc
cases), ordered logit and OLS agree on both the
sign and the significance of the DiD interaction in
every instance (see Appendix I).

We estimated the treatment effect using the fol-
lowing Ordinary Least Squares (OLS) regression:

Sentiment;q = Po + 51 Targety + Ba Posty
+ B3(Targety; x Postt) + €4
(D

Where: Sentiment;q; is the sentiment score as-
signed to a single sentence mentioning entity ¢,
published in news domain d at date ¢; T'arget, is
the treatment-group main effect, equal to 1 if the
domain belongs to the acquired media and 0 if it be-
longs to the control group; it absorbs time-invariant
level differences between the two groups and does
not enter the DiD estimate; Post; is a dummy vari-
able equal to 1 if the article was published after the
official takeover date, and 0 otherwise; (3 is the
coefficient of interest (the DiD estimator), repre-
senting the relative post-takeover shift in the target
media’s sentiment compared to the control base-
line. Because the score takes values in {—1, 0, +1},
its mean equals P(positive) — P(negative); (3 is
thus a change in net-positivity rate, e.g. +0.044 =
4.4 percentage points. Each observation is one
entity—sentence occurrence; sentence-level estima-
tion preserves the local variance of evaluative fram-
ing and maximizes statistical power, at the cost of
intra-article and within-entity dependence, which
we address by clustering standard errors €;4; at the
domain level. To separate shifts in which actors are
covered from shifts in how a given actor is covered,
we re-estimate each significant specification with
entity fixed effects (Appendix J). The gap between
B3 with and without them decomposes an actor-
selection component from a framing component;

this describes observable patterns, not the editorial
mechanism.

We further report specifications with domain and
month fixed effects (Appendix J). Domain effects
absorb time-invariant level differences between out-
lets, so that (33 is identified from within-domain
variation only and is not affected by changes in
which control domains are present in CC-News
across periods (Appendix G); month effects absorb
shocks common to all outlets in a given month,
including the macro-events discussed in the Lim-
itations. In both cases Targety; and Post; are
collinear with the fixed effects and drop out, while
the interaction remains identified.

Furthermore, to mitigate the multiple testing
problem arising from estimating thousands of si-
multaneous treatment effects across 551 outlet—
entity specifications, we systematically apply the
Benjamini-Hochberg False Discovery Rate (FDR)
correction to all micro-level inferences. Statistical
significance for macro-level updates is evaluated
at the standard p < 0.05 threshold. Bloc- and
micro-level updates are additionally filtered using
the adjusted threshold (p-adjusted < 0.05); Table 4
reports the bloc-level results significant at p < 0.05
and marks the two that do not survive the correc-
tion. Finally, to validate the structural integrity of
our DiD design and test the core assumption of
parallel pre-treatment trends, we perform a series
of strict, in-time placebo tests across the macro,
political alignment, and micro levels. To avoid
contamination from the true treatment effect, we
restrict our sample exclusively to the pre-takeover
period, artificially introducing a false acquisition
date 12 months prior to the actual transaction. A
comprehensive overview of this validation proce-
dure, along with detailed results and econometric
interpretations, is provided in Appendix F.

4 Analysis

We analyze post-takeover changes at three comple-
mentary levels: macro (all tracked figures), politi-
cal alignment (ideological blocs), and micro (indi-
vidual actors).

4.1 Macro-Level Shifts: Global and National
Political Coverage

At the broadest level, we estimate DiD effects
by aggregating all tracked political entities. The
Macro_Global layer pools international and domes-
tic politicians, while Macro_National restricts the
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analysis to politicians from the outlet’s main do-
mestic political arena.

Table 3 shows two? and six statistically signif-
icant post-acquisition divergences for global and
national politicians.

Notably, La Repubblica displays diverging
trends across aggregation levels, with a significant
positive shift globally (4-0.044) and a significant
negative shift nationally (—0.020). This suggests
that the ownership transition may have shifted the
outlet’s framing of international affairs toward a
more favorable sentiment, while it simultaneously
increased editorial scrutiny over domestic political
actors. To formalize the validity of these macro
realignments, we executed strict in-time placebo
tests restricted to the pre-takeover period; the re-
sults show a clean baseline for three of the eight
significant specifications (both levels of La Repub-
blica and the Irish Examiner national level), while
the remainder display significant pre-trends or an
uninformative placebo: a significant placebo weak-
ens the causal reading regardless of its sign, so
we describe those cases as divergences occurring
around the takeover rather than ownership-driven
shifts (see Appendix F).

The Irish Examiner and La Stampa warrant
particular caution: both combine large target—
control divergences in CC-News crawl coverage
(Appendix G) with placebo failures — at the
macro level for La Stampa, whose national placebo
matches the estimated effect, and at the bloc level
for the Irish Examiner, whose Center, Radical Left
and Right coefficients all continue a pre-existing
trend (Appendix F). Euronews, whose control vol-
ume contracts while the target holds steady (Ap-
pendix G), should be read with the same caution.

4.2 Political Alignment Effects

We next aggregate politicians by political align-
ment, pooling all tracked figures per bloc. Be-
cause the global list is dominated by Right and Left
figures (Table 2) and domestic coverage is where
ownership-driven repositioning is most theoreti-
cally motivated, we also re-estimate the bloc-level
effects on domestic politicians only (Appendix L),
which restricts each outlet to its national arena and
therefore estimates a different quantity on a smaller
entity set. Of the 13 FDR-significant bloc results,

The Hiirriyet Macro_Global placebo is non-significant
but comparable in magnitude to the true effect (+0.029 vs.
+0.024), indicating low power rather than a validated effect;
see Appendix F.

Macro Global
DiD std P DiD std P
La Repubblica +0.044 +0.069 <.01 —0.020 —0.031 <.01

Outlet Macro National

Europe 1 +0.005 +0.008 0.495 +0.020 +0.031 <.01
LaProvence  —0.003 —0.005 0.454 +0.020 +0.031 <.01
La Stampa +0.017 +0.027 0.140 +0.032 +0.050 <.001
LA Times +0.012 +0.019 0.168 +0.034 +0.053 <.001
Irish Examiner +0.019 +0.030 0.083 +0.051 +0.080 <.001
Hiirriyet +0.024% +0.038 <.05 +0.006 +0.009 0.880
Euronews —0.010 —0.016 0.232 +0.001 +0.002 0.943
Independent  —0.005 —0.008 0.651 +0.016 +0.025 0.357

Table 3: Macro-level DiD shifts by media outlet.
$Placebo not significant but comparable in magnitude
to the effect, indicating low power rather than a val-
idated result (App. F). Coefficients are on the net-
positivity scale (P(pos) — P(neg)); e.g. +0.044 is a
4.4 percentage-point shift. std is the standardized effect
size (B3/0, with ¢ = 0.638 the pooled outcome stan-
dard deviation).

11 are testable on domestic politicians; eight remain
significant, often with larger coefficients, while
three lose significance on the reduced entity set,
though only La Repubblica Right sees its coeffi-
cient collapse (+0.056 to 4-0.014), indicating an
effect carried by international rather than domestic
figures. The DiD analysis across the five political
blocs shows that takeover effects are conditioned
by the acquirer’s profile and the political opportu-
nity structure of the outlet’s media market. Figure 1
visualizes the pre/post evolution for target and con-
trol outlets, and Table 4 reports the statistically
significant bloc-level effects. La Repubblica is a
useful illustration: its raw sentiment curves broadly
track the Italian control group, yet the DiD decom-
position reveals simultaneous positive and negative
bloc-level realignments invisible in the aggregate.

The decomposition (Appendix J) shows that
most significant shifts are predominantly framing
rather than compositional; the main exceptions are
the LA Times and Hiirriyet macro shifts, which
are roughly half selection and lose significance
under entity fixed effects, consistent with the crawl-
coverage and placebo concerns noted for these two
outlets.

Targeted shifts are not confined to a single ideo-
logical family. Significant micro-level changes oc-
cur relatively evenly across the spectrum (38—47%
per bloc), with no bloc systematically dominating,
suggesting sampling variation rather than a struc-
tural ideological pattern. This indicates that post-
takeover editorial changes, as identified by the DiD
design relative to matched controls, are distributed
across the entire political spectrum rather than con-
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Figure 1: Editorial shifts across the corpus. The comparison between Target and Control groups, before (hatched)
and after (solid) the takeover, reveals that significant editorial divergences (Table 4) are often masked by overarching

national trends.

centrated in a single ideological family — a pattern
that the placebo tests (Appendix F) confirm is not
present at equivalent rates in the pre-takeover pe-
riod. At the bloc-level aggregate (Table 4), Center
and Right coefficients are predominantly positive
(12 of 15), while this directional pattern does not
systematically replicate at the entity level, where
sign distributions are more balanced. Two patterns
emerge. First, acquisitions are associated with tar-
geted softening or hardening toward specific blocs:
for Europe 1 the Radical Right coefficient reflects
a relative softening, though it does not survive
entity-month aggregation (Appendix H). Hiirriyet’s
Center shift is not retained: its placebo pre-trend
is opposite-signed and larger than the effect, and
the Turkish national list contains almost no Center
politicians (0.9%, Table 2), so the coefficient is
carried by international centrists and is not testable
under the domestic-only restriction (Appendix L).

Second, not all takeovers produce the same ideo-
logical signature. The Irish Examiner presents sev-
eral significant bloc-level coefficients, but these re-
flect a broader convergence toward neutrality rather
than a simple ideological turn; the significant Rad-
ical Right coefficient (—0.158) reflects coverage
of foreign figures since the Irish national list con-
tains no domestic radical-right politicians (Table 2),
consistent with its disappearance in the domestic-

Target Media Political Bloc DiD Coeff. std P-Value
Euronews (EU) Radical Right +0.049Y  +0.077 < 0.05
Center +0.0177 40027 < 0.05

Europe 1 (FR) Radical Right +0.048 +0.075 < 0.01
Hiirriyet (TR) Center 10128 40200 < 0.001
Center +0.060 +0.094 < 0.001

. . Radical Left 40123 40.193 < 0.001
Irish Examiner (IE) b iical Right —0.158 —0.248 < 0.001
Right 10040 +0.063 < 0.001

Radical Left +0.056 +0.087 < 0.01

LaProvence (FR) .. fical Right 10089 +0.139 < 0.001
La Stampa (IT) Left +0.048 +0.075 < 0.001
Center —0.027 —-0.042 < 0.05

. Left 0022 —0.034 < 0.01

La Repubblica (IT) - yicat Left +0.081 +0.127 < 0.001
Right +0.056 +0.088 < 0.001

Table 4: Significant DiD coefficients. Positive values
indicate an improved stance (a relative increase in the
sentiment score) compared with the control group. Co-
efficients are on the net-positivity scale; e.g. +-0.089 is
an 8.9 percentage-point shift. std is the standardized
effect size (83 /o0, with o = 0.638 the pooled outcome
standard deviation). YNot significant after Benjamini—
Hochberg FDR correction.
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only sensitivity analysis (Appendix L). Conversely,
in cases such as the LA Times, visible shifts in
raw before/after plots do not remain significant
once national trends are controlled for, confirming
that those raw movements reflect the broader me-
dia environment rather than an ownership-specific
effect. These patterns are consistent with the ac-
quirer’s profile, the outlet’s prior editorial identity,
and the political actors whose coverage becomes
strategically relevant after the takeover — though
establishing direct causal mechanisms behind each
case goes beyond what the DiD design can identify.
To confirm that these bloc-level contrasts reflect
genuine within-outlet heterogeneity rather than iso-
lated effects, we estimate a pooled regression with
a triple interaction term (Target x Postx Alignment)
for each outlet, testing whether the DiD effect of
one ideological bloc differs significantly from an-
other within the same model. The results corrob-
orate the separation reported above: for the Irish
Examiner, the contrast between Radical Right and
Center blocs is the sharpest in the corpus (A =
—0.219, p < 0.001); for La Repubblica, Right and
Radical Left blocs diverge significantly from the
Left baseline (p < 0.001 in both cases); and for
Europe 1, the Radical Right shift is statistically
distinct from the Left reference bloc (p = 0.003).
Full triple interaction results are reported in Ap-
pendix K. Placebo checks across the 15 pairs par-
tition these results (Appendix F): four are clean
under both placebo and FDR criteria (Europe 1
Radical Right, La Provence Radical Left and Rad-
ical Right, La Repubblica Right); two are not re-
jected at the placebo but fail FDR (Euronews Rad-
ical Right, Europe 1 Center) and one cannot be
tested at all (Irish Examiner Radical Right, whose
placebo is not estimable); the remaining eight show
significant pre-trends—either sign reversals or con-
tinuations of pre-existing drift—and are reported
as divergences around the takeover. Of the four
clean results, only La Provence Radical Right re-
mains significant under both the entity-month and
domestic-only specifications, and we reserve causal
wording for that case; Europe I Radical Right re-
verses sign under entity-month aggregation, and the
other two lose significance on the reduced domestic
entity set.

4.3 Politician-level Effects

Globally, 215 of the 551 tested outlet—entity pairs
(39.0%) exhibit statistically significant DiD coeffi-
cients after Benjamini-Hochberg FDR correction

(p-adjusted < 0.05; full list in Appendix O), with
at most 5% of these expected to be false discov-
eries by the construction of the correction proce-
dure. While these significant entity-level changes
are widespread across the corpus, they are not
evenly distributed across media systems, highlight-
ing how context-dependent the intensity of edito-
rial reorientation is. The highest shares of signifi-
cant updates appear for La Provence (49.1%), the
Irish Examiner (47.1%), and Euronews (46.5%),
closely followed by La Stampa (42.1%) and Europe
1 (40.7%).By contrast, Hiirriyet exhibits the lowest
share of significant changes (19.0%), on the small-
est set of testable outlet—entity pairs in the corpus
(21 pairs, against 114 for Euronews). The LA Times
(34.9%), the sole US outlet, shows a national-level
divergence (+0.034) that fails the placebo and is
roughly half compositional (Appendices F and J),
but entity-level changes concentrated on federal ju-
dicial figures (negative for Neil Gorsuch, Merrick
Garland and Antonin Scalia) and on Californian
officeholders (positive for Gavin Newsom, nega-
tive for Xavier Becerra), a pattern distinct from
all European cases and not reducible to a parti-
san realignment. The Independent (33.3%) shows
no significant macro shift, suggesting the Medi-
ahuis acquisition produced actor-specific rather
than outlet-wide repositioning. For illustration we
retain three outlets from different media systems.
Among their entities passing FDR (p,g; < 0.05),
we keep those with V > 1,400 sentences, a legi-
bility threshold for the quarterly trajectories, and
select the highest-|DiD| case in each, yielding
Sarkozy, Raggi and Starmer (Figure 2; additional
cases in Appendix M); placebo diagnostics are re-
ported in Appendix F.3 (Table 13).

Nicolas Sarkozy (Europe 1). The positive shift
for Nicolas Sarkozy illustrates targeted ideologi-
cal alignment. While the national control group
became more negative, plausibly reflecting contem-
poraneous legal controversies, Europe 1 diverged
positively after the takeover. This suggests not a
general pro-right movement, but selective insula-
tion of a politically salient figure from the broader
negative media cycle. This case shows a significant
pre-trend (Appendix F.3) and is therefore reported
descriptively.

Virginia Raggi (La Repubblica). Before the ac-
quisition, the tone toward the Movimento 5 Stelle
(M5S) mayor of Rome was relatively stable com-
pared to the national control group. Following the
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Europe 1 — Nicolas Sarkozy

Repubblica — Virginia Raggi

Euronews — Keir Starmer

DiD = 0.1928, p_FDR = 8.5e-14
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Figure 2: Temporal evolution of editorial slant for selected case studies. The charts compare the acquired outlet
with its respective control group. The vertical dashed line marks the acquisition date.

takeover, La Repubblica became relatively more
negative toward Raggi compared with the national
control group (DiD —0.161). Given Raggi’s asso-
ciation with M5S, a party often characterized as
populist and anti-establishment, this pattern may
be consistent with increased editorial scrutiny of
anti-establishment actors under the new ownership.
However, this interpretation remains suggestive
and should be read alongside the broader evidence
on La Repubblica’s post-takeover editorial posi-
tioning reported in Table 3 and Table 4.

Keir Starmer (Euronews). Euronews became
relatively more positive toward Keir Starmer af-
ter the takeover, compared with the control group.
This may reflect actor-specific realignment rather
than a simple left-right ideological shift. One pos-
sible interpretation is that Euronews became more
favorable toward a politically ascendant figure, al-
though this mechanism remains suggestive.

Taken together, these cases illustrate why macro
estimates should be read carefully: small average
shifts can coexist with widespread, large entity-
level realignments. The main finding is that
takeovers reshape the distribution of tone across
politically salient actors. These findings corrob-
orate prior evidence (Martin and McCrain, 2019;
Cagé et al., 2025) while showing the mechanism
operates through actor-specific repositioning — in-
visible without entity-centered measurement.

5 Conclusion

We presented a multilingual entity-level analy-
sis of political framing around media takeovers,
combining target-oriented sentiment classification
with difference-in-differences estimation against

country-matched controls. The measurement
pipeline is benchmarked on MAD-TSC and val-
idated on the study corpus itself, where classifier
error is homogeneous across the four design cells
and therefore inflates standard errors without bias-
ing (3.

Post-takeover change is not primarily expressed
as a uniform shift in outlet-level tone. Signifi-
cant macro coefficients never exceed five percent-
age points, whereas 215 of 551 outlet—entity pairs
(39.0%) shift significantly after FDR correction,
and within-outlet triple-interaction contrasts sepa-
rate blocs that move in opposite directions inside
the same newsroom. Aggregate stability coex-
ists with a redistribution of tone across politically
salient actors.

That selectivity is also what makes causal attri-
bution hard. Of the 15 significant bloc-level results,
four are clean under both the placebo and FDR
criteria, and one survives entity-month aggregation
and the domestic-only restriction as well; we re-
serve causal wording for that case and report the
remainder as post-takeover divergences. Going
further would require designs this corpus cannot
support: several treated outlets per market, mul-
tiway clustering, and a staggered-adoption event
study. What the present design does establish is
that ownership-related repositioning, where it oc-
curs, is selective and actor-specific, and invisible to
outlet-level measurement.

Limitations

Corpus coverage and outlet selection. The cor-
pus is derived from CC-News and reflects its crawl-
ing frequency, domain coverage, and availabil-
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ity. Some outlets, countries, or periods may be
unevenly represented, and online articles do not
fully capture broadcast, print, or editorial decision-
making. Additionally, the nine target outlets were
selected partly because they are sufficiently rep-
resented in CC-News, which biases the sample
toward digitally active outlets; whether findings
generalize to print-first or broadcast-dominated me-
dia systems remains an open question.

Entity detection and linking. The analysis de-
pends on detected and linked politician mentions.
Errors in named-entity recognition, entity link-
ing, name variants, or political-alignment meta-
data can affect inclusion and aggregation. The
retention thresholds improve comparability but ex-
clude lower-visibility politicians. The audit in Ap-
pendix E bounds these errors—97.2% linking preci-
sion and recall above 93.8% (FR) and 91.1% (TR)—
but covers only sentences from which no entity was
extracted, so it does not detect a second politician
missed inside an already matched sentence. Resid-
ual misses are dominated by unlisted transliteration
variants, a surface-form gap that does not covary
with treatment status.

Construct validity of TSC. Target-oriented sen-
timent captures only one dimension of political
alignment and should not be equated with the con-
struct as a whole. While it effectively captures eval-
uative framing toward named actors, it does not ac-
count for agenda-setting, topic selection, omission,
headline prominence, or the broader narrative struc-
ture that defines political communication (Card
et al., 2015). Neutral labels may further mask com-
plex journalistic practices, such as factual reporting,
balanced framing, or weak and ambiguous evalua-
tion.

Target masking and classifier error. Although
target masking reduces the risk that the LLM relies
on political priors, it may remove contextual infor-
mation that human readers would use. The classi-
fier was selected through a preliminary benchmark,
but its errors may vary by language, genre, outlet,
and political context. Furthermore, our pipeline
does not propagate measurement error from the un-
derlying LLM classifier directly into the standard
errors of the subsequent DiD regressions.

Counterfactual validity. The difference-in-
differences design controls for contemporaneous
shifts in matched media, but its interpretation
depends on the plausibility of the counterfactual

trend. Control outlets may be affected by national
political shocks, market-wide editorial changes, or
ownership dynamics not captured in our metadata.
This is concrete in Ireland, where four control
domains changed ownership alongside the treated
outlets (Appendix A). The takeover date is also an
approximation; editorial effects may begin before
the formal date or unfold gradually.

Temporal confounds. Several takeover windows
coincide with major macro-shocks: the April 2020
Italian acquisitions (La Repubblica, La Stampa)
overlap with the COVID-19 pandemic peak, while
the June—October 2022 French and European
takeovers coincide with the Russia—Ukraine war
and energy crisis. Although DiD controls for con-
temporaneous shifts affecting all outlets equally,
these events may have affected treated and control
outlets asymmetrically — for instance, if the new
owner of Europe 1 held specific editorial views on
the conflict. Results for these outlets should be
interpreted with this caveat in mind.

Unidentified mechanism. The DiD design doc-
uments that sentiment shifted, but cannot distin-
guish between direct editorial instructions from
the new owner, journalist self-censorship in antici-
pation of ownership preferences, post-acquisition
staff turnover, or changes in story selection rather
than tone. These mechanisms have different impli-
cations for media pluralism policy and cannot be
separated with the current data.

Few-cluster inference. Our econometric specifi-
cation pools sentence-level occurrences and clus-
ters standard errors at the domain level to account
for intra-outlet correlation over time. The bind-
ing constraint, however, is not the number of clus-
ters as such but the fact that each national mar-
ket contains a single treated cluster, a regime in
which cluster-robust standard errors and the wild
cluster bootstrap are both unreliable; significance
should therefore be read as indicative of relative
editorial divergence rather than as a precise prob-
abilistic statement. While the sentence-level ap-
proach maximizes data density, it introduces po-
tential intra-article and within-entity dependence
that simple clustering might understate. We re-
port an entity-month re-estimation in Appendix H,
which removes sentence-volume weighting and re-
duces this dependence; multiway clustering and a
full staggered-adoption event-study design (Call-
away and Sant’ Anna, 2021) remain for future work.

28943



Because the reference distribution matters in this
regime, we re-computed all p-values using a ¢ dis-
tribution with G — 1 degrees of freedom, the correc-
tion recommended by Cameron and Miller (2015)
for few clusters and more conservative than the
normal approximation used in Tables 3 and 4. Here
G = 11, except for Hiirriyet and the Irish Exam-
iner, where only nine control domains are observed
in CC-News (Appendix G) and G = 10. Twenty
of the 21 reported specifications (Table 19, Ap-
pendix J) remain significant at the 5% level un-
der this reference; the exception is the Hiirriyet
Macro_Global effect (p = 0.059), which we al-
ready treat as underpowered.

Entity list generation. Our approach relies on
Gemini 3.1 Pro to generate the initial political
entity lists. While this allows for rapid and
broad entity tracking, the lists are subject to the
model’s inherent selection biases and training-data
knowledge cut-offs, which may lead to the under-
representation of regional or fringe political actors.
Results are therefore conditional on the sampled
lists: they characterise editorial change toward the
tracked actors, not toward each national political
space in full.

Cross-lingual calibration. Turkish is the weak-
est language in our pipeline. It is absent from
MAD-TSC, so the classifier was never bench-
marked against an established external resource
in that language, and the in-corpus validation we
report (Appendix E) rests on 194 retained sentences
annotated on automatic English translations, since
none of the annotators reads Turkish: accuracy
is 65.5% against a reference that is itself noisier
than the French one, both because inter-annotator
agreement is only moderate (Fleiss’ x = 0.41)
and because the reference is mediated by machine
translation. Part of the gap with the French fig-
ures is therefore attributable to the reference rather
than to the classifier. The classifier error rate does
not differ significantly across the four design cells
(p = 0.32), which is the property that matters for
B3, but with 50 sentences per cell that test detects
only gross differential error. Results for Hiirriyet
should therefore be read with more caution than
those for the other outlets. More broadly, even
across validated languages, the sentiment scale
may not be equivalently calibrated: a POSITIVE
classification in Turkish may correspond to a dif-
ferent absolute intensity than in French or Italian,
which complicates direct cross-country compar-

ison of DiD magnitudes, though within-country
comparisons between treated and control outlets
remain unaffected. National lists also differ in their
ideological composition (Table 2); cross-country
comparison of bloc-level coefficients should there-
fore be interpreted as relative within-country shifts
rather than absolute ideological positioning.

Parallel trends assumption. Our identification
strategy assumes parallel trends between outlets
subject to ownership changes and their matched
controls. Although we control for concurrent
shocks, this assumption is inherently non-testable
in a counterfactual sense; idiosyncratic editorial
decisions within control groups may mimic or ob-
scure true treatment effects.

Statistical vs. substantive significance. Signif-
icant coefficients are not automatically substan-
tively large. We therefore interpret macro, bloc,
and politician-level results jointly, but some cases
remain partly qualitative. The findings should be
read as evidence of selective repositioning in the
observed cases, not as a universal law of media
ownership. With nine eligible cases, we do not esti-
mate a population-level treatment effect for media
takeovers; our claim is the coexistence of aggre-
gate stability and actor-level selectivity within the
observed cases, consistent across heterogeneous
acquirer profiles rather than generalizable to all
ownership changes.

Ethics and Impact

This work provides an entity-centered NLP
pipeline to audit structural biases in media ecosys-
tems following ownership changes. By decom-
posing editorial shifts down to individual political
actors rather than relying only on global outlet av-
erages, the framework supports cross-country re-
search beyond isolated case studies. It can also
assist editorial accountability, public-interest jour-
nalism, and media pluralism analysis by identify-
ing cases where changes in tone are concentrated
on specific political actors or ideological groups
rather than visible at the outlet level. In operational
settings, such signals should be interpreted as au-
dit indicators rather than as definitive evidence of
intentional editorial influence. They are most ap-
propriate as inputs for secondary human review by
researchers, regulators, journalists, or civil-society
organizations.

The ethical use of this framework requires atten-

28944



tion to measurement uncertainty, contextual inter-
pretation, and potential downstream harms. The
pipeline relies on automated entity recognition, en-
tity linking, target-oriented sentiment classification,
and statistical estimation, each of which can in-
troduce errors. Results may therefore affect the
perceived reputation of media outlets, owners, jour-
nalists, or political actors if reported without suffi-
cient caveats. For this reason, outputs should not
be used to rank outlets, infer individual journalists’
intentions, or make legal or regulatory determina-
tions without additional qualitative evidence. The
framework is designed to study aggregate edito-
rial patterns, not to attribute motives to specific
persons.

The work also raises risks related to political
sensitivity and dual use. A similar methodology
could be used by media owners, campaign organiza-
tions, or strategic communication actors to monitor
whether coverage remains below detection thresh-
olds, to benchmark competitors’ framing, or to op-
timize selective narrative realignments. These risks
support deployment by independent third parties,
transparent reporting of uncertainty, and restricted
access to implementation details that would facil-
itate adversarial adaptation. When used in insti-
tutional settings, the framework should be accom-
panied by documentation of data sources, model
versions, validation results, statistical assumptions,
and known limitations.

Finally, the analysis should be understood as one
component of a broader media pluralism assess-
ment. Target-oriented sentiment captures evalu-
ative framing toward named political actors, but
does not capture topic selection, agenda-setting,
omission, headline prominence, ownership gover-
nance, newsroom practices, or audience exposure.
Ethical interpretation therefore requires combining
the quantitative evidence with domain expertise,
case-specific knowledge, and, where possible, com-
plementary qualitative inquiry.
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A Control Media Selection

To construct a robust and unbiased baseline for our
Difference-in-Differences (DiD) analysis, we se-
lected 10 control media outlets for each targeted
country or region. These specific control domains
were carefully chosen according to three core crite-
ria:

1. Representativeness: They are major national
or regional publications with high circulation
and web traffic, ensuring they are sufficiently
represented within the CC-News corpus.

2. Stability: They did not undergo ownership
changes during the respective 48-month ob-
servation windows. The Irish market is the
exception: its media system is small enough
that excluding every domain linked to the two
Irish transactions would have left too few out-
lets to build a comparable control set, so we
retained them and report the consequence be-
low.

3. Diversity: Collectively, they offer a broad and
diverse spectrum of political coverage. This
mitigates the risk of ideological bias in our
baseline, ensuring that the control trends are
not artificially skewed by the specific editorial
line of a single dominant publisher.
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The complete mapping of the control domains
used in our extraction and analysis pipeline is de-
tailed in Table 5.

Table 5: List of Control Media Domains by Coun-
try/Region

Country/Region  Control Domains

USA

nytimes.com, washingtonpost.com,
Wwsj.com, apnews.com, reuters.com,
npr.org, bloomberg.com,
nbcnews.com, nypost.com,
theguardian.com

France lemonde.fr, lefigaro.fr, liberation.fr,
leparisien.fr, lesechos.fr,
francetvinfo.fr, ouest-france.fr,

lepoint.fr, 20minutes.fr, ladepeche.fr

Italy corriere.it, ilsole24ore.com,
ilfattoquotidiano.it, ansa.it,
ilmessaggero.it, quotidiano.net,
avvenire.it, tgcom24.mediaset.it,

rainews.it, tg24.sky.it

Turkey sozcu.com.tr, cumhuriyet.com.tr,
sabah.com.tr, haberturk.com,
yenisafak.com, karar.com, birgun.net,

t24.com.tr, trthaber.com, ntv.com.tr

Ireland irishtimes.com, rte.ie, thejournal.ie,
irishmirror.ie, businesspost.ie,
breakingnews.ie, sundayworld.com,

newstalk.com, extra.ie, echolive.ie

Europe politico.eu, bbc.com, france24.com,
dw.com, reuters.com,
theguardian.com, ft.com,
euobserver.com, euractiv.com,

aljazeera.com

Note. Four Irish control domains overlap with the two Irish
treatment events: irishtimes.com is the acquirer of the Irish
Examiner, and breakingnews.ie and echolive.ie were acquired
in the same 2018 transaction; sundayworld.com was acquired
by Mediahuis alongside the Independent in 2019. These
domains were retained for comparability with the other
markets, but the overlap attenuates the treated—control
contrast, so the Irish estimates should be read as lower bounds.

B Entity Selection and Compilation

To systematically analyze media bias, we compiled
comprehensive dictionaries of tracked entities cate-
gorized into three distinct levels: Global, National,
and Specific. The Specific level covers actors tied
directly to each takeover—the acquirer and the in-
dividuals and entities associated with it—and is
used to check whether coverage of the new owner
itself changes after the transaction. It accounts for
4,168 of the 1,376,552 occurrences (Appendix N)
and is too sparse to support DiD estimation, so it
does not enter the analyses reported in the paper.

Global and National Figures

The lists of Global (major international figures) and
National (country-specific politicians) entities were
generated using the Gemini Large Language Model
(Gemini 3.1 Pro) to ensure broad coverage of the
political spectrum. Lists were curated to cover
the full five-point ideological spectrum (radical-
left, left, center, right, radical-right), with manual
inspection by a native speaker for the French list.

The Global list was generated with the following
prompt:

List major political figures active inter-
nationally during the last 10 years, cov-
ering the full political spectrum. In-
clude more than 1000 politicians, with-
out constraints on country of origin. Cre-
ate a TSV file including the following
columns: the Wikidata ID of the politi-
cian, the usual name of the politician, the
Wikipedia entry link.

The National lists were generated per country using
the following prompt template (adapted by replac-
ing the country name accordingly):

List American (USA) politicians active
during the last 10 years, covering the
country’s political spectrum. Include be-
tween 200 and 1000 politicians in the
list, depending on your knowledge about
American politics. Create a TSV file in-
cluding the following columns: the wiki-
data ID of the politician, the usual name
of the politician, the Wikipedia entry link.

Ambiguous mentions are resolved during the
entity-linking step (Section 3.3) rather than via
manual list curation.

C LLM Inference Prompts

To ensure strict, reproducible, and easily parsable
classifications across all target media, we utilized
a highly constrained zero-shot prompting strategy.
The prompts were designed to force the LLM to
output a single standardized label without gener-
ating conversational filler or chain-of-thought rea-
soning.

We deployed two prompt variants: a standard
version for English corpora, and a cross-lingual ver-
sion equipped with a specific language constraint
for non-English corpora (French, Italian, and Turk-
ish).
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Standard Prompt (English Media)
System Prompt:

You are an expert computational journal-
ist and political analyst. Your task is to
perform Targeted Sentiment Analysis on
a news paragraph. Read the text and
determine the author’s underlying sen-
timent specifically directed towards “EN-
TITY”. Use a balanced standard across
the three labels. Do not overuse NEU-
TRAL when the wording clearly frames
ENTITY favorably.

User Prompt:

Classify the sentiment towards ENTITY
as exactly ONE of the following: POSI-
TIVE, NEUTRAL, or NEGATIVE.

Use POSITIVE when the paragraph
presents ENTITY with favorable fram-
ing, approval, praise, competence, suc-
cess, vindication, beneficial outcomes,
growing support, constructive leader-
ship, or advantageous political momen-
tum. POSITIVE does not require ex-
plicit praise words if the author’s framing
clearly benefits ENTITY.

Use NEGATIVE when the paragraph
presents ENTITY with criticism, blame,
failure, scandal, wrongdoing, incompe-
tence, danger, harmful consequences, de-
clining support, or adverse political mo-
mentum.

Use NEUTRAL when the paragraph
is primarily factual, procedural, de-
scriptive,  balanced, attributed to
someone else without authorial endorse-
ment, merely reports that ENTITY
spoke/met/announced/attended/said

something, or when positive and nega-
tive cues are both absent or too weak.
NEUTRAL should also be used for
mixed or ambiguous framing where the
author’s sentiment towards ENTITY is
not clearly favorable or unfavorable.

Output ONLY the exact word and noth-
ing else. Do not explain your reasoning.

Sentence: [INSERT SENTENCE

HERE]

Cross-Lingual Prompt (Non-English Media)

For articles extracted from non-English media, a

specific hint was injected into the user prompt to

ensure the model processed the native language

while standardizing the output schema in English.
User Prompt:

Important: The input news text is not
necessarily in English. Classify based on
the meaning of the text. Your final label
must be exactly one English word.

D Preliminary TSC experiment

To justify our choice of classifier, we evalu-
ated 8 different Large Language Models (LLMs)
against established Small Language Model (SLM)
baselines on the test subset of the MAD-TSC
dataset (Dufraisse et al., 2023). We detail these
preliminary target-oriented sentiment classification
results in Table 6.

The findings confirm that LLMs outperform
SLMs, though the size of the gap depends on the
baseline. Against RoOBERTa SPC, which operates
on the original text, the deployed configuration
(Qwen 3.5 27B GUID Q4KM) gains 2.9, 6.5 and
6.4 macro-F1 points in English, Italian and French.
Against the stronger ROBERTa SPC TRAN base-
line, which first translates the input into English,
the gains narrow to 2.9 and 3.7 points in English
and French, and the deployed configuration falls
0.2 points short in Italian; the best LLM configura-
tion in that language (Qwen 3.5 27B RAW, 73.7)
still leads SPC TRAN by 1.2 points. We neverthe-
less retain the GUID variant, which is the strongest
in two of the three languages, produces a markedly
better balance across the three classes (see the cap-
tion of Table 6), and requires no translation step—
an advantage for Turkish, where SPC TRAN is
not available, and one that costs nothing given that
translation brings no gain to LLMs (Table 7). Con-
sequently, we deployed the Qwen 3.5 27B model
for the primary media outlet analysis.

Zero-shot vs. Fine-tuning

To assess whether supervised adaptation would
improve measurement quality, we fine-tuned
Qwen3.5-27B with QLoRA on the English, Ital-
ian and French MAD-TSC training subsets and
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evaluated it under the same protocol. The fine-
tuned model reaches macro-F1 of 74.4, 69.3 and
77.6 respectively—0.8 and 3.0 points below the
deployed (GUID) zero-shot configuration for En-
glish and Italian, and 0.4 points above for French;
measured against the best zero-shot configuration
in each language, the Italian gap widens to 4.4
points. Fine-tuning therefore yields no consistent
gain. We retain the zero-shot configuration, which
additionally permits a uniform inference protocol
for Turkish, for which no suitable TSC training
subset is available.

Model EN IT FR
RoBERTa SPC 72.3 658 70.8
RoBERTa SPC TRAN 723 725 735
Qwen 2.5 7B RAW 64.8 63.1 63.8
Llama 3 8B RAW 64.1 57.0 59.6
Aya Expanse 32B RAW 65.8 584 63.1
Qwen3.5 35B A3B RAW 69.3 66.1 67.8
Qwen2.5 32B RAW 71.0 70.7 70.6
Qwen2.5 72B RAW 729 70.7 73.6
Qwen3 32B RAW 69.8 67.8 69.0
Qwen3.5 27B RAW 749 737 745
Qwen3.5 27B GUID 752 723 772
Qwen3.5 27B QLoRA (fine-tuned) 744 693 77.6

Table 6: Macro F1 scores for the preliminary TSC ex-
periment. ROBERTa results are those from (Dufraisse
et al., 2023). “SPC” does not use corpus translation,
while “SPC TRAN” translates sentences to English be-
fore TSC inference. Qwen3.5 27B RAW is a version of
the zero-shot LLM prompt in which we do not provide
guidance regarding the three classes, resulting in higher
per-class imbalance between NEGATIVE, NEUTRAL,
and POSITIVE (84.9, 73.5 and 66.3 in English, respec-
tively). Qwen3.5 27B GUID adds guidance about how
to predict the three classes and reduces the imbalance
between classes (84.1, 70.7, and 70.8, respectively). The
guidance is detailed in Appendix C. Entity names are
masked in all experiments.

Impact of Target Anonymization

To ensure that replacing the names of political fig-
ures with a generic token ([ENTITY]) did not harm
the model’s natural language understanding, we
compared inferences on raw texts containing the
true names versus their anonymized counterparts.
Using the Qwen2.5 32B architecture as a baseline,
the Macro F1 scores vary little: 71.3 (true name)
vs. 71.0 (anonymized) in English, 72.4 vs. 70.6 in
French, and 69.6 vs. 70.7 in Italian. The largest
change is a 1.8-point drop in French; English is
essentially unchanged and Italian improves by 1.1
points. Masking therefore costs at most about two
macro-F1 points in the worst of the three languages,

and occasionally yields a minor gain. Crucially,
this allows us to strip the texts of preexisting LLM
biases towards specific politicians without sacrific-
ing analytical efficacy.

Impact of Machine Translation

While previous research demonstrated that adding
automatic translations to English before inference
improved results for SLMs (Dufraisse et al., 2023),
we sought to investigate whether this preprocess-
ing step also benefits modern LLMs. We tested
two state-of-the-art open-source translation models:
TranslateGemma 27B (Finkelstein et al., 2026)
and X-ALMA 13B (Xu et al., 2025).

Due to the prohibitive computational cost of
translating the entire corpus for every LLM config-
uration, we restricted this exploratory experiment
to the Qwen2.5 32B model. As detailed in Table 7,
translating the French and Italian subsets to English
prior to sentiment classification did not yield any
meaningful performance gains. In fact, scores fluc-
tuated within a narrow margin of error and even
occasionally degraded. Consequently, we opted to
run all our LLM inferences natively in the origi-
nal languages, avoiding the massive computational
overhead of specialized translation pipelines.

Translation Strategy EN IT FR
Native (Original Text) 71.0 70.7 70.6
TranslateGemma 27B — EN - 704 70.8
X-ALMA 13B — EN - 694 710

Table 7: Comparison of Macro F1 scores on the
Owen2.5 32B model when using native text versus trans-
lating French and Italian texts to English prior to infer-
ence. All tests use anonymized entities.

Impact of Prompt Engineering Strategies

To ensure the robustness of our Zero-Shot Target-
oriented Sentiment Classification, we evaluated the
impact of various prompt engineering strategies.
We hypothesized that framing the task differently
(e.g., using a persona, shifting from “sentiment” to
“stance”, or providing examples) could affect the
LLM’s comprehension of journalistic text.

Using the Qwen2.5 32B model with anonymized
entities (native text without translation), we com-
pared six prompt templates:

* Prompt 1: Zero-Shot Sentiment (With Per-
sona). The baseline prompt used in our main
study (detailed in Appendix C), asking for
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POSITIVE/NEUTRAL/NEGATIVE classifi-
cation while adopting the persona of an expert.

* Prompt 2: Zero-Shot Sentiment (Direct).
Same as Prompt 1, but without the initial per-
sona framing (direct instruction).

* Prompt 3: Zero-Shot Stance (With Per-
sona). Shifts the classification paradigm from
sentiment to political stance, asking to classify
the text as SUPPORT, NEUTRAL, or OPPO-
SITION, using an expert persona.

e Prompt 4: Zero-Shot Stance (Direct). Same
as Prompt 3, but without the persona.

* Prompt 5: Few-Shot Sentiment (3-shot).
Includes three synthetic examples (one for
each class) mapping sentences to NEGATIVE,
NEUTRAL, and POSITIVE.

e Prompt 6: Chain of Thought Stance
(CoT). Instructs the model to write a one-
sentence preliminary analysis of adjectives
and framing before outputting the final SUP-
PORT/NEUTRAL/OPPOSITION class.

Prompt Strategy EN IT FR
P1: Zero-Shot Sentiment (Persona) 71.0 70.7 70.6
P2: Zero-Shot Sentiment (Direct) 69.8 70.6 71.7
P3: Zero-Shot Stance (Persona) 65.7 69.0 69.8
P4: Zero-Shot Stance (Direct) 67.3 704 71.1
P5: Few-Shot Sentiment (3-shot) 62.9 663 65.6
P6: Chain-of-Thought (Stance) 65.7 68.5 70.0

Table 8: Macro F1 scores across the six prompt
strategies evaluated on the Qwen2.5 32B model using
anonymized native texts. P1 provides the most consis-
tent baseline, particularly in English.

As shown in Table 8, advanced prompting
paradigms like Few-Shot (P5) and Chain of
Thought (P6) unexpectedly degraded performance.
This is likely because synthetic examples (P5)
fail to capture the complex, implicit framing in-
herent to political news, while CoT (P6) causes
the model to over-analyze factual reporting as bi-
ased. Furthermore, framing the task as Targeted
Sentiment (Positive/Negative towards an entity)
consistently yielded better or more stable results
across languages than framing it as general political
Stance (Support/Oppose). This aligns with the core
premise of Bestvater and Monroe (2023)—who
show that sentiment and stance are conceptually
distinct constructs in political text—and confirms

that instructing LLMs on evaluative sentiment pro-
vides a cleaner measurement of framing than ask-
ing them to infer complex ideological stances. Con-
sequently, Prompt 1 was selected as the optimal and
most reliable configuration for the final analysis.

E Human Validation on CC-News

The MAD-TSC benchmark (Appendix D) eval-
uates the classifier on an external corpus. Be-
cause differential measurement error—error rates
that differ across the four design cells (pre/post
x treated/control)—would bias (3, we addition-
ally validate the pipeline on the study corpus itself.
We sample 200 sentences per language, balanced
across the four cells (50 per cell), in French and
Turkish; Turkish has no human-annotated TSC re-
source, so it is the language for which external
validation is least available. Each sentence is anno-
tated by three annotators on the masked text actu-
ally passed to the classifier. We retain a sentence
when at least two annotators agree and the third
does not assign the opposite polarity, which dis-
cards 10 of 400 sentences (3 opposed, 7 without
majority).

Annotators and protocol. The three annotators
are the authors of this paper. No crowdsourcing
platform was used and no compensation was paid,
the annotation being part of the authors’ own re-
search activity. Sentences were presented in ran-
domised order, with no indication of the outlet, the
date or the design cell, so annotators were blind
to treatment status. Each annotator saw only the
masked sentence passed to the classifier and as-
signed POSITIVE, NEUTRAL or NEGATIVE to
the sentiment expressed by the author of the text
toward the masked entity, following the class defi-
nitions of the classifier prompt (Appendix C); anno-
tators worked independently and did not see each
other’s labels or the model predictions. None of
them reads Turkish: the Turkish sentences were an-
notated on automatic English translations, whereas
the classifier processed the original Turkish. The
Turkish reference is therefore weaker than the
French one, and part of the gap between the two
languages in Table 9 is attributable to translation
error rather than to classifier quality. Because trans-
lation error is a property of the sentence and not
of the outlet or the period, it does not covary with
treatment status, which is the property that the cell-
invariance test in Table 9 checks.

Two observations matter for the DiD. First, the
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FR TR All

Sentences retained 196 194 390
Accuracy (%) 70.9 65.5 68.2
95% CI [64,771 [59,72] [63,73]
Macro-F1 0.71 0.66 0.69
Cohen’s  (model-gold) 0.56 0.48 0.52
Fleiss’ x (inter-annotator) 0.50 0.41 0.45
Entity linking (%) 98.0 98.5 98.2
Cell invariance (x2, p) 0.49 0.32 0.28

Table 9: Human validation on CC-News. Cell invari-
ance tests whether the classifier error rate differs across
the four pre/post x treated/control cells; non-significant
values indicate homogeneous error.

French

gold \ model NEG NEU POS
NEGATIVE 45 0 2
NEUTRAL 18 65 34
POSITIVE 0 3 29
Turkish

gold \ model NEG NEU POS
NEGATIVE 40 4 1
NEUTRAL 21 54 31
POSITIVE 0 10 33

Table 10: Confusion matrices against the human major-
ity label.

error rate is statistically homogeneous across the
four design cells in both languages (p = 0.49 and
p = 0.32) and pooled (p = 0.28). Classical, non-
differential measurement error inflates standard er-
rors but does not bias 33; the invariance test finds
no evidence of the differential error that would.

Second, the dominant error is a tendency to over-
assign polarity to neutral sentences: recall is high
for NEGATIVE (0.96 FR, 0.89 TR) and POSI-
TIVE (0.91, 0.77) but drops to 0.56 (FR) and 0.51
(TR) for NEUTRAL. The misassignments occur
on both sides, with a skew toward POSITIVE (18
toward NEG vs. 34 toward POS in French; 21 vs.
31 in Turkish). This is a known consequence of the
guided prompt (Appendix D); crucially, it does not
covary with treatment status.

The moderate absolute accuracy reflects both
this bias and the intrinsic difficulty of the task: inter-
annotator agreement is itself moderate (Fleiss’ k =
0.50 and 0.41), so the reference labels are not noise-
free, and for Turkish they are additionally mediated
by machine translation. We present this study as
a diagnostic rather than a certification of accuracy.
With 50 sentences per cell, the standard error on a
per-cell error rate is approximately 6.5 points and

roughly 13 points on a difference-in-differences
of error rates, so the invariance test detects gross
differential error only. Turkish is the weaker case
on every metric and should be read accordingly.

Entity detection and linking

Precision. We manually verified 1,047 randomly
sampled entity matches in the French subcorpus.
Nine were incorrect NER assignments for the target
entities; entity-linking precision is 97.2%, with
residual errors concentrated on family names cited
without a first name.

Recall. Precision alone leaves open systematic
misses, which would make the analysis sample
non-random. Because a missed politician leaves
no trace in the linked corpus, we audit recall on
its complement: sentences from which the pipeline
extracted no entity. We sample 150 such sentences
per language and, for each, an author identifies
every politician mentioned and classifies it as in-list
(a genuine pipeline miss) or out-of-list (a politician
absent from our dictionaries, i.e. a coverage gap
rather than a detection error). As in the annotation
study above, the French sentences were read in the
original and the Turkish ones in automatic English
translation; since translation tends to normalise
name spellings, an in-list politician is if anything
easier to recognise in the translated Turkish sample
than in the original.

The unmatched pool is small relative to the
linked corpus: 504,172 linked mentions against
33,078 unmatched sentences in French, and 87,725
against 8,572 in Turkish. Assuming at most one
missed politician per unmatched sentence, recall is
therefore bounded below by 93.8% (FR) and 91.1%
(TR) even if every unmatched sentence conceals
an in-list politician. The observed in-list miss rates
are 78 of 150 sampled sentences in French and 31
of 150 in Turkish; extrapolating them to the full
pool gives recall estimates of 96.7% (95% CI [96.2,
97.2]) and 98.0% ([97.4, 98.6]).

In-list misses are almost entirely unlisted translit-
eration variants of names that our dictionaries carry
in a single spelling (Loukachenko, Zelensky, Ser-
guer). This explains the gap between the two lan-
guages: the French outlets cover international ac-
tors whose names are transliterated, whereas Hiir-
riyet’s unmatched sentences are predominantly do-
mestic. Because a surface-form gap is a property of
the name rather than of the outlet or the period, this
error is non-differential with respect to treatment
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status. Out-of-list mentions are dominated by the
acquirers themselves (Saadé, Niel, Bolloré, Tapie)
and by historical figures, both outside the scope of
the tracked lists.

F Robustness Check: Strict In-Time
Placebo Tests

To ensure that our significant Difference-in-
Differences (DiD) estimates capture the actual ef-
fect of ownership change rather than pre-existing
editorial drift, we conduct a strict in-time placebo
test. A common pitfall in placebo testing is allow-
ing the true post-treatment period to contaminate
the placebo post-period. To avoid this, we restrict
our sample exclusively to the true pre-takeover pe-
riod. We then artificially split this restricted dataset
by introducing a placebo takeover date (12 months
prior to the true takeover) and rerun our DiD mod-
els.

A non-significant placebo coefficient is consis-
tent with parallel pre-treatment trends. A signifi-
cant placebo weakens the causal reading regard-
less of its sign: we therefore classify each sig-
nificant specification as clean (placebo not sig-
nificant), trend reversal (placebo significant, op-
posite sign), or continuation (placebo significant,
same sign, indicating pre-existing drift). Causal
wording is reserved for results that are clean under
both the placebo and the FDR criterion; all others
are reported as divergences occurring around the
takeover.

F.1 Macro-Level Placebo Estimates

Table 11 reports the placebo results exclusively
for the 8 macro-level models that were statistically
significant in our main analysis.

Four of the eight models show non-significant
placebo coefficients. In three of them—both levels
for La Repubblica and the national level for the
Irish Examiner—the placebo coefficient is close
to zero and well below the estimated effect, which
we read as a clean treatment effect. The fourth,
Hiirriyet Global, passes the test only nominally:
its placebo coefficient (40.029) is larger than the
effect it is meant to rule out (4+0.024), so the non-
rejection reflects insufficient power rather than the
absence of a pre-trend, and we do not treat this
result as validated. For Europe 1, La Provence and
the LA Times, the placebo coefficients are signifi-
cant but negative while the true effects are positive.
This pattern is consistent with a trend reversal, but

Outlet (Level) Real DiD Placebo DiD  Placebo p
La Repubblica  +0.044™* +0.008 0.301
(Glob.)

La Repubblica —0.020"* +0.007 0.393
(Nat.)

Irish Examiner +0.051"** —0.000 0.995
(Nat.)

Hiirriyet (Glob.) +0.024* +0.029% 0.159
Europe 1 (Nat.) +0.020** —0.0197 0.007
La  Provence  +0.020** —0.0241 <0.001
(Nat.)

LA Times (Nat.)  +0.034** —0.017 <0.001
La Stampa (Nat.)  +0.032*** +0.032F 0.001

Table 11: Macro-level strict placebo tests restricted to
originally significant models. Signif. codes for Real
DiD: *p < 0.05, **p < 0.01, ***p < 0.001. T indicates
a significant placebo pre-trend (p < 0.05). ¥ indicates
a placebo that is not significant but comparable in mag-
nitude to the effect, so the test is uninformative rather
than passed. The top four show no significant pre-trend;
the bottom four show a significant placebo (three sign
reversals, one continuation for La Stampa).

a significant pre-trend violates parallel trends: we
therefore report these as divergences around the
takeover rather than as identified ownership effects.
The single notable exception is La Stampa (Na-
tional), where the placebo coefficient matches the
true treatment effect (+0.032, p = 0.001). This
specific alignment indicates that the domestic cov-
erage shift in La Stampa was already structural and
underway during the pre-treatment period. Rather
than a sudden shock, the ownership transition here
is best interpreted as the continuation and institu-
tional consolidation of a long-term editorial drift
that was already driving the outlet’s trajectory rela-
tive to its control group.

F.2 Bloc-Level Placebo Estimates

We apply the same strict placebo design to the 15
political blocs that exhibited significant relative
shifts in the main analysis (Table 12).

Six of the 14 testable pairs display no significant
pre-trend. Applying the joint placebo-and-FDR
criterion leaves four (Table 14): the La Provence
Radical Left and Radical Right shifts, La Repub-
blica’s shift toward the Right, and Europe 1’s Radi-
cal Right coefficient. Euronews Radical Right and
Europe 1 Center are clean at the placebo but do not
survive FDR correction. Where placebo effects are
significant, they indicate either anticipation dynam-
ics or the continuation of a pre-existing drift, and
we do not attribute those changes to the ownership
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Outlet (Political Real DiD Placebo DiD Placebo p QOutlet (Sub- Real DiD Placebo DiD Placebo p
Bloc) ject)
Euronews (Radi- +0.049* +0.031 0.081 Euronews (Keir  +0.308*** +0.021 0.528
cal Right) Starmer)
Europe 1 (Center) +0.017* —0.007 0.449 La Repubblica —0.161"** —0.005 0.886
Europe 1 (Radical ~ +0.048™* —0.007 0.501 (Virginia Raggi)
Right) : -
La Provence (Rad-  +0.056"* +0.020 0318  Europe I (Nico-  +0.193 —0.047 0.047
ical Left) las Sarkozy)
La Provence (Rad- +0.089*** —0.021 0.104
ical Right) Table 13: Micro-level strict placebo tests for selected
(LP?‘ ht? cpubblica +0.0%0 —oot 0.103  cage studies. Signif. codes for Real DiD: *p < 0.05,
18 *ok *ok T : . .
Irish ~ Examiner —0.158*** N/A® o p < 0.01, ***p < 0.001. T indicates a 51gn1ﬁcanf
(Rad. Right) placebo pre-trend (p < 0.05). For Starmer and Raggi,
— -~ - the placebo confirms a clean treatment effect, while for
Hurriyet (Center) ~ +0.128 —0.339 <0.001 garkozy it reveals a trend reversal.
Irish  Examiner +0.060"** +0.0507 0.042
(Center)
i i ok T . . . .
g{;g ngammer +0.123 +0.188 0030 tive rather than as an identified ownership effect.
Irish E i 0.040"** 0.0311 0.001 .
(Eisght) xaminer - < F.4 Summary of the Placebo Triage
La Stampa (Left)  +0.048™** +0.051F 0.003
. . +
La Repubbllca —0.027 —0.026 0.025 Outlet (BIOC) DiD Category
(Center)
La Repubblica —0.022** +0.037" <0.001 Placebo not rejected or not testable, but excluded
(Left) Europe 1 (Rad. Right) +0.048 clean
La Repubblica +0.081*** +0.0841 <0.001 La Provence (Rad. Left) +0.056 clean
(Rad. Left) La Provence (Rad. Right) +0.089 clean
La Repubblica (Right) +0.056 clean
Table 12: Bloc-level strict placebo tests for the 15 orig-  Clean at placebo but excluded
inally significant pairs. Signif. codes for Real DiD:  Irish Examiner (Rad. Right) —0.158 not testable?

*p < 0.05, **p < 0.01, **p < 0.001. T indicates a sig-
nificant placebo pre-trend (p < 0.05). * The Irish Exam-
iner’s radical right bloc lacked sufficient pre-treatment
observations for placebo model convergence.

transition.

F.3 Micro-Level Placebo Estimates

Finally, we test the validity of the structural breaks
observed in our three primary case studies: Nicolas
Sarkozy (Europe 1), Virginia Raggi (La Repub-
blica), and Keir Starmer (Euronews).

The entity-level tests demonstrate high robust-
ness. Both Keir Starmer and Virginia Raggi dis-
play highly non-significant placebo coefficients,
confirming that the massive shifts in their editorial
coverage occurred exclusively after the formal ac-
quisition. For Nicolas Sarkozy, the placebo test de-
tects a marginal, negative pre-trend (53 = —0.047,
p = 0.047). However, the true treatment effect
is substantially larger and positive (83 = +0.193,
p < 0.001). This is consistent with Europe I hav-
ing been on a trajectory of increasing criticism to-
ward Sarkozy alongside the control group, with the
divergence reversing after the takeover; given the
significant pre-trend, we report this case as descrip-

Euronews (Rad. Right)
Europe 1 (Center)

+0.049
+0.017

not FDR-significant
not FDR-significant

Significant pre-trend

Hiirriyet (Center) +0.128 trend reversal
La Repubblica (Left) —0.021 trend reversal
Irish Examiner (Center) +0.060 continuation
Irish Examiner (Rad. Left) +0.123 continuation
Irish Examiner (Right) +0.040 continuation
La Stampa (Left) +0.048 continuation
La Repubblica (Center) —0.027 continuation
La Repubblica (Rad. Left) +0.081 continuation

Table 14: Placebo triage of the 15 significant bloc-level
results. ¥ The Irish Examiner Radical Right placebo
could not be estimated for lack of pre-period observa-
tions; the effect also reflects coverage of foreign figures
and vanishes under the domestic-only restriction (Ap-
pendix L). Euronews Radical Right and Europe 1 Center
are clean at the placebo but do not survive FDR correc-
tion.

At the macro level, four of the eight significant
specifications show no significant placebo (La Re-
pubblica Global and National, Irish Examiner Na-
tional, Hiirriyet Global); Europe 1, La Provence
and the LA Times show trend reversals, and La
Stampa a continuation. We treat only the first three
as clean, since the Hiirriyet Global placebo is com-
parable in magnitude to the estimated effect and
therefore uninformative. Among the four clean
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bloc-level results, the entity-month re-estimation
(Appendix H) confirms both La Provence blocs,
leaves La Repubblica Right borderline, and re-
verses the sign for Europe 1 Radical Right, which
we therefore treat as suggestive.

G CC-News Crawl Volume

We report raw CC-News article counts, before en-
tity extraction, politician filtering, downsampling
and target—control balancing, in event time. Pre
covers months —24 to —4 and Post months +4
to +24. Target values are mean monthly counts
for the acquired outlet; control values are the total
across the control set divided by the number of ob-
served months, so target and control levels are not
directly comparable—the ratios describe change
within each group. Active reports the number of
control domains with non-zero volume.

Design Target Controls Active

pre ratio pre ratio pre/post
Euronews 5,852 0.95 31,633 0.52 10/10 —9/10
Europe 1 817 0.93 23,464 1.05 10/10 —10/10
Hiirriyet 1,548 3.26 7,442 3.28 7/9 —9/9
Independent 2,114 125 7,972 1.31 7/10 —10/10
Irish Examiner 1,014 2.44 5,143 1.61 7/9 —9/9
LA Times 1,973 1.58 31,445 1.25 10/10 —10/10
LaProvence 1,884 1.08 23,300 1.10 10/10 —10/10
La Repubblica 4,906 1.49 20,899 1.17 10/10 —10/10
La Stampa 921 2.45 20,899 1.17 10/10 —10/10

Table 15: CC-News crawl volume in raw articles/month;
ratio = Post/Pre. Hiirriyet and the Irish Examiner have
nine control domains (one absent from CC-News); the
Italian outlets share a control set and takeover month.
Terminal months after CC-News ends (2024-06) are
excluded from the means rather than coded as zero.

Coverage is not stationary: CC-News expands
through 2016-2018 and thins after 2023. The rele-
vant quantity is whether the treated outlet diverges
from its own controls. On the log ratio of ratios, the
quantity here, the largest target—control gaps are
La Stampa (0.74), Euronews (0.60) and the Irish
Examiner (0.42). Euronews is the only design in
which control volume contracts while the target
holds steady (0.95 vs 0.52), with one control do-
main dropping out entirely after the takeover; its
estimates should be read with the same caution as
the two outlets we qualify in Section 4.1. Hiirriyet
rises sharply but in both groups (3.26 vs 3.28), a
common trend that the DiD differences out.

H Entity-Month Re-estimation

Sentence-level estimation weights each entity—
month by its underlying number of observations.
We therefore re-estimate all specifications on entity—
domain—-month means, so that every entity—month
contributes one observation regardless of volume
(338,081 entity—month means vs. 1,731,681 target-
entity observations; the corpus of 1,376,552 sen-
tences yields 1,731,681 observations, as a sentence
mentioning several politicians contributes one ob-
servation per politician).

Of the specifications significant in the sentence-
level analysis, 130 remain significant after FDR
correction.

The effect is concentrated at the macro level:
only one of the six significant Macro_National
estimates survives (La Repubblica, —0.013, p =
0.011), while Hiirriyet, not significant in the main
analysis, becomes significant with the opposite sign
(—0.062, p < 0.001). Micro- and bloc-level results
survive far more often, consistent with the paper’s
claim that the reliable signal lies at the actor and
bloc levels rather than outlet-wide. Table 16 reports
all bloc-level specifications.

Outlet Bloc sent. B3 e.-m. (3

Europe 1 Rad. Right +0.048 —0.040 ©
La Provence Rad. Left  +0.056 +0.093 v
La Provence Rad. Right +0.089  +0.033 Vv
La Repubblica Right +0.056  +0.047 o
La Repubblica Center -0.027 -0.034 v
La Repubblica Left —-0.022 —-0.020 v
LaRepubblica Rad. Left  +0.081 +0.194 v
La Stampa Left +0.048 +0.018 Vv
Irish Examiner Rad. Left +0.123  +0.117 v
Irish Examiner Rad. Right —0.158 —0.157 v
Irish Examiner Center +0.060  +0.003 x
Irish Examiner Right +0.040 —0.000 x
Hiirriyet Center +0.128  +0.001 X

Table 16: Bloc-level DiD under sentence-level vs. entity—
month estimation. Top panel: the four placebo-and-
FDR-clean results. The two bloc-level results that do not
survive FDR correction (Table 4) are excluded, leaving
13 specifications. v significant and same sign; o border-
line (p = 0.051); x no longer significant; & significant
but sign reversed. FDR-corrected.

Among the four clean results, the two La
Provence blocs are stable, La Repubblica Right
is borderline, and Europe 1 Radical Right reverses
sign—consistent with the entity fixed-effect decom-
position (Appendix J), which attributes 40% of that
effect to actor composition. We therefore treat it as
suggestive rather than ownership-driven.
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I Robustness Check: OLS vs. Ordered
Logit

To validate the use of OLS on the ordinal senti-
ment score {—1,0,+1}, we re-estimate every sig-
nificant DiD specification using a cluster-robust
ordered logit model (OrderedModel with logistic
link, clustered at the domain level, same group-
ing variable as the OLS). We test three families
of cases: (i) the three micro-level case studies
from Section 4 (Sarkozy/Europe 1, Raggi/La Re-
pubblica, Starmer/Euronews); (ii) all eight macro
Global/National specifications that reached p <
0.05 in the main OLS analysis; and (iii) all
thirteen political-bloc specifications that survived
Benjamini—-Hochberg FDR correction.

Results. Table 17 reports both estimators side
by side. Because OLS coefficients are expressed
as changes on the [—1, +1] sentiment scale and
ordered logit coefficients are on the log-odds
scale, their magnitudes are not directly comparable;
the relevant comparison is sign and significance.
Across all 24 cases, the two models agree on the
sign of the DiD interaction in 24/24 cases, and on
its significance (p < 0.05) in 24/24 cases. No or-
dered logit specification failed to converge. This
complete agreement provides strong evidence that
the ordinal-to-linear mapping does not distort the
main conclusions of the paper.

J Fixed-Effect Specifications

To separate compositional change (which politi-
cians are covered) from tone change (how the same
politicians are covered), we re-estimate every sig-
nificant macro- and bloc-level specification with
and without entity fixed effects, using the same
domain-clustered standard errors as the main anal-
ysis. [33. 4 is the baseline DiD coefficient (iden-
tical to Tables 3 and 4); (33 p adds entity fixed
effects and captures the framing component; se-
lection = 3. 4 — (B3 p is the actor-composition
component, and %sel its share of the total effect. A
value of 33 p close to 33 4 indicates framing (same
actors, different tone); a 33 p shrinking toward zero
indicates selection.

Adding domain and month fixed effects (col-
umn C) leaves 19 of the 21 (Table 19) specifica-
tions significant. The two exceptions, Irish Ex-
aminer Right and Hiirriyet Center, are among the
cases already qualified in Section 4. Under the
full specification (column D), 15 remain signifi-

cant; the six that do not—Hiirriyet Macro Global,
LA Times Macro National, La Repubblica Macro
Global, Hiirriyet Center, La Provence Radical Left
and Europe 1 Radical Right—are precisely those
identified as selection-driven in Table 18 or as fail-
ing the placebo triage in Appendix F. Only La
Provence Radical Right is significant under all four
specifications and also clean under the placebo,
FDR, entity-month and domestic-only criteria.

K Triple Interaction DiD: Within-Outlet
Bloc Contrasts

To test whether bloc-level DiD effects differ sig-
nificantly within each outlet, we estimate a pooled
OLS regression with a triple interaction term:

Let .S;4: denote sentiment, 7 the target indicator,
P, the post indicator, and B; the bloc indicator. We
estimate:

Siar = Bo + P11y + B2 Py + B3 B;
+ Ba(Tay x Pr) + B5(Tu x By)
+ Be (P x By)
+ B7(Ty x Py x B;) + € 2

The coefficient 57 measures whether the DiD ef-
fect for bloc b differs from the Left reference bloc
within the same outlet-level model, using cluster-
robust standard errors at the domain level. Table 20
reports the significant pairwise contrasts.

These contrasts confirm that the heterogeneous
bloc-level patterns reported in Section 4.2 reflect
genuine within-outlet ideological selectivity rather
than effects that are individually significant but
mutually indistinguishable. The Irish Examiner
result is particularly striking: the gap between its
treatment of Radical Right and Center figures is the
largest statistically confirmed within-outlet contrast
in the corpus.

L Sensitivity Analysis: Bloc-Level DiD
with Domestic Politicians Only

The bloc-level analysis in Section 4.2 pools all
tracked politicians (global and national lists). To
assess whether results are driven by international
figures, we re-estimate the bloc-level DiD restrict-
ing each outlet to its domestic politicians only.
Table 21 reports the comparison. The core find-
ings are robust: all testable Irish Examiner bloc ef-
fects, La Stampa Left, La Provence Radical Right,
and La Repubblica (Center, Left, Radical Left) re-
main significant and directionally consistent, often
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Table 17: Robustness check: OLS vs. cluster-robust ordered logit on the DiD interaction term. Coefficients are not
comparable in magnitude (different scales). Sign v means both estimators agree on direction; Sig. v/ means both
agree on p < 0.05. All 24 cases show full agreement on both criteria.

Case N BoLs PoLs Bord Pord
(a) Micro showcase cases

Europe 1 — Nicolas Sarkozy 6,579 +0.193 < .001 +0.492 < .001
La Repubblica — Virginia Raggi 4,068 —0.161 < .001 —-0.457 < .001
Euronews — Keir Starmer 1,447 +0.308 < .001 +40.936 < .001
(b) Macro Global / National (OLS-significant)

Hiirriyet — Macro Global 51,899 +0.024 .028  +0.088 .048
La Repubblica — Macro Global 102,368 +40.044 .002 +40.130 < .001
Europe 1 — Macro National 156,643 +0.020 .003 +0.065 .002
Irish Examiner — Macro National 36,184 +0.051 < .001 +0.193 < .001
La Provence — Macro National 148,681 +0.020 .005 +0.066 .005
La Stampa — Macro National 86,795 +0.032 < .001 +0.106 < .001
LA Times — Macro National 107,599 +0.034 < .001 +40.110 < .001
La Repubblica — Macro National 159,183 —0.020 .009 —0.061 .014
(c) Political bloc (FDR-significant)

Irish Examiner — Center 16,420 +0.060 < .001 +0.212 < .001
Irish Examiner — Right 48,935 +40.040 < .001 +40.129 < .001
Irish Examiner — Radical Right 1,532 —0.158 < .001 —-0.401 < .001
Hiirriyet — Center 5,502 +0.128 < .001 +0.460 < .001
La Stampa — Left 45,031 +40.048 < .001 +40.158 < .001
Irish Examiner — Radical Left 2,678 +0.123 < .001 +0.381 < .001
La Provence — Radical Right 24,717 +0.089 < .001 +0.236 < .001
La Repubblica — Radical Left 6,583 +0.081 < .001 +0.212 < .001
La Repubblica — Right 58,805 +0.056 < .001 +0.166 < .001
La Provence — Radical Left 10,576  4+0.056 .002 +0.211 < .001
La Repubblica — Left 93,577 —0.022 .002 —0.066 .003
Europe 1 — Radical Right 23,313  +0.048 .007  +0.131 .010
La Repubblica — Center 61,346 —0.027 .013  —0.082 .010

with stronger coefficients. The national restriction
additionally surfaces new significant effects for Eu-
rope 1 Right, La Stampa Right, LA Times Radical
Left, and La Repubblica Radical Right. However,
three FDR-significant results from the primary anal-
ysis do not survive the restriction: Europe 1 Radical
Right, La Provence Radical Left, and La Repub-
blica Right lose significance when international
politicians are excluded, suggesting these effects
were partly driven by coverage of non-domestic fig-
ures. These attenuated cases should be interpreted
with caution in the main analysis.

M Additional Micro-Level Time-Series
Visualizations

This appendix provides additional time-series
charts illustrating the evolution of editorial slant
for selected political entities at the micro-level (Mi-
cro_subject). Each chart compares the quarterly
average sentiment score of the target media outlet
(blue line) against its respective national or Eu-
ropean control group (orange line). The vertical
dashed line indicates the quarter in which the media
acquisition was finalized.

These specific examples highlight various forms
of post-acquisition editorial divergence, such as the
severe penalization of figures involved in political
controversies (e.g., Friedrich Merz, Clemente Mas-
tella), asymmetric local political battles (e.g., Vito
Crimi), the fading of a prominent editorial spotlight
over time (e.g., Sviatlana Tsikhanouskaya), and the
targeting of specific officials during national crises
(e.g., Gérald Darmanin, Olivier Véran).

N Composition of the linked inference
corpus (ccnews_linked)

This appendix documents the size and structure
of the sentence-level corpus used for stance infer-
ence and for the difference-in-differences (DiD)
analyses reported in the main text.

Unit of observation. Each row in the dataset
is a target sentence in which at least one tracked
political figure was detected and linked, together
with metadata (occurrence_id, role, period,
date, match_variant, entities). Approxi-
mately 277,000 sentences mention more than one
tracked politician. The headline total reported in
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Specification N #ent. (3.4 (DID) f3 B (framing) selection  %sel
Europe 1 (Nat.) 156,643 500  +0.0199** +0.0184**  +0.0015 7%
Hiirriyet (Glob.) 51,899 395 +0.0241* +0.0111 +0.0130 54%
Irish Examiner (Nat.) 36,184 246 +0.0512*** +0.0516™* -0.0004  -1%
La Provence (Nat.) 148,681 527  +0.0205** +0.0220"* -0.0016  -8%
La Stampa (Nat.) 86,795 425 +0.0317*** +0.0230**  +0.0087  27%
LA Times (Nat.) 107,599 480 +0.0336™** +0.0147  +0.0189  56%
La Repubblica (Glob.) 102,368 819  +0.0441** +0.0267*  +0.0174  39%
La Repubblica (Nat.) 159,183 459 -0.0203** -0.0132" -0.0071  35%
Irish Examiner — Center 16,420 140  +0.0604*** +0.0574*** +0.0031 5%
Irish Examiner — Right 48,935 226  +0.0399*** +0.0546™** -0.0147  -37%
Irish Examiner — Rad. Right 1,532 23 -0.1582*** -0.1294*** -0.0289  18%
Hiirriyet — Center 5,502 60 +0.1277*** +0.0963"**  +0.0314  25%
La Stampa — Left 45,031 224 40.0483"* +0.0385***  +0.0098  20%
Irish Examiner — Rad. Left ' 2,678 17 +0.1229*** +0.1242** -0.0013 -1%
La Provence — Rad. Right 24,717 75  +0.0893*** +0.0716"**  +0.0176  20%
La Repubblica — Rad. Left 6,583 18  +0.0813"** +0.1193*** -0.0380 -47%
La Repubblica — Right 58,805 244  +0.0560"** +0.0395**  +0.0165  30%
La Provence — Rad. Left 10,576 53 +0.0556** +0.0389*  +0.0167  30%
La Repubblica — Left 93,577 280 -0.0219** -0.0191** -0.0028  13%
Europe 1 — Rad. Right 23,313 71 +0.0482** +0.0289  +0.0193  40%
La Repubblica — Center 61,346 173 -0.0270* -0.0164 -0.0106  39%

Table 18: Selection vs. framing decomposition. 33 4 reproduces the main-text DiD coefficient. 33 5 adds entity
fixed effects (framing component); selection = 33 4 — [f3,5. Domain-clustered SEs. *p < 0.05, **p < 0.01,
**p < 0.001. T fewer than 20 tracked entities: decomposition poorly identified, interpret with caution.

the main text—1,376,552—is therefore a number
of sentences; the unit of estimation is the entity—
sentence observation, of which there are 1,731,681
(Appendix H).

Unique entities per outlet. For each outlet, we
count the number of distinct political figures as
the number of unique values of the entity field
(canonical display name). Across all nine outlets,
988 distinct entity names appear at least once; per-
outlet minima and maxima are reported in the table.

Role and period. Each row is labeled target
(articles published by the outlet under study)
or control (articles from other domains in
the matched corpus), and pre_takeover vs.
post_takeover relative to the ownership transi-
tion. Pooling all outlets: 1,111,426 control vs.
265,126 target rows; 645,927 pre-takeover vs.
730,625 post-takeover rows.

Subject level (subject_level). Each sentence
row is assigned one of three subject levels:
Global (figures from the cross-national dictio-
nary), National (figures from the outlet’s national
list), or Specific (outlet-specific takeover entities).
Pooled across all nine outlets, the corpus comprises
706,186 Global, 666,198 National, and 4,168
Specific sentence rows.

O Complete List of Significant DiD
Coefficients

The following table presents all statistically signifi-
cant Difference-in-Differences (DiD) coefficients
across the global, national, and micro levels. For
the micro-subject level, significance is determined
after applying the Benjamini-Hochberg False Dis-
covery Rate (FDR) correction (p-adjusted < 0.05)
to account for multiple testing. The Macro_Specific
level is excluded due to insufficient data volume.

Results are sorted alphabetically by media outlet.
Table 23: Entity-level (micro) DiD results significant
after FDR correction (Benjamini-Hochberg, p.q; <
0.05): 215 of 551 tested entity—outlet pairs.

Entity B3 Padj
Euronews (n = 53)
Maia Sandu -0.335 6.0x107°2
Friedrich Merz -0469 1.3x1072°
Robert Habeck -0.166 5.0x10723
Sanna Marin +0.520 5.0x10722
Angela Merkel -0.082 1.4x10™ !
Pedro Sanchez -0.110 6.3x107*1
Ebrahim Raisi -0.301 7.7x107 !
Keir Starmer +0.308 3.1x1071°
Didier Reynders -0.157 9.5x107°
Alberto Fernandez ~ +0.381 1.2x1078
Valdis Dombrovskis -0.222  2.7x107%
Bashar al-Assad +0.328 4.3x1078
Boris Johnson -0.195 1.6x1077
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A) B) © (D)

Specification N baseline + entity  + domain, month  + all three
Macro level

Europe 1 — Macro National 156,643  +0.0199*  +0.0184"* +0.0205* +0.0220*
Hiirriyet — Macro Global 51,899  +0.0241 +0.0111 +0.0231* +0.0058
Irish Examiner — Macro National 36,184 +0.0512*  +0.0516* +0.0390* +0.0394*
La Provence — Macro National 148,681  +0.0205*  +0.0220* +0.0259* +0.0256™
La Stampa — Macro National 86,795 +0.0317*  +0.0230* +0.0292* +0.0226*
LA Times — Macro National 107,599  +0.0336* +0.0147 +0.0261* +0.0095
La Repubblica — Macro Global 102,368  +0.0441*  +0.0267* +0.0345* +0.0191
La Repubblica — Macro National 159,183  —0.0203*  —0.0132 —0.0231" —0.0159*
Bloc level

Irish Examiner — Center 16,420  +0.0604*  +0.0574* +0.0540* +0.0544*
Irish Examiner — Right 48,935  +0.0399*  +0.0546" +0.0217 +0.0319*
Irish Examiner — Rad. Right 1,532  —0.1582* —0.1294* —0.1459* —0.1277*
Hiirriyet — Center 5,502  +0.1277*  +0.0963* +0.0654 +0.0382
La Stampa — Left 45,031  +0.0483"  +0.0385" +0.0491" +0.0438"
Irish Examiner — Rad. Left 2,678  +0.1229*  +0.1242* +0.1574* +0.1701*
La Provence — Rad. Right 24,717  +0.0893* +0.0716* +0.0711* +0.0682*
La Repubblica — Rad. Left 6,583  +0.0813*  +0.1193* +0.1050* +0.1193*
La Repubblica — Right 58,805  +0.0560* +0.0395* +0.0446* +0.0296*
La Provence — Rad. Left 10,576  +0.0556" +0.0389 +0.0445* +0.0360
La Repubblica — Left 93,577 —0.0219* —0.0191" —0.0234" —0.0204"
Europe 1 — Rad. Right 23,313 +0.0482* +0.0289 +0.0525* +0.0427
La Repubblica — Center 61,346  —0.0270* —0.0164 —0.0276* —0.0179*

Table 19: DiD interaction /35 under alternative fixed-effect specifications, for the 21 specifications significant in the
main analysis. (A) reproduces Eq. (1); (B) adds entity fixed effects, reporting the same point estimates as Table 18
with significance assessed under the more conservative reference below; (C) adds domain and month fixed effects,
the standard two-way specification, in which Target; and Post; are collinear with the fixed effects and drop out;
(D) adds all three. Standard errors are clustered on domain throughout. *p < 0.05 under a ¢ reference with G — 1
degrees of freedom (G = 11; G = 10 for Hiirriyet and the Irish Examiner, Appendix G), which is more conservative
than the normal approximation used in Tables 3, 4 and 18. Three entries starred under that approximation are
unstarred here: Hiirriyet Macro Global in column (A), and La Repubblica Macro National and La Provence Radical
Left in column (B).

Table 20: Significant pairwise bloc contrasts from the Entity Bs Padj
triple interaction regression (Targetx Postx Alignment). >
A = difference in DiD coefficients between Bloc A and Donald Tusk +0.209 4.5x10
. -4
e Sergio Mattarella +0.176  9.5x10
Bloc B within the same pooled model. Jacinda Ardern +0211 0.001
Nancy Pelosi -0.127 0.001
Outlet Contrast (A vs B) A p Markus Soder +0.249 0.002
- - - Sviatlana Tsikhanouskaya -0.298 0.003
Irish Examiner Rad. nght vs Center —0.219 < .001 Recep Tayylp Erdogan +0.068 0.003
Irish Examiner Rad. Right vs Left —0.146 .009 Gérald Darmanin -0.130 0.005
Irish Examiner Rad. Left vs Left +0136 .002 Greta Thunberg +0.040 0.005
La Repubblica Rad Left VS Left +0103 < 001 Dmytro Kuleba -0.073 0006
La Repubblica nght vs Left +0078 < .001 Tony Blair +0.229 0.006
La Provence Rad. Right vs Left +0.097 < .001 Josep Borrell -0.050 0.007
La Provence Rad. Left vs Left +0064 < .001 Alexander Lukashenko -0.152 0.007
Hurriyet Center vs Left +0.141 - <.001 Linda Thomas-Greenfield  -0.103 0.009
Europe 1 Rad. nght vs Left +0042 .003 Mario Draghl +0.107 0.009
Bill Gates +0.133 0.009
Frans Timmermans -0.139 0.010
: ] Nicolas Sarkozy +0.227 0.010
Entity P Padj Theresa May +0.173 0.010
Rafael Grossi -0.137 8.6x107" Véra Jourova +0.082 0.014
Kristalina Georgieva -0.258 1.4x107° Alexander De Croo +0.103 0.015
Klaus Iohannis -0.356 4.5x107° Dmitry Peskov +0.036 0.017
Frank-Walter Steinmeier -0.094 1.2x107* Maros§ Sef¢ovic¢ -0.073 0.021
Guillermo Lasso +0.223 1.3x107*
Janet Yellen -0.183 1.6x107*
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Euronews — Sviatlana Tsikhanouskaya Euronews — Friedrich Merz Repubblica — Clemente Mastella
DiD = -0.2980, p_FDR = 0.00321 DiD = -0.4686, p_FDR = 1.31e-25 DiD = -0.3549, p_FDR = 5.54e-07

1.0 q B
o
S i
% 0.5 : 1
) H 2
< ./‘\ ~\/._\/\\_/
£ 00 ; 1 ,
c : /
[ H
@ :
S —0.5 1 1
Q H
= : :

o
Repubblica — Vito Crimi Euronews — Gérald Darmanin La Provence — Olivier Véran
DiD = 0.3882, p_FDR = 1.21e-16 DiD = -0.1301, p_FDR = 0.00505 DiD = -0.1047, p_FDR = 2.12e-12

1.0 H q H q H
" : :
] : :
o 0.5 b : b H
- H H
g f f
Q : H
9 :
c - 4
©
Q
=

SIS SIS IEISTIESEY SEIEEIFIEEEETEE
SIS SIS ST S AT A aX 5% X 6% X W
& N N N N N N N N N NN N N N N N N N N S NN
NVNNVNNNNNVNNNVNNVN [ VA A VA Vs VA VA VA VR A VARA VIR A VLV
Quarter Quarter

—o— Target Control  -=---- Takeover (median)

Figure 3: Supplementary case studies of significant micro-level editorial shifts following media acquisitions
(Sviatlana Tsikhanouskaya, Friedrich Merz, Clemente Mastella, Vito Crimi, Gérald Darmanin, and Olivier Véran).
The charts compare the acquired outlet with its respective control group.

Entity B3 Dadj Entity B3 Dadj
Cyril Ramaphosa -0.092 0.023 Sergio Mattarella -0.062 1.4x107*
Ylva Johansson +0.093 0.024 Maurizio Gasparri +0.125 3.2x107*
Kyriakos Mitsotakis  -0.069 0.025 Emma Bonino +0216 5.7x10~%
Nayib Bukele +0.263 0.025 Beppe Grillo +0.062  6.1x107*
David Cameron +0.222 0.025 Nicola Zingaretti -0.071 0.002
Milorad Dodik -0.177 0.026 Alessandro Di Battista ~ +0.182 0.002
Gabriel Attal -0.139 0.027 Stefano Patuanelli -0.067 0.002
Bruno Le Maire -0.070 0.031 Matteo Orfini +0.205 0.003
Justin Trudeau +0.091 0.034 Graziano Delrio -0.168 0.004
Charles MlChel -0.047 0.048 Mike Pompeo +0.190 0.005
Kamala Harris -0.121 0.048 Eugenio Giani +0.160 0.006
La Repubblica (n = 36) Maria Elena Boschi -0.120 0.007
Vladimir Putin +0.073 0.008
Luciana Lamorgese  -0.174 3.4x10718 Michele Emiliano -0.109 0.010
Marine Le Pen +0.267 3.4x10718 Giorgia Meloni -0.048 0.012
Vito Crimi +0.388 1.2x10716 Massimo D’ Alema +0.136 0.012
Matteo Lepore -0.363 1.7x107* Mike Pence -0.144 0.015
Dario Franceschini -0.190 3.8x107!3 Jair Bolsonaro -0.131 0.015
Xi Jinping +0239 3.7x10~10 Giuseppe Sala +0.077 0.026
Donald Trump +0.097 3.9x107" La Provence (n = 26)
Nicola Fratoianni +0.160 2.1x1078
Clemente Mastella  -0.355  5.5x1077 Vladimir Poutine -0.177 2.1x107%
Mariastella Gelmini  +0.212  1.9x10~° Olivier Véran -0.105 2.1x107 '
Monica Cirinna 0304 1.1x107° Julien Bayou -0.379 1.5x107 "
Antonio Tajani -0.109 1.5x10~° Benyamin Netanyahou -0.203 1.0x1071°
Danilo Toninelli 0221 3.4x10°° Viktor Orban -0.277 4.7x107 "
Bernie Sanders 20282 3.7x10°° Agnes Pannier-Runacher +0.270 6.6 107°
Virginia Raggi 0161 4.2x10°° Eric Ciotti +0.117  8.6x107"
Andrea Marcucci -0.144 1.2x107* Donald Trump -0.057  9.5x107°
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Table 21: Bloc-level DiD: all politicians vs. domestic =~ Table 22: Composition of ccnews_linked by target

only. Sig. = significant at p-adj < 0.05 after Benjamini—  outlet (nine media clusters). Occurrences = sentence
Hochberg FDR correction. rows; entities = unique entity values per outlet.
Outlet Bloc Ban  Sig. Bra. Sig. Dir. Outlet (cluster_id) Occurrences Unique entities
Euronews Rad. Right +0.049 x +0.018 x Vv euronews_eu 222,650 452
Europe 1 Center +0.017 x +0.013 X v latimes_us 210,686 349
Europe 1 Rad. Right +0.048 v +0.034 x V repubblica_it 207,499 433
Europe 1 Right +0.000 x +40.031 v V europel_fr 197,567 139
Hiirriyet Center +0.128 Vv nfa — — laprovence_fr 195,217 209
Irish Exam. Center +0.060 v +0.039 v V lastampa_it 109,130 216
Irish Exam. Rad. Left +40.123 v +0.067 v V independent_ie 92,568 295
Irish Exam. Rad. Right —0.158 na — — hurriyet_com_tr 71,221 164
Irish Exam. Right +0.040 v 40065 v V irishexaminer_ie 70,014 242
LaProvence Rad.Left +0.056 v +0.070 x V
LaProvence Rad.Right +0.089 v +0.079 ¢ Total 1,376,552 988 (global)
La Stampa L?ft +0048 v 40057 v v Notes. Min./max. occurrences per outlet: 70,014
La Stampa  Right +0.010 x +40.033 v V - . :
. (irishexaminer_ie) and 222,650 (euronews_eu).
LA Times  Rad.Left +0066 x +0.103 v Min./max. unique entities per outlet: 139 (europel_fr)
La Rep. Center -0.027 v -0034 v V and 452 (éuronews eu) ' -
La Rep. Left -0.022 v -0032 v V -
La Rep. Rad. Left +0.081 v +0233 v V
La Rep. Rad. Right —0.012 x -0.024 v V -
La Rep. Right +0.056 v 40014 x v Entity Bs PDadj
Gérard Larcher -0.124 0.009
Viktor Orban -0.165 0.018
. Olivier Véran +0.036 0.023
Entity P Pady David Lisnard +0.192 0.028
Marine Le Pen 4+0.116 1.2x107° Valérie Pécresse +0.080 0.038
Jair Bolsonaro +0.091 4.8x107° Aurore Bergé +0.112 0.044
Bruno Le Maire +0.102  4.8x 10:i LA Times (n = 22)
Josep Borrell -0.104  7.9x10
Clément Beaune +0.077 0.002 Recep Tayyip Erdogan +0.259 1.7x107'®
Gérald Darmanin -0.048 0.002 Bill Gates +0.274 2.1x10712
Dmitri Peskov -0.078 0.002 Rand Paul -0.189 9.7x107*°
Alexei Navalny +0.083 0.004 Neil Gorsuch -0.325 3.3x10°8
Marion Maréchal +0.076 0.006 Pope Francis -0.145 1.8x10°7
Kim Jong-un -0.232 0.007 Andrew Cuomo -0.139  9.5x10~°
Olivier Faure +0.052 0.007 Lindsey Graham 0.100 3.1x10~°
Manuel Bor.nPard +0.202 0.007 Angela Merkel 20.082 7.6x10-°
Edouard Philippe -0.118 0.010 Bernie Sanders +0.097 3.1x107*
Valérie Pécresse -0.117 0.011 Emmanuel Macron ~ +0.133  8.4x 10"
Charles Michel -0.165 0.022 Mick Mul 20103 0.001
Volodymyr Zelensk +0.068 0.023 jox T wvaniey : :
yolodymy. y John Kerry +0.290 0.001
Elisabeth Borne +0.050 0.032 Merrick Garland -0.270 0.002
Europe 1 (n = 22) Gavin Newsom +0.308 0.005
Ted Cruz +0.056 0.006
Nicolas SarkOZy +0.193 8.5% 10714 Xavier Becerra -0.115 0.009
Alexei Navalny -0.145 2.6x107% Vladimir Putin -0.056 0.015
Gabriel Attal +0.059 3.2x10°8 Lisa Murkowski -0.070 0.023
Jair Bolsonaro +0.205 3.8x1077 Antonin Scalia -0.147 0.028
Donald Trump -0.068 1.4x107° Barack Obama -0.031 0.031
Elon Musk +0.215  7.0x107° Mitt Romney +0.123 0.037
Sandrine Rousseau +0.155 1.6x107* Independent (n = 20)
Aurélien Pradié +0.180 2.7x107*
Vladimir Poutine 0.094  3.6x10™* Michael Healy-Rae ~ -0.270 5.1x10~%
Anténio Guterres +0.158  8.4x10~* Benjamin Netanyahu ~ -0.087 2.9x107'*
Stanislas Guerini +0203  9.4x107* Nancy Pelosi -0.232 1.2x107*
Xavier Bertrand +0.124 0.002 Emmanuel Macron +0.081 4.4x1077
Volodymyr Zelensky +0.137 0.002 Pedro Sdnchez +0.188  4.8x107°
Xi Jinping +0.110 0.003 Arlene Foster -0.098 8.5x107°
Agnes Pannier-Runacher +0.155 0.007 Boris Johnson +0.126  8.8x107°
Eric Zemmour +0.070 0.007 Vladimir Putin +0.089 1.2x107*
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Entity Bs Padj
Joe Biden +0.311  4.4x107*
Mike Pompeo -0.105 0.002
Richard Bruton +0.136 0.002
Danny Healy-Rae +0.247 0.006
Dominic Raab +0.196 0.008
Brendan Howlin +0.139 0.009
Jair Bolsonaro -0.161 0.012
Donald Trump -0.074 0.015
Leo Varadkar +0.055 0.021
Mitch McConnell -0.111 0.024
Denis Naughten +0.086 0.048
Stephen Donnelly +0.136 0.049
Irish Examiner (n = 16)
Leo Varadkar +0.082 1.1x1072°
Donald Tusk +0.234 2.7x1071°
Donald Trump +0.111 1.8x1078
Paul Kehoe +0.279  1.4x107°
Mattie McGrath -0.150 1.4x107°
Richard Bruton +0.096 1.7x107°
Mike Pence -0.125 1.3x107°
Vladimir Putin -0.152  7.2x107°
Paschal Donohoe +0.073  9.1x107°
Emmanuel Macron +0.147 0.002
Shane Ross +0.063 0.005
Michael Creed +0.077 0.008
Micheal Martin +0.069 0.014
Enda Kenny +0.057 0.021
Pearse Doherty -0.109 0.036
Gerry Adams -0.118 0.039
La Stampa (n = 16)
Greta Thunberg -0.315 6.9x10™%
Angela Merkel +0.161 2.5x107'2
Giorgia Meloni -0.097 2.5x10~'?
Alessandro Di Battista +0.297 1.2x107°
Beppe Grillo +0.102  3.2x107®
Joe Biden +0.341  1.7x107°
Jair Bolsonaro -0.293 4.5x107°
Ursula von der Leyen  +0.169  8.4x1074
Viktor Orban +0.169 0.002
Silvio Berlusconi +0.060 0.004
Virginia Raggi +0.123 0.007
Enrico Costa -0.244 0.008
Carlo Calenda -0.140 0.010
Giovanni Toti +0.077 0.022
Donald Trump -0.065 0.023
Hiirriyet (n = 4)
Ahmet Davutoglu -0.257 1.5x107°
Emmanuel Macron +0.174 0.001
Anténio Guterres +0.129 0.003
Sergey Lavrov +0.045 0.040

P Reproducibility and Software
Configuration (ARR Checklist C4)

To satisfy item C4 of the ARR Responsible NLP
Research checklist regarding the use of exist-
ing software packages, this section documents
the exact implementations, model checkpoints,
and parameter configurations deployed across our
pipeline.

P.1 Named Entity Recognition (NER)

For the extraction of political figures mentioned
across the media corpus, we utilized the GLINER
framework, which allows for open-palette named
entity recognition.

* Implementation / Package: gliner Python
library (v0.1.12 or latest stable release used
during inference).

* Model Checkpoint:
urchade/gliner_multi-v2.1 available
on the Hugging Face Hub.

* Parameters: The target entity label set
was strictly restricted to ["politician”,
"political figure"]. The inference confi-
dence threshold was set to a default value of
0.5 to balance precision and recall.

P.2 Entity Linking and Disambiguation

To map extracted mentions to unique identities
and resolve variations or ambiguous names, we de-
ployed Facebook’s mGENRE (Multilingual Gen-
erative Entity Linker).

* Implementation / Package: Integrated via
the Hugging Face transformers framework
alongside the official genre repository.

* Model Checkpoint:
facebook/mgenre-paper checkpoint,
using a standardized Wikidata snapshot for
entity mapping.

* Parameters: Autoregressive entity retrieval
was executed using beam search with a beam
size of 5.

P.3 Target-Oriented Sentiment Classification
(TSC)

The micro-level sentiment evaluation across the
core media corpus was performed using our top-
performing architecture determined in the prelimi-
nary benchmarks (Appendix D). The final deploy-
ment configuration utilizes the guided Qwen 3.5
framework.

* Implementation / Package: Inferences were
executed using the vLLM high-throughput en-
gine (v0.4.2) for optimized tensor parallelism.

* Model Checkpoint / Quantization:
Qwen/Qwen3.5-27B, deployed using the
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GGUF 4-bit quantization scheme (Q4_K_M) to
comply with infrastructure and GPU memory
constraints.

* Sampling Parameters: To guarantee deter-
ministic results and high experimental repro-
ducibility for class extraction, decoding was
executed with a temperature set strictly to 0.0,
a top-p parameter of 1.0, and an output length
constraint of max_new_tokens=8.

* Prompt Template: The model was prompted
using the GUID configuration, which embeds
structured instruction boundaries distinguish-
ing the three target classes (NEGATIVE,
NEUTRAL, POSITIVE), as detailed in Ap-
pendix C.

P.4 Artifact Licenses and Intended Use (ARR
Checklist B2 & B3)

To satisfy items B2 and B3 of the ARR Respon-
sible NLP Research checklist, we declare the li-
censes and intended use of all software artifacts
and datasets utilized in this study:

¢ Datasets: The MAD-TSC dataset (Dufraisse
etal., 2023) is used strictly in compliance with
its original academic distribution terms.

* Models and Software: The open-source
frameworks employed—including GLINER
(urchade/gliner_multi-v2.1), mGENRE
(facebook/mgenre-paper), and Qwen
(Qwen3.5-27B)—are  distributed  under
permissive open licenses (such as Apache 2.0
or the Qwen Research License).

Intended Use Consistency: In accordance
with requirement B3, all artifacts are used
strictly for computational social science re-
search. No clinical, commercial, or non-
research deployments were conducted. All
derived entity-level sentiment metrics and par-
allel trend analyses are restricted to the scope
of this academic evaluation, fully satisfying
the original artifact access conditions.

Q Use of AI Assistants in Research and
Writing (ARR Checklist E1)

In accordance with the ARR Responsible NLP Re-
search guidelines (Item E1), we disclose the inte-
gration and scope of Al assistants utilized through-
out this research project. Al tools were deployed
across five specific boundaries:

1. Core Experimental Pipeline (Object of
Study): Large Language Models (specifically
Qwen3.5-27B) were used strictly as the pre-
dictive architectures for target-oriented sen-
timent classification, as documented in Sec-
tion 3 and Appendix P. They were not used to
synthesize or fabricate training or evaluation
data.

2. Coding and Technical Implementation As-
sistance: Al-powered development environ-
ments (including Cursor and GitHub Copi-
lot) were utilized to accelerate data pre-
processing pipelines, streamline the integra-
tion of the vLLM inference engine, and opti-
mize automated plotting scripts for Python’s
matplotlib.

3. Writing and Structural Refinement: Con-
versational Al systems were employed during
the drafting phase exclusively for grammatical
correction, stylistic polishing, vocabulary en-
richment, and the generation of standardized
academic IKTEX templates for multi-column
tables and complex figures.

4. Data construction: Gemini 3.1 Pro was used
to generate the initial political entity lists (Ap-
pendix B). All entries were verified against
Wikipedia and mapped to Wikidata party affili-
ations; the resulting selection bias is discussed
in the Limitations.

5. Human validation: A commercial machine
translation service was used to translate into
English the Turkish sentences of the in-corpus
validation sample, none of the annotators read-
ing Turkish (Appendix E). The classifier itself
processed the original Turkish text.

Every conceptual contribution, literature synthe-
sis, causal modeling formulation (DiD), and final
analytical interpretation was conceived and veri-
fied entirely by the human authors. The assistants
functioned strictly as productivity-enhancing tools,
ensuring no breach of academic integrity.
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