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Abstract

Fact-checking has had a tendency to overlook
implicit claims, on which much misleading
discourse depends. We propose a pipeline
for detecting them based on the concept of
the enthymeme, an argument with a missing
component whose grounding in argumentation
schemes allows implicit content to be recov-
ered systematically. The pipeline proceeds in
three steps: detecting whether a tweet contains
enthymematic argumentation, generating the
missing premise or conclusion, and assessing
whether the reconstructed content constitutes
a check-worthy claim. While the individual
stages of the pipeline show encouraging perfor-
mance, our evaluation and error analysis reveal
that end-to-end claim recovery remains a chal-
lenging and open task, and we identify the main
bottlenecks to guide future work.

1 Introduction

Fact-checking as an NLP task has received con-
siderable attention in recent years (Vlachos and
Riedel, 2014; Guo et al., 2022), with numerous
datasets (Wang, 2017; Thorne et al., 2018; Au-
genstein et al., 2019) and successful systems de-
veloped (Hassan et al., 2017; Nakov et al., 2021),
some now deployed to the general public (Google,
2024). Their focus, however, has been almost ex-
clusively on explicit claims. This framing over-
looks a frequent strategy of misleading content:
false narratives are often built on unstated premises,
conveying their message through what is left un-
said rather than what is asserted. Such implicit
content escapes current fact-checking systems en-
tirely, even though it could be verified if first recon-
structed.

The vehicle of this strategy is the enthymeme: an
argument with a missing component, where one of
the premises or the conclusion is absent from the
uttered text. Consider the tweet “I don’t wanna get
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a COVID vaccine because some days I would like
to have babies” (Burke and Vlah, 2023): the argu-
ment only goes through if one supplies the unstated
premise that the vaccine causes infertility — a check-
worthy claim that is never actually asserted, and
that no current fact-checking system would surface.
Since Aristotle, the enthymeme has been recog-
nized as the central device of persuasion, precisely
because the audience supplies the missing proposi-
tion themselves. This makes enthymemes an ideal
lens for recovering the implicit claims and assump-
tions underlying discourse (Habernal et al., 2018;
Boltuzi¢ and Snajder, 2016) — and, conversely, a
tool that can be weaponized: Ciampaglia and Li-
cato (2021) argue that disinformation frequently
presents individually accurate but selectively cho-
sen facts while leaving the misleading belief un-
stated for readers to infer. These last authors call
for argumentation-based fact-checking that recov-
ers this implicit content, yet no end-to-end system
exists that detects enthymematic argumentation in
social media posts, generates the missing compo-
nent, and assesses its check-worthiness.

We propose such a pipeline. Crucially, the
missing component of an enthymeme is not arbi-
trary: its reconstruction is licensed by the argumen-
tation scheme underlying the argument (Walton
et al., 2008). We build on the dataset of Pastor
and Oostdijk (2026), in which annotators recon-
structed the implicit premises and conclusions of
tweets about vaccination and immigration, ground-
ing each reconstruction in a Walton scheme. Our
pipeline comprises three stages: enthymeme de-
tection with DeBERTa-v3 classifiers (Section 5.1),
missing component generation with BART, opti-
mized directly on the ROSCOE semantic-similarity
metric (Section 5.2), and check-worthiness assess-
ment with ClaimBuster (Section 5.3). We evaluate
each stage and the full pipeline (Section 6), fol-
lowed by a detailed error analysis (Section 7).

Our main contributions are:
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* The first end-to-end pipeline surfacing im-
plicit check-worthy claims from social me-
dia posts via argumentation scheme-grounded
enthymeme reconstruction.

* A model selection methodology optimizing
hyperparameters directly on ROSCOE-SS,
which we show better suited to implicit con-
tent reconstruction than token-level metrics.

* An evaluation, including a comparison against
a few-shot instruction-tuned LLM baseline,
and a detailed error analysis delineating the
key bottlenecks of the task.

2 Related Work

To the best of our knowledge, no existing work
proposes an end-to-end pipeline that detects en-
thymematic argumentation in social media posts,
generates the missing component, and assesses its
check-worthiness. The need for such a system,
however, has been clearly articulated: Ciampaglia
and Licato (2021) argue that false narratives fre-
quently rely on enthymemes, presenting individ-
ually accurate but selectively chosen facts while
leaving the misleading belief unstated for read-
ers to infer. Their proposed research agenda for
argumentation-based fact-checking includes iden-
tifying the intended conclusion of enthymematic
disinformation and using argumentation schemes
to recover the premises needed to evaluate it. Our
pipeline operationalizes part of this agenda: we re-
cover both implicit premises and conclusions, our
gold reconstructions are grounded in argumenta-
tion schemes, and the resulting verifiable claims
can be passed to downstream fact-checking stages.

Prior work on enthymematic argumentation has
addressed detection and generation separately. On
the detection side, Stahl et al. (2023) predict
whether a learner argument contains a missing Ar-
gumentative Discourse Unit (ADU) at a specified
position, using a corpus built automatically by re-
moving ADUs from learner essays, with DeBERTa
(He et al., 2021) as a baseline. We share their
decomposition of the problem into detection and
generation, but our setting differs substantially: we
work with short tweets in which neither the pres-
ence nor the position of the implicit component
is marked, so our detector must decide whether a
tweet is enthymematic at all, and our generator is
conditioned on a structured input (instruction, pre-
dicted label, tweet) rather than a mask token at a

known position.

On the generation side, Chakrabarty et al. (2021)
recover implicit premises from enthymemes con-
sisting of a stated premise and conclusion. Cit-
ing the scarcity of enthymeme data, they lever-
age the ART abductive reasoning dataset (Bha-
gavatula et al., 2020) as auxiliary training mate-
rial and augment BART (Lewis et al., 2020) in-
puts with commonsense inferences from PARA-
COMET (Gabriel et al., 2021). In contrast, we
fine-tune BART directly on human reconstructions
of enthymemes in tweets about vaccination and
immigration, and our missing component may be
either a premise or a conclusion, with the model
inferring the appropriate type from the tweet and
its predicted label alone. The two settings are com-
plementary: theirs demonstrates the value of ab-
ductive and commonsense knowledge for premise
generation, while ours covers both implicit compo-
nent types in short, domain-specific social media
controversial text.

As a point of reference for current performance
levels, the fine-tuned DeBERTa detector of Stahl
et al. (2023) reaches an F; of 0.68 on enthymeme
detection even in their easier setting where the can-
didate gap position is marked in the input, of the
same order as our results on tweets (Section 6.1);
on the generation side, in contrast, published results
are hardly comparable across works, since each is
scored against its own dataset-specific references
and task format.

3 Enthymemes and Claims

3.1 Enthymemes

Our methodology for extracting implicit claims
draws on work at the intersection of Argumenta-
tion Theory and Argument Mining. Specifically,
we rely on the definition of enthymemes formalized
by Pastor and Oostdijk (2026) based on Argumen-
tation Schemes (Walton et al., 2008).

An enthymeme is defined as an argument with
a missing component: given an argument with
premises p1, p2, and conclusion ¢, one of these
three elements is absent from what is uttered in
the natural language text (or tweet in our case).
The task thus involves two steps: first identifying
whether an enthymeme is present (i.e., whether
an argument has a missing component), and then
recovering that missing component through natu-
ral language generation. The idea of this work is
to target one of these missing components which
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contains fact-checkable claims.

3.2 Extracting Implicit Claims

In order to maximize the conceptual clarity of how
implicit claims are recovered, we provide exam-
ples; more details on the dataset are given in Sec-
tion 4.

An implicit claim is present when an enthymeme
is present. Enthymemes are present only when an
argument can be identified in the tweet. To jus-
tify the presence of an argument, an argumentation
scheme must be identifiable. Let us consider the
example below, borrowed from Burke and Vlah
(2023)

“I don’t wanna get a COVID vaccine be-
cause some days I would like to have
babies”

From the example above, we can reconstruct the
following propositional breakdown, where P; is
the reconstructed implicit claim:

P;: 1 want to have babies

P,:  The vaccine causes infertility (im-
plicit claim)

C: 1don’t want to get the COVID vac-
cine
The presence of an implicit premise here is jus-
tified by the fact that the Argument from Negative
Consequences scheme can be used to recover the
missing, unstated part of the argument:
The scheme Argument from Negative Conse-
quences (simplified) takes the following form:

P: Agent X has goal G
Py: Action A prevents goal G

C:  Therefore, agent X should not per-
form action A

Here is another example, taken from Tweet
#2481 in the dataset of Pastor and Oostdijk (2026).

“Ben & Jerry’s... just wants cheaper
labour costs and is clearly happy to see...
modern slavery”

From the example above, we can reconstruct the
following propositional breakdown:

P;: Ben & Jerry’s wants cheaper labour
costs

P,: Tllegal immigration/people smug-
gling supplies cheap labour (implicit
claim)

C: Ben & Jerry’s is happy to see people
smuggled into conditions of modern
slavery

The scheme Argument from Goal takes the follow-
ing form:

P;: Agent X wants goal G

P,:  Process/action A achieves goal G

C:  Therefore, agent X
ports/welcomes A

sup-

These examples illustrate how grounding en-
thymemes in argumentation schemes allows us to
systematically recover the implicit claims under-
lying a tweet. Once made explicit, these claims
can be submitted to fact-checking, even though
they were never stated directly. In this way, we
can move from a speaker’s explicit utterance to the
underlying assumption it relies on.

4 Data
4.1 Data Origin

To generate implicit claims for fact-checking, we
make use of the implicit arguments dataset intro-
duced by Pastor and Oostdijk (2026), which is it-
self built upon a preexisting dataset of tweets intro-
duced by Flaccavento et al. (2025) in their study
of trope usage in social media. In the original
dataset, approximately 50,000 English language
tweets were collected via keyword-based queries
targeting vaccines and immigration ("migrant”,
"migration”, "asylum”, "vaccine"), spanning a
period of four years, from late 2019 to late 2023,
without filtering for specific users. They subse-
quently cleaned the dataset by stripping URLs and
removing personally identifiable information, with-
out applying a profanity filter.

4.2 Dataset

From the above dataset, Pastor and Oostdijk (2026)
randomly selected a subset of 1,482 tweets so as to
obtain a balanced distribution of trope vs no-trope
labels, which they use for enthymeme annotation,
and it is this dataset and annotations that we use
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for the present work. The dataset was labeled by
seven annotators (five primary annotators and two
validators), with every datapoint receiving at least
three original annotations and two validations. La-
bels are imbalanced: none accounts for 66.1% (980
tweets), implicit premise for 29.6% (439), and im-
plicit conclusion for 4.3% (63). Beyond the cate-
gorical label, each annotation also records a full
propositional decomposition of the tweet and the
argumentation scheme licensing the implicit recon-
struction, as shown in Table 1 which shows what a
datapoint annotation would look like per annotator.

Field Value

Label Implicit premise

P1 Vaccines cause infertility [implicit]
P2 I want to have babies

Conclusion I don’t want to get the COVID vaccine
Scheme Argument from Negative Consequence

Table 1: Fields contained in a single datapoint annota-
tion.

If we pool all annotators’ reconstructions of im-
plicit premises and conclusions, we get 1,543 re-
constructed natural language sentences. However,
not all of these are fact-checkable claims, some
take the form of opinions, personal experience, or
vague assertions that can’t be verified. The number
of check-worthy claims we investigate is given in
section 6.3.

5 Implicit Factual Claim Detection
Pipeline

In this section, we outline the steps of our
enthymeme-based pipeline for implicit claim de-
tection in tweets!, summarized in Figure 1.

5.1 Enthymeme Detection

We model enthymeme detection as a binary text-
classification task. Given a tweet, the model pre-
dicts whether the text contains enthymematic ar-
gumentation or not. Related work by Stahl et al.
(2023) w.r.t enthymeme detection (as mentioned in
Section 2) showed that the DeBERTa-base model
(He et al., 2021) achieved strong results when com-
pared to a random and majority baseline model.
DeBERTa is a suitable backbone for this task as
its disentangled attention mechanism models word
content and relative position separately, which can
help the classifier assess whether the explicitly

"The full code and data samples can be accessed at https:
//github.com/metabolean5/inlg-enthymemes.

stated parts of a short argument form a coherent
premise-conclusion relation or leave a reasoning
gap. As such, we adopt DeBERTa-v3 (He et al.,
2023), which improves upon the original DeBERTa
architecture (He et al., 2021), as our backbone and
fine-tune both the base and large variants. As our
classification task is affected by a class imbalance,
model selection and evaluation are based on macro
F1-score, which gives equal weight to both classes.
We keep a held out test set untouched during model
development whereas the development set is split
into a training portion and a dev-test portion using
an 80/20 split.

Hyperparameter optimization (HPO) constitutes
the methodological choice we experiment with in
this work, and is performed exclusively on the train-
ing portion. The dev-test portion is reserved for
final model selection procedures, including vali-
dation during a final training run and threshold
tuning. Final performance is reported only on the
untouched test set.

5.1.1 Model Construction Pipeline

Figure 3 (in Appendix A) summarizes the model
construction pipeline used for both DeBERTa-v3-
base and DeBERTa-v3-large. In the first step we
use Optuna (Akiba et al., 2019) to optimize the
hyperparameters of the classification models. The
optimized hyperparameters are the learning rate,
weight decay, number of warmup steps, training
batch size and the number of epochs. The Optuna
objective is to maximize the mean-macro-F1 score
which is obtained through a stratified 5-fold cross
validation on the training split.

In each Optuna trial (see Appendix A.1 for a
high level overview of each Optuna trial), the Tree-
structured Parzen Estimator sampler proposes a
candidate hyperparameter configuration. A fresh
DeBERTa model is then initialized and fine-tuned
with this configuration for each fold. The macro-F1
scores across the 5 validation folds are averaged
and returned to Optuna as the trial score. This cross-
validation setup reduces the dependence on a single
validation split and makes the selected hyperparam-
eters less sensitive to a particular partition of the
data. In the second step, the best hyperparameter
configuration found by Optuna is used to train final
models from fresh initializations. We train one sin-
gle model, and separately, three models initialized
with different random seeds. The latter is used to
construct an ensemble by averaging the predicted
class probabilities.
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“I don’t wanna get a COVID
vaccine because some days
I would like to have babies”

“The vaccine
causes infertility”

verifiable against
medical evidence

1. Enthymeme
Detection C

2. Missing

3. Check-
‘Worthiness

Implicit
check-worthy

DeBERTa-v3
ensemble

Generation
BART-base

implicit premise] check-worth:

or conclusion claim

Qwen2.5 rewriting

+ ClaimBuster — fact-checking

none

otherwise

no check-
worthy claim

Figure 1: The three-stage pipeline for surfacing implicit check-worthy claims, illustrated with the running example
from Section 1. Red boxes mark the exit points at which a tweet is predicted to carry no implicit check-worthy

claim.

In the third step, we tune the decision threshold
on the dev-test split, both for the single model and
for the ensemble. The resulting threshold-tuned
single model and the threshold-tuned ensemble
are then evaluated on the untouched test set. This
pipeline allows us to compare whether the addi-
tional robustness of ensembling improves perfor-
mance over a single fine-tuned DeBERTa model.

5.2 Missing Component Generation

We model the generation of the implicit component
as a conditional text-generation task. The model
receives a structured input containing the task in-
struction, the predicted label (indicating whether
the tweet contains enthymematic argumentation,
see Appendix B.2), and the tweet text, and gener-
ates either the implicit argument or a sentinel token.
The input format is:

task: generate implicit_argument | label:
<argument | none> | tweet: <tweet_text>

We fine-tune BART-base (Lewis et al., 2020) for
this task. We also experimented with BART-large
but found it unstable in our setting: with higher
learning rates, training loss sometimes spiked be-
fore collapsing to zero, and after lowering the
learning-rate range, the loss remained high without
meaningful decrease, with outputs that were often
empty, sentinel-only, or malformed. We therefore
retained only BART-base for the final generation
experiments.

For tweets without enthymematic argumentation,
we define a sentinel token <NO_IMPLICIT>, allow-
ing the model to explicitly learn when no implicit
argument should be generated. We further expand
the dataset introduced in Section 4.2 into long for-
mat: for each tweet whose majority label is premise
or conclusion, we create one data point per avail-
able reconstruction (see Appendix B.1).

For hyperparameter optimization we reuse the

Optuna-based strategy of the classifiers, tuning the
learning rate, weight decay, warmup steps, training
batch size, and number of epochs, with five-fold
cross-validation inside each trial.

A key aspect of our method lies in the optimiza-
tion objective: Optuna maximizes the ROSCOE
semantic-similarity score (Golovneva et al., 2023)
between the generated text and the available gold
reconstructions (see Appendix C.1). As we show in
Section 6.2, ROSCOE-SS is the metric best suited
to our task, so optimizing hyperparameters directly
on it aligns model selection with the property we
ultimately care about. Examples whose references
contain only the sentinel token are excluded from
the score, and decoding hyperparameters are kept
fixed at their default values during HPO and the
final run.

Unlike the binary classification setting, BART
produces a text sequence rather than a class proba-
bility, so there is no decision threshold to tune. We
also do not construct an ensemble, since ensem-
bling autoregressive sequence-to-sequence models
would substantially increase training and decoding
costs. Instead, we fine-tune a single BART-base
model with the best hyperparameter configuration
and evaluate it on the dev-test set.

5.3 Fact-Checkable Claim Detection

The final stage of the pipeline determines whether
the generated implicit content constitutes a veri-
fiable claim. We pass each generated reconstruc-
tion to ClaimBuster (Hassan et al., 2017), which
scores its check-worthiness. Reconstructions clas-
sified as check-worthy are predicted to contain a
fact-checkable claim; all other outputs, including
the sentinel token, are predicted as containing no
claim. Since annotators often phrased reconstruc-
tions as conditionals, a style BART learned to repli-
cate and which rarely reads as a checkable claim,
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we first rewrite the generated outputs into direct
declarative propositions using few-shot Qwen?2.5-
7B-Instruct, preserving the original verbs and en-
tities (see Section 6.3 for details). The claims sur-
faced by this stage can then be passed to down-
stream fact-checking systems.

Note that Qwen2.5-7B-Instruct (Qwen Team
et al., 2025) plays two distinct roles in this work:
here as a surface-form rewriter applied to both gold
and system outputs, and in Section 6.3 as a few-
shot detect-and-generate baseline against which we
compare the pipeline.

6 Evaluation and Results

We evaluate each stage of the pipeline indepen-
dently against held-out gold labels: binary de-
tection (enthymeme vs. no enthymeme), implicit-
content generation, and downstream claim verifica-
tion. The held-out test set contains 148 tweets (97
without and 51 with implicit content).

6.1 Detection

Table 2 reports held-out performance of the two 3-
seed ensembles detailed in Section 5.1.1; the large
ensemble (threshold 0.53) reaches the best macro-
F; of 0.686 (vs. 0.662 for the base ensemble) and
feeds the downstream stages. This is a solid margin
over the no-skill floor for this ~2:1 imbalanced bi-
nary task, though the gap to the none class F; (0.76
vs. 0.61) shows implicit content remains the harder
class. Both ensembles over-predict the minority
class: recall on implicit (0.69) consistently exceeds
precision (0.52-0.56).

6.2 Implicit Content Generation

To evaluate the implicit content generations, we
score outputs with ROSCOE-SS (Golovneva et al.,
2023), a semantic similarity metric from a suite
originally designed to assess the quality of step-
by-step reasoning. Unlike token-level metrics, it
compares hypothesis and reference as whole texts
through a reasoning-tuned sentence encoder, yield-
ing a score in [0, 1]; here we compare each gener-
ated implicit component against the gold annotator
reconstructions of the same tweet.

We evaluate our BART-base model introduced
above against the 211 gold reconstructions of the
test set (3—5 per tweet, spread over 50 tweets),
drawn from the annotated set where annotators
made the implicit premise or conclusion explicit.
Since generation only runs on tweets the detec-
tor flags as enthymematic, scores are computed

over the 26 test tweets for which both a gener-
ated hypothesis and gold reconstructions are avail-
able. Since raw scores occupy a narrow band and
are hard to interpret, we anchor them between
a random floor (hypotheses re-scored against 20
wrong-tweet reference permutations) and a human
ceiling (pairwise inter-annotator agreement, 3—5
annotators x 50 tweets); this interval is the met-
ric’s effective range for our task (Table 3). The
model reaches 0.900, covering 62% of the distance
from the random floor (0.847) to the human ceiling
(0.929). A BERTScore (Zhang et al., 2020) cross-
check preserves the ordering but nearly halves the
model-random gap (+0.029 vs. +0.053): its token-
level matching rewards shared in-domain vocab-
ulary even when the underlying claim is wrong,
inflating the floor. ROSCOE-SS thus discriminates
genuine reconstruction from topical noise more
sharply, making it the better-suited metric here.

6.3 Downstream Claim Verification and Full
Pipeline Evaluation

Finally, we test whether the generated implicit con-
tent constitutes a verifiable claim, using Claim-
Buster (Hassan et al., 2017). Gold labels come
from the annotator reconstructions of the test set:
211 reconstructions (3—5 per tweet) spread over
50 tweets. Running ClaimBuster on these recon-
structions and manually verifying its judgements
confirms 39 of them as check-worthy; since a single
claim-bearing reconstruction suffices, this yields
23 tweets containing gold implicit check-worthy
claim on the 148-tweet test set (23 claim / 125
no-claim).

We then apply the same procedure to the system
side?: each tweet is run through the full pipeline, i.e.
the detection ensemble, followed by BART genera-
tion for tweets flagged as enthymematic, followed
by ClaimBuster on the generated implicit content.
As an instruction-tuned LLM point of comparison,
we also evaluate a Qwen detect+generate variant,
in which few-shot prompted Qwen2.5-7B-Instruct
replaces the first two stages: given the tweet and
four in-context examples, it jointly decides whether
an implicit argument component is present and, if
so, generates it as a declarative proposition; the
ClaimBuster stage is unchanged. A check-worthy

2Some annotators habitually phrased reconstructions as
conditionals, a style BART learned to replicate; since condi-
tionals rarely read as checkable claims, we first rewrite both
gold reconstructions and system outputs into direct declarative
propositions with few-shot Qwen2.5-7B-Instruct, preserving
the original verbs and entities.
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None Implicit
Ensemble (3 seeds) P R F P R ) % Acc. Macro-F;
DeBERTa-v3pyse 0.80 0.67 073 052 0.69 0.59 0.676 0.662
DeBERTa-v3jarge 081 071 076 056 0.69 0.61 0.703 0.686

Table 2: Binary detection on the held-out test set (148 tweets). The large ensemble is used in the deployed pipeline

and feeds the generation and claim-verification stages.

System ROSCOE-SS BERTScore
Human ceiling (IAA) 0.929 0.920
BART pipeline 0.900 0.893
Random floor (4-0.004) 0.847 0.864

Table 3: Generation quality on 26 matched test tweets,
with human ceiling and random-permutation floor.

System Cov. P R F; Acc

Full pipeline 67 032 035 0.33 0.78
Qwen detect+generate 138 0.15 0.39 0.22 0.57

Table 4: End-to-end claim verification on the 148-tweet
test set (23 gold claim / 125 no-claim). Full pipeline =
detection ensemble + BART generation + ClaimBuster.
P/R/F; are reported on the claim class; Cov. = number of
tweets for which the system generated implicit content
(remaining tweets default to no-claim).

classification predicts claim, anything else, includ-
ing the absence of generated content, predicts no-
claim. Matching these predictions against the gold
labels gives the claim-class precision, recall, and Fy
in Table 4. Coverage, the share of tweets that reach
the generation stage, is the bottleneck: the pipeline
produces content for 67 of 148 tweets, recovering
8 of 23 gold claims, while the Qwen detect-and-
generate variant over-generates (138/148 tweets),
trading precision (0.15) for the highest recall. This
full-set ranking partly reflects the pipeline’s nar-
rower coverage aligning with the majority no-claim
class: on the 51 annotator-covered tweets (23 claim
/ 28 no-claim), where defaulting to no-claim yields
no easy wins, the Qwen variant reaches F; 0.44.

6.4 Overall Results

Detection is the most robust stage, with macro-
F; of 0.66—0.70 across cross-validation and held-
out settings, well above the no-skill floor for this
~2:1 imbalanced task. Generation, as measured
by ROSCOE-SS, produces output that clearly rises
above topical noise, covering roughly two thirds
of the distance from the random floor to the hu-
man ceiling, a solid but not yet human-level per-

formance. Claim verification, finally, shows how
upstream errors compound: with claim-class Fy
capped at 0.33 by detection coverage, the end-to-
end task remains largely open. To understand these
losses better, the next section analyses what is lost,
and why, at each step of the pipeline.

7 Error Analysis

To understand where the pipeline loses claims, we
manually inspect all errors on the test set: of the
23 gold claims, the pipeline recovers 8, misses 15,
and additionally produces 17 false positives. The
misses split evenly between two stages: 7 tweets
are discarded by the detector before anything is
generated, and 8 are generated but rejected by the
claim classifier. We examine each failure mode in
turn, then the false positives, and close with the
successful cases.

7.1 Detection Failures

Seven gold claims are lost at the first step: the de-
tector labels the tweet as non-enthymematic, so no
implicit content is ever generated. A manual analy-
sis of these seven tweets, which concerns only the
cases where the implicit content is a check-worthy
claim and makes no claim about enthymeme de-
tection in general, shows they lack any explicit
inferential connector (because, but, this will result
in): their argumentative move is carried through
juxtaposition, enumeration, or register, giving the
detector no surface structure to latch onto. Tweet
#225 illustrates this:

“I would be very skeptical of these results.
It’s easy to skew data collection [...] and
the pharma companies and regulators
have every motivation to make the vac-
cine look better than it actually is.”

<NO_IMPLICIT>
Pharma manipulates vaccine data

Pipeline:
Gold:

Because these losses occur before generation,
they are unrecoverable downstream: detection re-
call directly caps end-to-end recall.
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7.2 Generating the Normative Instead of the
Factual

The remaining eight misses are subtler: the de-
tector fires, BART generates implicit content, but
ClaimBuster labels it a non-factual statement. In-
spection shows the classifier is usually right: the
generated reconstructions are moral or normative
(“it is wrong to...”, “you are being manipulated”),
while the annotators identified a factual implicit

claim in the same tweet. Consider Tweet #1522:

“Still clinging to the saving the world
by getting injected with an experimen-
tal ‘vaccine’ narrative huh? [...] How
does it feel being manipulated?”

Pipeline: ~ You are manipulated into doing something not in
your interest
Gold: The government lied about the vaccine’s effec-

tiveness

The pipeline stops at the normative surface of
the argument, while annotators identify the factual
proposition supporting it. These are therefore gen-
eration failures masquerading as classification fail-
ures: the claim classifier correctly rejects what it re-
ceives, but what it receives is the wrong reconstruc-
tion. This matters for our downstream goal, since
it is precisely the factual layer that fact-checking
requires.

7.3 Overgeneration

The 17 false positives fall into different modes of
increasing severity. In the mildest, the pipeline lifts
an assertion that is already explicit in the tweet (e.g.
Tweet #2655: “free movement depressed wages
in several sectors”, copied nearly verbatim) and
presents it as implicit; the output is genuinely
check-worthy, it just was never hidden.

In the most severe mode, the pipeline halluci-
nates from topic salience, as in Tweet #837:

“Sen. Graham Says Economy Will Trump
Abortion in November Elections | so
true!! [...] Vaccine mandate Rem?”

Vaccine mandates harm people’s health
no check-worthy claim

Pipeline:
Gold:
Here the tweet is enthymematic, and the detec-
tor rightly fires: annotators reconstructed an im-
plicit normative argument about bodily autonomy,
none of which was classified as check-worthy. The
failure lies in generation. Instead of producing
this non-claim reconstruction, BART, potentially

triggered by the phrase “vaccine mandate”, gen-
erates a common factual claim from its training
distribution that appears nowhere in the tweet, im-
plicitly or otherwise. The generated sentence is
coherent and check-worthy in isolation, so Claim-
Buster correctly labels it a claim. The real problem
at this stage is thus the confusion between gener-
ating claims and generating non-claims: when the
gold implicit content is not a claim, BART should
generate something closer to the annotators’ non-
claim reconstructions, and the claim classifier has
no signal to catch it when it does not.

7.4 Successful Cases

Finally, the eight true positives show the pipeline
working as intended, but with caveats. In the best
case, Tweet #1205, the pipeline converges with all
five annotators:

i

“So cool how they now have another ‘flu

that will require a distinct vaccine EV-
ERY year! What a windfall for the indus-
t"y! »

Pipeline:
Gold:

Vaccine mandates are a windfall for the industry
The vaccine industry profits from recurring vac-
cies

Even among true positives, however, the gener-
ated text often differs from the gold reconstructions
in ways the claim-level match hides. In Tweet #376,
the pipeline extracts an embedded factual sub-claim
(“vaccines are made from fetal cells”) where anno-
tators identified the hypocrisy argument built on it;
in Tweet #2160, the generated implicit is logically
inverted relative to what annotators reconstructed,
yet still passes as a check-worthy claim. A binary
claim/no-claim match therefore overstates fidelity:
the pipeline can land on a check-worthy claim in
the right tweet without recovering the claim the
argument actually relies on.

8 Discussion and Conclusion

We presented a first attempt at detecting im-
plicit check-worthy claims in controversial tweets,
through a pipeline combining enthymeme detec-
tion, missing component generation, and check-
worthiness assessment. Grounding reconstructions
in argumentation schemes provides a systematic
justification for the recovered implicit content,
and optimizing the generation model directly on
ROSCOE-SS aligns model selection with the prop-
erty the task requires.
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While the individual stages perform well above
chance, end-to-end claim recovery remains capped
at Fy 0.33, with losses compounding across stages.
The detector struggles with tweets whose argumen-
tative move is carried without inferential connec-
tors; when it fires, the generator often reconstructs
the normative surface of the argument where anno-
tators dig one level deeper to the factual proposition
supporting it, precisely the layer fact-checking re-
quires. Overgeneration, conversely, is driven by
topic salience, with plausible in-domain claims oc-
casionally generated that appear nowhere in the
tweet.

At the same time, our results demonstrate that
the approach is viable: the pipeline does suc-
ceed in surfacing genuinely implicit check-worthy
claims that would escape standard fact-checking
entirely, and its detection and generation stages
already show promising performance. Notably,
the fine-tuned pipeline outperforms the few-shot
instruction-tuned LLM baseline end-to-end, which
attains higher recall but at a substantial cost in pre-
cision (Table 4). These findings delineate clear di-
rections for future work: modeling argumentation
cues in detection, distinguishing factual from nor-
mative implicit content in generation, and moving
evaluation beyond binary claim matching, which
can overstate fidelity when the pipeline lands on a
check-worthy claim without recovering the claim
the argument relies on. This first pipeline, its
promising results, together with its documented
failure modes, provide a foundation for subsequent
work on argumentation-based fact-checking.
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Limitations

Our study faces several limitations. First, the
dataset is small: 1,482 annotated tweets, of which
only 148 form the held-out test set, with 23 gold
check-worthy claims. Results at the claim level
therefore rest on few positive instances, and small
absolute differences should be interpreted with cau-
tion. For the same reason, we report point esti-
mates without confidence intervals or significance

tests: with so few positive instances, such intervals
would be too wide to be informative, and our scores
should be read as indicative rather than definitive.
The class imbalance, particularly the scarcity of im-
plicit conclusions (4.3% of the data), further limits
what the models can learn about this component
type.

Second, the multi-step architecture makes the
pipeline vulnerable to error propagation. Tweets
discarded by the detector never reach the gener-
ation stage, so detection recall directly caps end-
to-end recall, and generation errors are inherited
by the claim classifier, which has no access to the
original tweet to catch unfaithful reconstructions.
This cascading structure means that stage-level im-
provements do not translate linearly into end-to-end
gains.

Third, the data covers two topics (vaccination
and immigration) in English tweets from a spe-
cific time period, and it is unclear how well the
pipeline generalizes to other domains, languages,
platforms, or argumentative styles. The reliance on
ClaimBuster as check-worthiness classifier and on
ROSCOE-SS as optimization and evaluation metric
also ties our results to the behavior of these specific
tools, and we do not ablate their individual contri-
butions: in particular, the Qwen-based declarative
rewriting step is applied to both gold and system
outputs, so its effect on end-to-end scores is not
separately quantified. Likewise, our LLM compari-
son is limited to a 7B-parameter instruction-tuned
model; a demonstration of the potential of larger,
state-of-the-art LL.Ms on this task remains future
work.

Finally, our pipeline rests on the assumption that
a tweet’s implicit content can be recovered as a
single ground truth. Yet enthymeme detection, let
alone reconstruction, involves a degree of semantic
interpretation, and what a controversial post might
imply can vary across individuals and communi-
ties; a system that announces what speakers meant
but did not say would not go without reminding
us of the concept of a police of thought that a cer-
tain George Orwell once wrote about — a concern
echoed by recent critiques of detection-centered
misinformation research, which treats such label
variation as noise to suppress rather than signal to
model (Bassi et al., 2026). Like most work in this
area, we follow the standard practice of training
on majority labels and pooled reconstructions; a
natural next step for pipelines of this kind is to
also incorporate label-variation-oriented metrics
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that measure disagreement rather than averaging
over it (Plank, 2022; Jiang and de Marneffe, 2022).
We take a first step in this direction by studying
annotator disagreement in enthymeme annotation
in Pastor and van Arkel (2026).
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A Model Construction Pipeline

A.1 Optuna Trial Overview

candidate config. 6 :
e learning-rate = z;,
® num. of epochs = z;,

e warmup-steps = &,

e train batch-size = z;,

® weight-decay = x;;
‘\n Optuna —

DeBERTa

™N Enthymeme
Detection
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Mean-Macro F1 < train

Figure 2: High-level overview of an Optuna trial for
construction of classification models.

Figure 2 illustrates the procedure for the en-
thymeme detection models, but the same optimiza-
tion procedure is used for the implicit argument



Hyperparameters:
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Figure 3: Pipeline for building the models for enthymeme detection.

generation model. Let

T = {learning rate, weight decay, warmup steps,

number of epochs, batch size}.

be the set of hyperparameters optimized by Op-
tuna. Then each hyperparameter is associated
with a predefined search space. For the classi-
fication models, the objective is maximizing the
mean macro F1-score obtained through stratified
five-fold cross validation on the training split. We
used Optuna’s default Tree Structured Parzen Esti-
mator (TPE) sampler. At the start of each trial TPE
proposes a candidate hyperparameter configuration

0 = {$j1,$j2, ..,ach},

where x;, , ..z, denote the sampled hyperparam-
eter values for each of the corresponding hyperpa-
rameters in 7 .

The sampled configuration is then evaluated by
instantiating a fresh DeBERTa model and fine-
tuning it under the proposed hyperparameter values.
Since we use five-fold cross-validation this proce-
dure is repeated across five folds where in each
fold, four parts of the training split are used for
fine-tuning and the remaining part is used for val-
idation. The macro-F1 scores are obtained from
five validation folds and then averaged yielding the
mean macro Fl-score for the trial. This value is
then returned to Optuna as the trial objective. Op-
tuna uses the accumulated history of previous trials
and their objective values to guide the TPE sam-

pler towards more promising regions of the search
space in subsequent trials.

As it is hard to find a standard procedure for
determining the optimal number of trials, we set the
total number of trials to 2!7 since this is a practical
compromise between search space coverage and
computational costs.

For the BART-base missing component gener-
ation model the same HPO trial structure is used,
but the objective differs. Instead of training a De-
BERTa classifier and maximizing the mean macro
Fl-score, each trial trains a fresh BART-base model
using the sampled hyperparameter configuration
and evaluates the outputs with the ROSCOE-SS.
The five-fold ROSCOE-SS scores are averaged and
returned to Optuna as the objective value. The de-
coding hyperparameters are kept fixed during HPO
so Optuna only optimizes the hyperparameters in
T. Thus the classification and generation HPO
procedures differ in the model architecture and ob-
jective metric but share the same trial structure,
set of hyperparameters, five-fold cross-validation
scheme and TPE-based sampling procedure.

B Missing Component Generation
Dataset

B.1 Long Format Specification

To fine-tune BART-base for missing component
generation we transform the original dataset intro-
duced in Section 4.2 into a long-format generation
dataset. In the original dataset, each tweet is as-
sociated with five annotator specific label fields
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ann;_label, and five corresponding reconstruction
fields, ann;_implicit, withi € {1,...,5}. Each
annotator labels the tweet as containing an implicit
premise, conclusion or no implicit component, and
provides a reconstructed implicit text when appli-
cable.

For each tweet we use the majority label as the
target label. If the majority label is either premise
or conclusion, we create one long-format row
for every annotator whose label agrees with the
majority label. Each such row preserves the orig-
inal tweet id and tweet_text but replaces the
annotator specific fields with a single target field,
implicit_text, containing the annotator’s recon-
struction. As a result, each single tweet may yield
multiple training rows, one for each majority agree-
ing reconstruction.

If the majority label is none, we create a sin-
gle row for the tweet and set implicit_text =
<NO_IMPLICIT> where NO_IMPLICIT is the sen-
tinel token indicating that no implicit component
should be generated.

After constructing the long-format dataset we
split it into a training (used for HPO) and dev-test
split. When splitting we ensure all long format
rows with the same tweet id are assigned to the
same split such that no different reconstruction of
the same tweet appears in both splits. The training
portion consists of 2136 datapoints corresponding
to 1066 unique tweet ids. This format allows the
model to learn multiple valid reconstructions of
the same enthymematic tweet while preserving a
single prediction target per training row.

B.2 Structured Input

In Section 4.2 and Appendix B.1, we described
the original and long-format datasets as using a
three-class majority label: premise, conclusion,
or none. However, the structured input for BART in
Section 5.2 contains a binary label. This is because
the generation model comes after the enthymeme
detection model in the pipeline, whose output is a
binary label indicating whether the tweet contains
enthymematic argumentation or not. We therefore
use a mapper f mapping the three-class majority
label ¢ to a binary label:

argument, if ¢ € {premise,
f) = conclusion},
none, if £ = none.

The resulting binary label is then used in the

structured input for BART (Section 5.2). At in-
ference time, detector outputs labeled enthymeme
are converted to argument before constructing the
BART input, while none is kept unchanged. This
only aligns the label names used by the detection
and generation stages. As a result, BART is not
given the fine-grained missing-component type, but
instead is only told whether the tweet contains an
implicit component or not. This makes the gen-
eration setup consistent with the preceding binary
enthymeme detection stage.

C ROSCOE Semantic Similarity

C.1 Computing the ROSCOE-SS Score

To compute the ROSCOE-SS Semantic Coverage
Chain score on a validation fold, we first trans-
form the long-format validation fold into a grouped
validation fold. That is, all rows with the same
tweet id, and therefore the same tweet_text, are
collapsed into a single validation example. The cor-
responding implicit_text values are collected
into a reference set

Rqg={ra1,.--,ra;},

where 74 ; denotes the i-th gold reconstruction
for grouped validation example d, and j = |Ry|
is the number of available reconstructions for that
tweet.

For each grouped validation example d, BART
generates a single hypothesis h;. We compute the
semantic similarity between h, and each reference
rq; € R4 using the ROSCOE encoder. Let e(x)
denote the normalized embedding of text . The
reference-level score is computed as the cosine
similarity between the generated text and the gold
reconstruction, rescaled to the interval [0, 1]:

1+ COS(e(Ti)ae(hd)).

2

The ROSCOE-SS score for a grouped validation
example is then the mean over all available non-
sentinel references:

s(ri, ha) =

ROSCOE-SS(d Z s(riy ha)-

r,€Rg

Examples whose reference set contains only the
sentinel token <NO_IMPLICIT> are excluded from
the ROSCOE-SS computation, since there is no
implicit text whose semantic content can be com-
pared. If the model generates the sentinel token for
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an example that has real implicit-text references,
the example receives a score of 0. Sentinel behavior
is evaluated separately by computing sentinel accu-
racy on examples whose majority label is none.

The ROSCOE-SS score for the validation fold
V' is then the mean over all scorable grouped vali-
dation examples:

1

ROSCOE-SS(V) = 77

> ROSCOE-SS(d),
dev’

where V' is the subset of grouped validation exam-
ples whose reference set is not sentinel-only. In
five-fold cross-validation, this score is computed
once per fold. The Optuna objective for BART dur-
ing HPO is the mean of the five-fold ROSCOE-SS
scores.
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