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Abstract
Explainability in deliberation-support NLP is usually evaluated through post-hoc rationales or model-internal attribution
methods, and only rarely against explicit institutional reasoning procedures. We introduce InFACT, a Romanian corpus
of professional fact-checking reports that preserves the workflow of editorial epistemic arbitration, namely claim
articulation, contextualisation, verification scope, evidence-based verification narrative, and calibrated conclusion.
InFACT contains 789 raw reports from factual.ro and a processed benchmark release of 788 instances after removal
of a singleton non-standard verdict label. Beyond six-way verdict prediction, we position InFACT as a benchmark for
LLM explanation alignment, where models must generate short explanations that can be compared directly to gold
institutional reasoning. We evaluate InFACT primarily with instruction-tuned LLMs, reporting full-corpus experiments
for open-weight models and a matched pilot comparison with GPT-4 Turbo. The resulting evidence shows that verdict
prediction and institutional explanation alignment are not the same capability: models that improve verdict accuracy
do not necessarily preserve institutional calibration or produce explanations that align with professional verification
narratives. These results support the central claim of the paper, namely that InFACT measures not only whether a
model reaches a verdict, but also whether it does so in a manner that resembles documented public reasoning.

Keywords: explainable NLP, deliberation technology, institutional reasoning, fact-checking, Romanian, low-
resource language, LLM evaluation

1. Introduction

Deliberation is not merely interaction; rather, it
is organised epistemic work grounded in the ex-
change and evaluation of reasons under disagree-
ment (Habermas, 1996; Dryzek, 2000). In public
settings, participants and institutions do not sim-
ply exchange positions, but formulate claims, de-
limit what is at issue, bring forward evidence, and
calibrate conclusions under conditions of account-
ability. For NLP, this distinction matters because,
if deliberation is modelled only as stance or senti-
ment, systems may capture disagreement while still
failing to represent the procedures through which
disagreement is adjudicated (Hautli-Janisz et al.,
2024).

Institutional fact-checking makes these proce-
dures unusually explicit. A professional fact-check
rarely ends at a binary verdict. Instead, it recon-
structs context, specifies verification scope, analy-
ses sources, and issues a conclusion whose force
may be partial, conditional, or explicitly bounded. In
this sense, institutional fact-checking can be treated
as a public record of deliberative epistemic arbitra-
tion, that is, the process through which an institution
translates a contested statement into a documented
judgement.

Recent large-scale efforts such as ParlaMint (Er-
javec et al., 2024) demonstrate the value of richly
structured institutional corpora with extensive meta-
data and multilingual coverage, although their fo-

cus remains parliamentary discourse rather than
explicit verification reasoning. Against this back-
ground, a resource centred on documented fact-
checking procedures addresses a different gap,
because it makes institutionally authored justifica-
tory reasoning, rather than deliberative discourse
in the broader parliamentary sense, the primary
unit of analysis.

This paper introduces InFACT, a Romanian cor-
pus of institutional fact-checking reports derived
from factual.ro (fac, 2014). The central design
choice is to treat the verification report as the pri-
mary data object rather than merely a claim–label
pair. Each record contains the claim and its sur-
rounding context, but also gold institutional reason-
ing fields, namely verification_scope, veri-
fication, and conclusion. In turn, this makes
the corpus useful not only for verdict prediction, but
also for evaluating whether model-generated ex-
planations resemble the reasoning that institutions
make public.

This distinction is especially important for explain-
ability. Prior work has shown that NLP explanations
are often assessed through post-hoc rationales, at-
tribution methods, or model-generated justifications
whose relation to genuine decision procedures re-
mains uncertain (Lyu et al., 2024; Fragkathoulas
and Chlapanis, 2024; Zhao et al., 2023; DeYoung
et al., 2020; Jacovi and Goldberg, 2020; Jain and
Wallace, 2019; Ribeiro et al., 2016). In InFACT, by
contrast, explanation targets are not reconstructed
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after the fact, but embedded in professional verifica-
tion reports themselves. The resulting benchmark
therefore asks not only whether an LLM predicts
a verdict correctly, but whether its explanation re-
sembles institutionally grounded public reasoning.

The paper makes four contributions:

1. We release InFACT, a Romanian corpus of
structured institutional fact-checking reports,
with raw and processed benchmark variants.

2. We document the verdict taxonomy and corpus
profile, including label distributions, domains,
claimants, temporal coverage, and long-form
reasoning structure.

3. We define an explanation-alignment bench-
mark in which LLMs are evaluated not only on
verdict prediction, but also on whether their
explanations resemble institutional reasoning
and preserve calibrated public judgements.

4. We report full-corpus open-weight LLM re-
sults together with a matched pilot compari-
son against GPT-4 Turbo, showing that verdict
competence and institutional explanation align-
ment can diverge substantially.

The rest of the paper is organised as follows.
Section 2 reviews work on deliberation technology,
fact-checking, and explanation evaluation. Sec-
tion 3 introduces the InFACT corpus, including
its construction, verdict space, and corpus profile.
Section 4 formulates the benchmark task, while
Section 5 presents the evaluation framework. Sec-
tion 6 reports the empirical results, and the remain-
ing sections discuss implications, limitations, ethics,
and future work.

2. Related Work

The contribution of InFACT sits at the intersection of
three lines of work, namely deliberation technology,
fact-checking benchmarks, and explanation evalu-
ation. Reviewing them together clarifies both what
the resource inherits from prior work and where it
departs from existing benchmark design.

2.1. Deliberation Technology and Public
Reasoning

Deliberation theory frames public reasoning as a
process of exchanging and assessing reasons in
the presence of disagreement (Habermas, 1996;
Dryzek, 2000), and in NLP and HCI, this perspec-
tive has motivated systems for argument mapping,
deliberation-quality assessment, and assistance
tools for public discussion (Hautli-Janisz et al.,
2024). A recurring limitation, however, concerns
evaluation: many deliberation-support systems are
assessed on task-specific outputs, whereas stan-
dard verification datasets often abstract away the

institutional procedures through which evidence is
publicly adjudicated. This matters in the present
setting because InFACT is intended not only as a
fact-checking resource, but also as a benchmark
for whether models preserve the justificatory struc-
ture of public reasoning.

2.2. Fact-Checking Benchmarks

Fact-checking resources (e.g., LIAR (Wang, 2017),
FEVER (Thorne et al., 2018), etc.) have driven
progress in supervised claim verification and evi-
dence retrieval. At the same time, the dominant ab-
straction remains label prediction, so that the work-
flow that produces an editorial judgement is largely
external to the benchmark itself. InFACT comple-
ments this landscape by centring the institutional
verification narrative as structured gold reasoning
text. More specifically, it retains the intermediate
fields through which a verdict is justified, thereby
making the public reasoning trace itself part of the
evaluation object.

2.3. Explainability and Explanation
Evaluation

Explainability in NLP has been studied through
post-hoc rationales, feature-attribution methods,
and model-generated explanations (Lyu et al.,
2024; Fragkathoulas and Chlapanis, 2024; Zhao
et al., 2023; DeYoung et al., 2020; Jain and Wallace,
2019; Ribeiro et al., 2016). A persistent concern in
this literature is faithfulness, that is, whether an ex-
planation genuinely supports the prediction rather
than merely sounding plausible (Jacovi and Gold-
berg, 2020). In InFACT, explainability can be eval-
uated more directly because the corpus contains
professional, institutionally accountable explana-
tions.

3. The InFACT Corpus

This section describes how InFACT is constructed
and why its structure matters for the benchmark.
It first outlines data collection and release format,
then describes the verdict space, and finally sum-
marises the corpus properties that motivate the
evaluation design.

3.1. Corpus Construction

InFACT is defined as a corpus of institutional verifi-
cation records, as each record preserves the pub-
licly visible stages through which a professional fact-
checking organisation evaluates a claim, namely
claim articulation, contextualisation, verification
scope, evidence-backed verification narrative, and
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editorial conclusion. In this setting, the corpus sup-
ports deliberation-aware modelling precisely be-
cause systems must preserve procedural justifica-
tion and calibrated outcomes rather than merely
output a label.

The dataset is constructed from publicly avail-
able fact-checking reports published as structured
web articles on factual.ro (fac, 2014), a Roma-
nian fact-checking platform operated by Funky Citi-
zens.1 The platform describes itself as the first in-
dependent fact-checking website in Romania. The
goal was not to create new annotations, but to pre-
serve the platform’s editorial workflow in machine-
readable form.

The dataset was compiled by crawling a curated
set of report URLs and extracting the following
metadata and textual components:

• Metadata: verification date, claimant attribu-
tion, source outlet, topical domain, and edito-
rial verdict.

• Procedural segments: claim_text, con-
text, verification_scope, verifica-
tion, and conclusion.

During ingestion, lightweight normalisation is ap-
plied, including Unicode normalisation, whitespace
clean-up, and removal of duplicated boilerplate
spans where present. Romanian diacritics and the
substantive content of the reports are preserved,
including explicit normative references when cited.
Automated validation confirms that the released
dataset contains no missing values.

Importantly, the aim is not to treat the source ver-
dicts as philosophically final ground truth, but rather
as institutional editorial judgements produced un-
der a documented public verification procedure.
According to its published methodology, factual.ro
focuses on publicly checkable factual claims and
grounds its reports in source-based verification us-
ing journalistic and research-oriented practices.2
Accordingly, the object of study in InFACT is not
truth in the strongest abstract sense, but institu-
tional reasoning as it is publicly documented, justi-
fied, and communicated.

3.2. Corpus Structure and Releases
The corpus is released in two forms. The raw re-
lease is a TSV file with 789 reports and 12 fields:
• record_id
• source_url
• date_verified
• author_claim
• source_outlet
• claim_text

1https://funky.ong/en/
2https://blog.factual.ro/2021/01/20/

metodologie/

• context
• verification_scope
• verification
• conclusion
• domain_claim
• verdict_original

For modelling and analysis, a processed
benchmark release is provided that adds
verdict_normalized, label_id, la-
bel_binary, claim_len, and context_len.
The processed release therefore contains 17
fields in total and, after excluding a singleton
non-standard verdict label, 788 instances. To
make the structure of the resource more concrete,
Appendix A provides a shortened example record
showing how a public claim is transformed into
an institutional verification record through con-
textualisation, scope definition, evidence-based
reasoning, and editorial conclusion.

3.3. Verdict Space and Normalisation

InFACT preserves the platform’s editorial verdict
taxonomy in verdict_original. In the raw data,
eight verdict labels appear: fals(false), adevărat
(true), trunchiat (truncated), part, ial adevărat (par-
tially true), part, ial fals (partially false), imposibil de
verificat (impossible to verify), inexplicabil (inexpli-
cable), and numai cu sprijin institut, ional (institu-
tional support only). The Romanian labels are re-
tained to preserve the institutional taxonomy while
providing English glosses in the prose. The label
inexplicable occurs only once.

To reduce sparsity and support benchmarking,
the Romanian editorial verdicts are mapped into
a six-way normalised space: True, False, Mixed,
Mostly True, Mostly False, Unverifiable. This
mapping is informed by prior fact-checking bench-
marks but is defined in a task-oriented manner for
InFACT, preserving distinctions that matter for insti-
tutional reasoning, namely partial support, partial
refutation, and explicit non-verifiability.

The mapping preserves the epistemic force of
the editorial labels while reducing label sparsity.
adevărat and fals map directly to True and False.
part, ial adevărat and part, ial fals map to Mostly
True and Mostly False. trunchiat is mapped to
Mixed, since it typically marks a claim that is mis-
leading through omission or incomplete framing
rather than simply false. imposibil de verificat and
numai cu sprijin institut, ional are mapped to Unver-
ifiable, since neither yields a determinate public
truth-conditional judgement. The singleton label
inexplicabil is excluded from the processed bench-
mark because it does not form a stable learnable
class.

Binarisation of labels is also provided by map-
ping True to 1 and all other normalised categories

https://funky.ong/en/
https://blog.factual.ro/2021/01/20/metodologie/
https://blog.factual.ro/2021/01/20/metodologie/
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to 0. This supports strict endorsement experiments
but is not the main label space of the paper. Ta-
ble 1 reports the original and normalised verdict
distributions in the processed benchmark release.

Original verdicts (verdict_original)
Label Count %
fals 287 36.4
adevărat 173 22.0
trunchiat 124 15.7
parţial adevărat 121 15.4
parţial fals 74 9.4
imposibil de verificat 8 1.0
numai cu sprijin instituţional 1 0.1
Total 788 100.0
Normalised verdicts (verdict_normalised)
Label Count %
False 287 36.4
True 173 22.0
Mixed 124 15.7
Mostly True 121 15.4
Mostly False 74 9.4
Unverifiable 9 1.1
Total 788 100.0

Table 1: Verdict distributions in the processed In-
FACT benchmark release.

3.4. Corpus Profile
Before introducing the benchmark tasks, this sec-
tion briefly characterises the processed release.
These corpus statistics are not only descriptive, but
also analytically informative, as they highlight struc-
tural properties that are likely to shape downstream
model behaviour, including label imbalance, topical
concentration, temporal clustering, and the asym-
metry between short public claims and long-form
institutional reasoning.

The processed corpus spans 3,197 days, from
2016–05–19 to 2025–02–18, and contains 231
unique claimants. The label distribution is mod-
erately imbalanced: False is the largest class
(36.4%) and Unverifiable the smallest (1.1%),
yielding a majority/minority ratio of 31.9×.

In terms of domain representation, InFACT in-
cludes an editorial domain label spanning six do-
mains: Politică (Politics) (238; 30.2%), Finant,e (Fi-
nance) (164; 20.8%), Economie (Economy) (156;
19.8%), Justit, ie (Justice) (137; 17.4%), Externe
(Foreign Affairs) (57; 7.2%), and Energie (Energy)
(36; 4.6%). Domain diversity measured by Shan-
non entropy is H = 2.372 bits, indicating broad
but uneven topical coverage. The distribution
shows that the resource is concentrated in polit-
ically salient domains while still covering multiple
policy areas.

Furthermore, the corpus is also temporally un-
even. Publication volume peaks in 2019 (238 re-

ports; 30.2%), which reflects political cycles and
salient public events. This matters for evaluation
because shifts in rhetoric, agenda, and institutional
attention may affect generalisation.

A defining property of InFACT is the asymmetry
between short claims and long verification narra-
tives. Table 2 summarises word-count profiles for
the main procedural fields. In particular, verifi-
cation has a mean length of 443.3 words, com-
pared with 37.9 words for claim_text. This gap
is central to the benchmark: the modelling problem
is not only to classify short public statements, but
to recover judgements that are produced through
much longer institutional reasoning.

Field Mean Median Max
claim_text 37.9 31 214
context 97.3 81 674
verification_scope 20.0 17 114
verification 443.3 344 3,075
conclusion 60.8 50 1,516

Table 2: Word-count profile for procedural seg-
ments in the processed InFACT release.

4. Benchmark Formulation

The corpus design makes it possible to define a
benchmark that goes beyond verdict classification
alone. Rather than treating the task as the predic-
tion of a label in isolation, InFACT requires a model
to generate both a verdict and a short explanation,
which can then be assessed against institutionally
documented reasoning.

For each record i, the model receives:

xi = ⟨claim_texti,contexti⟩

The model outputs a verdict

ŷi ∈ Y = {True,False,Mixed,Mostly True,

Mostly False, Unverifiable}

together with a short explanation êi of 3–5 sen-
tences.

We compare êi to verification as the long-
form institutional reasoning reference and to con-
clusion as the shorter editorial justification ref-
erence. In this setting, explanation alignment is
framed as alignment with institutional reasoning
rather than as a single-reference correctness test.
More specifically, the institutional report provides a
documented public reasoning trace against which
model explanations can be compared, while allow-
ing for the possibility that multiple valid explanations
may exist in principle.

Operationally, the evaluation pipeline constructs
a separate zero-shot prompt for each benchmark
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instance from the claim and its context, queries the
model, parses the returned verdict and explanation
into a structured representation, and then evalu-
ates the outputs under a shared scoring framework.
This design supports reproducible benchmarking
across models while enabling large-scale compari-
son under identical prompting and evaluation con-
ditions.

All experiments were conducted on a workstation
equipped with an NVIDIA GeForce RTX 4090 GPU
with 24 GB of VRAM.

5. Evaluation Framework

In line with the paper’s LLM-centred contribution,
the experimental design is organised around expla-
nation alignment rather than verdict classification
alone. At the same time, reference baselines re-
main useful because they indicate how much of the
verdict signal can be recovered without generation
and therefore provide context for interpreting the
LLM results.

For the LLM experiments, the default input con-
sists of claim_text and context. This reflects
the intended user-facing setting in which a model
receives the public claim together with surrounding
contextualisation, but not the gold institutional rea-
soning itself. For some auxiliary verdict baselines,
we additionally consider verification_scope
as an input field in order to measure how much in-
stitutional framing contributes to verdict prediction.

The benchmark experiments use instruction-
tuned generative models, i.e., open-weight mod-
els, such as llama3:latest-instruct 4.7
GB, qwen2.5-7B-instruct, and mistral:7b-
instruct 4.2 GB, evaluated on the full pro-
cessed corpus and a matched GPT-4 Turbo pilot.
We use two complementary protocols. First, the
full-corpus open-weight protocol evaluates open
LLMs on all 788 processed instances, which is
the primary benchmark setting for InFACT as
an explanation-alignment resource. Second, the
matched pilot protocol evaluates proprietary and
open models on the same 174-instance subset,
thereby enabling a direct comparison between GPT-
4 Turbo and open-weight models under an identical
scoring framework.

For all LLM runs, models are prompted to return
a six-way verdict together with a short explana-
tion in Romanian. Evaluation is based on verdict
accuracy, macro-F1, nuance collapse, ROUGE-
L against conclusion and verification, and
evidence-type overlap.

The main empirical focus of the paper is there-
fore not general verdict classification, but whether
large language models can produce explanations
that remain aligned with the institutional reasoning
procedures documented in InFACT. Accordingly,

non-generative classifiers and encoder models are
treated as reference verdict baselines, while the
central benchmark analysis concerns explanation
alignment in instruction-tuned LLMs.

The benchmark requires two complementary
types of evaluation. Verdict prediction is assessed
with standard classification metrics, whereas ex-
planation alignment is assessed with overlap and
calibration diagnostics designed to capture whether
a model preserves institutional nuance. For six-way
verdict prediction, we report accuracy, macro-F1,
and weighted-F1, with macro-F1 receiving partic-
ular attention because the verdict distribution is
moderately imbalanced and several categories are
substantially less frequent than False.

We also compute a nuance collapse rate (NCR).
LLMs often collapse calibrated verdicts into binary
True/False predictions. To quantify this behaviour,
NCR is defined over the subset of gold labels that
encode institutionally nuanced outcomes:

Ynuanced = {Mixed,Mostly True,Mostly False,

Unverifiable}.

NCR =

∑N
i=1 1[yi ∈ Ynuanced ∧ ŷi ∈ {True,False}]∑N

i=1 1[yi ∈ Ynuanced]
.

A higher NCR indicates greater loss of delibera-
tive calibration, as the model replaces institutionally
nuanced verdicts with simpler binary outcomes.

To operationalise explanation comparison, we
use established text-generation metrics, namely
ROUGE-L (Lin, 2004) for sequence-level overlap,
and report the metric against both conclusion
and verification. The released scripts also
support BERTScore (Zhang et al., 2020), but those
values are not included in the current evaluation.
ROUGE-L is retained as the primary reported over-
lap metric because it provides a simple and trans-
parent signal of textual alignment with institutional
reasoning across all evaluated models.

Further, the purpose of these metrics is not to
claim explanatory correctness, but to estimate how
closely a model explanation follows institutional
reasoning. Importantly, the explanation task is not
intended as a single-reference rationale generation
benchmark in which any deviation from the institu-
tional text is treated as incorrect reasoning. Rather,
it is an alignment benchmark, and overlap-based
metrics such as ROUGE-L and evidence-type over-
lap should therefore be interpreted as indicators of
alignment with institutional reasoning rather than
as measures of exclusive validity.

As a deliberation-oriented diagnostic, coarse ev-
idence signals are extracted from both the model
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explanation and the institutional reference. The aim
is not to identify exact factual matches, but to as-
sess whether the model appeals to similar kinds of
evidence as those used in institutional reasoning.

Detection is implemented with a rule-based pat-
tern matcher in the released codebase.

The detector relies on keyword lists, abbreviation
patterns, numeric expressions, URL-like strings,
and date-like expressions rather than on a trained
classifier.

A rule-based detector is used over five evi-
dence categories: Law, Statistics, Authority,
Source/URL, and Time. Law captures references
such as lege (law), art. (article), ordonant,ă (ordi-
nance), OUG (Government Emergency Ordinance),
and Hotărâre de Guvern (HG) (Government Deci-
sion). Statistics captures numerals, percentages,
and quantity expressions. Authority captures in-
stitution names and official titles, such as ministries,
agencies, Eurostat, INS, and other public authori-
ties. Source/URL captures explicit links or source-
like references. Time captures years and date-like
expressions.

Let E(·) map a text to the set of evidence cat-
egories detected in that text. Evidence overlap is
then defined as the mean Jaccard similarity be-
tween the evidence-category set extracted from
the model explanation and that extracted from the
institutional reference:

EvidenceOverlap =
1

N

N∑
i=1

|E(êi) ∩ E(ri)|
|E(êi) ∪ E(ri)|

,

where ri denotes either verification or con-
clusion. This diagnostic captures whether the
model appeals to evidence in a manner that is struc-
turally similar to the institutional reference, even
when the wording differs.

6. Results

This section presents the empirical results. The
analysis begins with the full-corpus open-weight
setting, which most closely reflects the intended
use of InFACT as a benchmark, and then turns to
a smaller matched comparison that also includes
a proprietary model.

Non-generative reference baselines for verdict
prediction were also evaluated, including lexical
classifiers, input-structure ablations, and encoder-
based transformers. These experiments show that
verdict prediction is non-trivial and that institutional
framing materially improves performance. In partic-
ular, the strongest verdict accuracy among the refer-
ence baselines is obtained by an SVM using claim,
context, and verification scope, while Romanian
BERT yields the strongest transformer macro-F1.

Metric Llama 3 Qwen Mistral
Acc 0.262 0.261 0.253
Macro-F1 0.128 0.180 0.117
ROUGE-Lcon 0.146±0.069 0.136±0.065 0.147±0.079
ROUGE-Lver 0.062±0.039 0.060±0.035 0.072±0.044
EvOverlapcon 0.603±0.406 0.580±0.407 0.642±0.411
EvOverlapver 0.603±0.406 0.372±0.271 0.415±0.300
Collapse 0.282 0.702 0.391

Table 3: Full-corpus open-weight LLM evaluation
on Llama 3, Qwen2.5-7B-Instruct, and Mistral 7B-
Instruct.

Since the central focus of the present paper is LLM
explanation alignment rather than non-generative
classification, the detailed baseline tables are re-
ported in the Appendix. These baselines are in-
cluded as reference points for verdict recoverability
rather than as state-of-the-art competitors in gen-
erative explanation alignment.

The main benchmark use case for InFACT is
full-corpus evaluation of open-weight LLMs. In this
setting, models are run on all 788 processed in-
stances and assessed jointly on verdict prediction,
nuance preservation, and explanation alignment to
conclusion and verification. This is the pri-
mary setting for establishing whether InFACT can
differentiate open-weight LLMs not only by verdict
competence, but also by the degree to which they
reproduce institutional reasoning. Table 3 reports
the full-corpus open-weight results.

A first observation is that no single open-weight
model dominates all metrics. Llama 3 attains the
strongest accuracy (0.262) and the lowest nuance
collapse rate (0.282), which suggests a compara-
tively better balance between coarse verdict assign-
ment and the preservation of calibrated categories.
By contrast, Qwen2.5 reaches a very similar accu-
racy but the strongest macro-F1 (0.180), while also
exhibiting by far the highest collapse rate (0.702);
taken together, this pattern suggests that better
class balance at the verdict level does not necessar-
ily translate into deliberatively calibrated behaviour.
Mistral, in turn, is weaker on verdict metrics than
Llama 3 and Qwen2.5, yet comparatively stronger
on overlap-based alignment measures, especially
ROUGE-L against verification and evidence
overlap against conclusion.

What matters here is not simply which model
performs best, but the fact that the benchmark sep-
arates these dimensions in a meaningful way. In
other words, the full-corpus setting already shows
that verdict competence, nuance preservation,
and institutional explanation alignment should be
treated as partially independent properties rather
than as interchangeable indicators of model quality.

This distinction is directly relevant to deliberation-
aware evaluation, because a model may produce a
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Model Acc F1 R-Lcon Collapse
GPT-4 Turbo 0.218 0.181 0.168±0.061 0.311
Qwen2.5-7B 0.264 0.196 0.030±0.064 0.729
Llama 3 8B 0.149 0.124 0.034±0.073 0.300
Mistral 7B 0.189 0.065 0.128 ± 0.316 0.442

Table 4: Matched 174-instance LLM comparison.
R-Lcon denotes ROUGE-L against conclusion;
F1 denotes macro-F1.

plausible verdict while still failing to preserve the cal-
ibrated and evidence-structured reasoning through
which that verdict is institutionally justified.

To provide a controlled comparison that also in-
cludes a proprietary model, we report a matched
pilot evaluation on the first 174 processed instances.
For compactness, the matched comparison re-
ports conclusion-level ROUGE-L as the primary
explanation-overlap metric. The motivation for this
choice is that conclusion provides a shorter and
more directly comparable institutional reference for
3–5 sentence model explanations.

This setting allows direct comparison between
GPT-4 Turbo and open-weight LLMs under the
same subset and the same evaluation protocol,
which in turn makes it possible to distinguish
dataset-scale effects from genuine model differ-
ences. Table 4 illustrates the matched 174-instance
LLM comparison results.

GPT-4 Turbo serves an important role in this
comparison. Although its verdict performance is
relatively weak, it provides a useful proprietary an-
chor for the explanation-alignment task because
it exhibits a qualitatively different behaviour from
the open-weight pilots. More specifically, GPT-4
Turbo attains lower verdict accuracy than Qwen2.5,
but aligns much more closely with institutional rea-
soning and preserves nuanced verdict categories
substantially better.

Qwen2.5, by contrast, slightly improves verdict
performance on the same subset, but does so at the
cost of much poorer calibration and much weaker
explanation alignment. Llama 3 shows the weak-
est verdict performance on the matched subset, al-
though it also yields the lowest collapse rate among
the four models. Mistral occupies an intermediate
position: its verdict metrics remain weak, yet its
conclusion-level overlap is notably stronger than
that of the two open models Qwen2.5 and Llama
3. This is exactly the type of divergence the bench-
mark is designed to detect.

Taken together, the matched subset strengthens
the central interpretive claim of the paper. A model
may perform relatively better on verdict assignment
while aligning substantially worse with institutional
reasoning, and the reverse pattern may also hold.
In this sense, InFACT does not collapse explainabil-
ity into verdict accuracy, but instead makes visible

the trade-off between prediction and institutionally
grounded justification.

7. Discussion

The main contribution of InFACT comes from the
fact that it makes the reasoning trace itself avail-
able for evaluation. This matters because, in a
deliberation-aware setting, the relevant question
is not only whether a model reaches the correct
category, but also whether it preserves the justifica-
tory structure through which contested claims are
publicly adjudicated.

Against this background, the full-corpus open-
weight results are already informative. They show
that open models can be meaningfully differenti-
ated not only by verdict metrics, but also by their
calibration behaviour and by how closely their ex-
planations resemble institutional reasoning. Just
as importantly, the results do not point to a sin-
gle dimension along which all desirable behaviour
aligns. Llama 3 is comparatively stronger on ac-
curacy and collapse, Qwen2.5 on macro-F1, and
Mistral on several overlap-based explanation met-
rics. In turn, this suggests that benchmarking in-
stitutional reasoning requires a multi-dimensional
evaluation framework rather than a single aggre-
gate score.

The matched pilot comparison makes the same
point even more clearly. GPT-4 Turbo and Qwen2.5
separate verdict competence from explanation
alignment in opposite directions: Qwen2.5 im-
proves slightly on verdict prediction, whereas GPT-
4 Turbo aligns more closely with professional justi-
fications and preserves nuance substantially better.
Llama 3 and Mistral, meanwhile, occupy yet differ-
ent positions in this space. Taken together, these
patterns are precisely what one would expect from
a benchmark that measures alignment with insti-
tutional reasoning rather than surface plausibility
alone.

At the same time, the corpus itself reveals prop-
erties that are relevant for deliberation-aware evalu-
ation. InFACT contains 231 claimants with uneven
verdict distributions, and under the strict binary
subset several high-profile claimants have false
rates above 80%. This creates an obvious shortcut
risk: models may learn claimant-specific regulari-
ties rather than reasoning over the content of the
claim. In a similar vein, a lightweight lexical audit
of institutional narratives identifies sparse but non-
negligible hedging, certainty, and authority markers,
which suggests that calibration is neither reducible
to lexical templates nor absent from the data. In this
respect, the resource is useful not simply because
it contains fact-checks, but because it preserves
the kinds of evidential and epistemic cues through
which public justification becomes accountable.
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Seen in this light, InFACT is relevant to delibera-
tion technology rather than only to fact-checking in
the narrow sense. The benchmark does not merely
ask whether a model predicts a verdict correctly;
it asks whether the model preserves the interme-
diate reasoning structure through which contested
claims are publicly examined, bounded, and justi-
fied. In deliberative settings, this distinction matters
because users need not only an answer, but also a
traceable account of how that answer was reached,
what kinds of evidence were considered, and where
uncertainty remains.

8. Limitations

Like any institutional resource, InFACT comes with
important limitations that shape both its interpreta-
tion and its use.

First, the corpus reflects the editorial selection
and reasoning conventions of a single institutional
platform. It is therefore not a neutral sample of
Romanian public discourse, but a sample of what
one institution chose to check, how it framed those
checks, and how it justified its conclusions.

Second, the explanation-alignment benchmark
is stronger than standard post-hoc evaluation, but it
is not exhaustive. ROUGE-L and evidence overlap
are alignment signals rather than guarantees of
evidential validity, and for precisely that reason they
should be read as indicators of resemblance to
institutional reasoning rather than as measures of
exclusive correctness.

Third, although the paper includes full-corpus
open-weight evaluation, the matched proprietary
comparison is still limited to a 174-instance sub-
set. This provides useful initial evidence, especially
for the contrast between verdict competence and
explanation alignment, but it does not yet estab-
lish a stable benchmark floor or ceiling across the
full range of model families that may be relevant.
Broader evaluation across proprietary and open
models remains a natural next step.

9. Conclusion

We introduced InFACT, a Romanian corpus of insti-
tutional fact-checking reports, and positioned it as a
benchmark for evaluating LLM explanations against
professional institutional reasoning. By preserving
verification scope, evidence-backed narratives, and
calibrated conclusions, the corpus supports evalua-
tion beyond verdict prediction and makes it possible
to assess whether models resemble documented
public reasoning.

The current results show that InFACT can sep-
arate verdict performance from explanation align-
ment in a meaningful way. Reference baselines es-
tablish that verdict prediction is non-trivial and that

structured institutional framing matters. More im-
portantly, the LLM experiments show that stronger
verdict prediction does not imply better institutional
explanation alignment. In particular, the matched
pilot comparison demonstrates that GPT-4 Turbo
aligns more closely with professional justifications
and preserves nuance better, whereas Qwen2.5
improves slightly on verdict prediction while per-
forming substantially worse on explanation align-
ment and calibrated verdict preservation. In turn,
the full-corpus open-weight experiments show that
these trade-offs persist at benchmark scale.

This is precisely where the relevance of InFACT
for deliberation technology becomes clearest. In
deliberative settings, users often need more than a
verdict: they need a trace of how that verdict was
reached, what evidence categories were consid-
ered, and where uncertainty remains. This matters
especially in politically contested discourse, where
trust depends not only on correctness, but also
on procedural transparency. By preserving verifi-
cation scope, long-form reasoning, and calibrated
conclusions, InFACT supports evaluation scenar-
ios in which a system must justify its output in a
form that remains legible to human participants,
facilitators, or institutional stakeholders.

Several directions follow naturally from the
present results. First, the explanation-alignment
benchmark should be extended from the current
pilot comparisons to full-corpus evaluation across a
broader set of open and closed LLMs. Second, fu-
ture evaluation should include claimant-disjoint and
time-aware splits in order to test robustness under
shortcut risk and temporal drift. Third, the current
setup can be extended toward evidence-aware gen-
eration, where models are asked not only to predict
verdicts and explanations, but also to recover verifi-
cation scope or identify the types of evidence used
in institutional reasoning. More broadly, future work
should examine whether models can be made not
only more accurate, but also more faithful to the
calibrated public reasoning that InFACT preserves.

10. Ethical Considerations

Since InFACT concerns political claims and institu-
tional judgements, its use requires particular care.
Models trained on InFACT could be misused to
make automated credibility judgements about in-
dividuals rather than about specific claims in con-
text. For this reason, we recommend reporting un-
certainty and avoiding deployments that attribute
truthfulness to persons instead of to statements
embedded in evidence and time.

At the same time, claimant skew is a real property
of institutional fact-checking, but it can also become
a shortcut signal for models. This creates a risk that
systems learn claimant identity rather than institu-
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tional reasoning, which in turn makes attribution-
aware analysis and claimant-disjoint evaluation es-
pecially important for future work.

11. Data and Code Availability

All texts are derived from publicly available fact-
checking reports with source URLs preserved for
traceability. We do not add new personal anno-
tations. Instead, we preserve institutional report
structure in machine-readable form so that mod-
elling work can be grounded in existing public rea-
soning practices.

We release the raw TSV, the processed bench-
mark release, and a reproducibility suite that
computes descriptive statistics, verdict baselines,
and explanation-alignment diagnostics, including
prompt generation and scoring utilities. The reposi-
tory can be accessed at https://github.com/
DianaHoefels/INFACT.
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Appendix A. Additional Examples and Baselines

Field Content (shortened, with English translation)
claim_text “E primul an în care bugetul cercetării cres, te cu 70%.” (It is the first year in which the

research budget increases by 70%.)
context “În 23 ianuarie 2023, ministrul Cercetării, Inovării s, i Digitalizării ...” (On 23 January

2023, the Minister of Research, Innovation and Digitalisation ...)
verification_scope “Cum a crescut bugetul cercetării în ultimii ani.” (How the research budget has

increased in recent years.)
verification “În bugetul nat,ional pentru 2023, pentru cercetare fundamentală s, i cercetare dezvoltare

s-au alocat 3,2 miliarde de lei (credite bugetare) (pagina 77, capitolul 5301) ...” (In the
national budget for 2023, 3.2 billion lei were allocated to fundamental research and
research and development (budgetary credits) (page 77, chapter 5301) ...)

conclusion “Afirmat,ia ministrului este adevărată. Este primul an în care bugetul alocat cercetării
cres, te ...” (The minister’s statement is true. It is the first year in which the budget
allocated to research increases ...)

verdict_original adevărat (true)
verdict_normalized True

Table 5: Shortened example of an InFACT record illustrating the structure of an institutional fact-checking
report on factual.ro.

Classifier Accuracy Macro-F1 Weighted-F1
Logistic Regression 0.381 ± 0.027 0.267 ± 0.021 0.372 ± 0.027
SVM 0.390 ± 0.035 0.269 ± 0.030 0.376 ± 0.036
Naive Bayes 0.396 ± 0.024 0.137 ± 0.024 0.258 ± 0.033
Random Forest 0.419 ± 0.023 0.220 ± 0.018 0.324 ± 0.022

Table 6: Stratified 5-fold cross-validation for six-way verdict prediction on InFACT using TF–IDF features
over claim_text.

Input Accuracy Macro-F1 Weighted-F1
Claim-only 0.390 0.269 0.376
Claim + Context 0.440 0.310 0.420
Claim + Context + Scope 0.460 0.330 0.440

Input-structure ablation for the SVM lexical baseline.

Model Accuracy Macro-F1 Weighted-F1
XLM-RoBERTa (claim+context) 0.371 ± 0.035 0.290 ± 0.015 0.353 ± 0.025
XLM-RoBERTa (claim+context+scope) 0.345 ± 0.018 0.258 ± 0.008 0.325 ± 0.008
Romanian BERT cased v1 (claim+context) 0.381 ± 0.036 0.357 ± 0.033 0.387 ± 0.038
Romanian BERT cased v1 (claim+context+scope) 0.363 ± 0.014 0.332 ± 0.020 0.366 ± 0.013
Romanian BERT uncased v1 (claim+context) 0.300 ± 0.053 0.289 ± 0.052 0.299 ± 0.055
Romanian BERT uncased v1 (claim+context+scope) 0.297 ± 0.055 0.290 ± 0.056 0.291 ± 0.061

Table 7: Transformer baselines for six-way verdict prediction on InFACT under stratified 5-fold cross-
validation.
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