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Abstract

In this contribution, we present an introductory study on language credibility assessment via semantic attributes.
To check whether a given piece of news is legitimate or fake, one can verify its claims, or analyse the language.
We focus on the latter, employing the tools of machine learning. We construct a synthetic set of 30 semantic
attributes designed to categorise texts according to their credibility. Using the annotated dataset Verifee of
Czech news, these attributes are evaluated for each text in the dataset by a large language model, utilising its
capability to understand the context. The ability of the attributes to discriminate credible texts from the others is
measured by statistical means on a training dataset, and their weights are set accordingly. The final evaluation is
performed on a validation dataset. In addition to a higher accuracy achieved compared to a fine tuned LLM-based
classification, the interpretability of our classification approach is guaranteed since the set of attributes comes
from the natural language.

Keywords
Data mining, Fake news, Natural language processing, Quantitative linguistics, Text classification.

1. Introduction

In the world of unbounded communication possibilities, including social networks and various sources
of news, one can naturally ask the question: “Can I trust what I read (or see), or am I a subject of a
certain type of (un)intended manipulation?” “Is the text serious and credible, or is it imprecise and
misleading?” The topic of fake news definition, detection, and prevention is nowadays more relevant
than ever. Consider online scams, hybrid wars and Al-generated articles, or comments, etc. Moreover,
disinformation spread can be a challenge to the development of any region. Solving this challenge is
connected with a text classification task [1, 2, 3, 4] which constitutes a wide field of research. Responding
to a contemporary area of interest in fake news detection, we introduce a study that addresses the
question: “Is the text that I am reading substantially credible and objective, or is it guiding me toward a
certain interpretation?” Since the disinformation spread can be a challenge to the development of any
region, this question exhibits a high level of social relevance.

Instead of checking the factual truthfulness and validity of the claims, we focus on the language
used in the analysed texts itself. Semantic meaning of words is tightly connected with the meaning of
other words it appears together with in various contexts. This is the basic idea of (machine learning, or
statistical) text analysis that drives the well-established notion of word embeddings [5, 3].

In this contribution, we propose a text classification [1, 3, 4] framework that can be useful for
journalists, local authorities, educational institutions, etc. We represent input data by mining semantic
attributes that are typical for a certain communication style/purpose in Czech, ranging from credibility
(trustworthiness) to an (un)intentional manipulation. Then, we turn the unavoidable uncertainty of the
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natural language into well-interpretable classes. We adopt classes introduced in [6] which is a large
dataset of Czech news articles.

We introduce a credibility score designed to distinguish texts into two classes: positive (trustworthy)
and negative (dubious). We consider two independent scoring mechanisms. The first mechanism derives
a score from semantic attributes of the text described by natural language and evaluated within [0, 1]
scale by Large Language Models (LLMs) [7]. The second mechanism is a quantitative linguistic approach
based on linguistic morphology!, utilising attributes such as the relative frequencies of specific parts
of speech. Let us stress that linguistic morphology differs from mathematical morphology, and for
simplicity, we use just “morphology” later on.

In this contribution, we focus on the first scoring mechanism that uses semantic attributes. We
design a synthetic set of 30 semantic attributes and statistically evaluate their discriminative effect
to evaluate the credibility of the text. For each piece of text assessed, the relevant attributes are then
assigned values by an LLM, which serves as the basis for the proposed classification method. The
results are then compared with a baseline obtained with a fine-tuned LLM classification. Importantly,
the proposed classification method is easily interpretable thanks to the clearly defined meaning of the
semantic attributes.

2. Dataset Description

We use the Verifee dataset [6], which is a multimodal dataset of 10,197 Czech news articles with
trustworthiness annotations. The articles are sorted into five classes with the following quantities:
Credible (3,520), Partially Credible (2,574), Misleading (1,524), Manipulative (1,848), Unclassifiable (731).
Each class is defined by the positive aspects it contains and the negative aspects it can and cannot
contain. The dataset was created for the detection of fake news; the texts within it are categorised
based on their content and do not reflect the truthfulness or context of the reports. In this regard, it
differs from the fact-checking task. Note that manipulative texts often do not rely on verifiably untrue
facts; instead, they may suggest misinterpretations, overgeneralization, and similar tricks.

In this work, we propose the text credibility score based on two classes: the positive one joins the
Credible and Partially Credible texts while the negative one joins the Misleading and Manipulative texts.
In the rest of the paper, we work with these two classes only, and we ignore the Unclassifiable part of
the dataset. Furthermore, we divided the dataset (consisting of the two classes described above) into
two parts: training (70 %) and validation (30 %), while keeping the ratios of Credible/Partially Credible
and Misleading/Manipulative texts in both parts the same.

3. Methods

3.1. Semantic Attributes of the Context

The set of semantic attributes/features contains well-interpretable qualities of text content. These
qualities describe how the language approaches and presents facts, if it suggests certain opinions/emo-
tions/actions, etc., which can be assessed in the context of the text. In other words, these attributes are
not connected with the syntax of the language or other dictionary-deducible counts, but rather with
its semantics. Therefore, these qualities depend on understanding the text and are independent of the
particular language.

We considered typical features of manipulative discourse. We consulted the annotation guidelines of
[6] and the rhetorical conflict indicators identified in [8] to ground the selection in domain-informed
prior work. The proposed features should support a balanced framework (containing supposedly
positive, neutral, and negative features regarding the credibility of the text). The candidate list was
then reviewed to eliminate attributes that were redundant or too abstract for a consistent evaluation.

'Linguistic morphology studies the processes that create, modify, and relate word forms, making use of smaller units
(morpheme is the smallest unit with a meaning).



Table 1
Semantic attributes and their sample evaluation by the Gemini 3 Pro. Blue, resp. red colour denotes the attributes
with positive, resp. negative r,; ., while the attribute with insufficient statistical effect size is coloured black.

Aggressivity 0.44 || Emotional appeal 0.71
Ambiguity 0.31 || Evidence density 0.31
Anecdotal reliance 0.52 || Hedging appropriateness | 0.24
Balanced viewpoints 0.11 || Logical fallacy presence 0.44
Call to action 0.14 || Manipulative framing 0.82
Cherry picking 0.68 || Methodological clarity 0.11
Claim novelty 0.41 || Narrative coherence 0.81
Clickbaitiness 0.47 || Neutral register 0.21
Comparative framing 0.41 || Objectivity 0.11
Conspiracy cues 0.92 || Overgeneralization 0.58
Contextualization 0.44 || Readability clarity 0.78
Corroboration 0.24 || Source diversity 0.18
Counterfactual speculation | 0.38 || Specificity 0.58
Data transparency 0.08 || Temporal grounding 0.82
Deceptive statistics 0.18 || Unsupported causality 0.64

Each attribute is stated as a short natural-language definition so that both human annotators and
LLMs receive the same specification., e.g. “Objectivity — degree to which the text presents information
without advocating a particular side” and “Aggressivity — level of hostile, insulting, or attacking language
directed at people, groups, or ideas”. After removing duplicities and inconsistencies, the total number
of semantic attributes we work with is 30.

The attributes are described clearly, so that different people, as well as different LLMs, can understand
them. The full list of attributes, together with their sample evaluation (see Section 3.2) is in Table 1, and
their description can be found in Appendix A.

3.2. Semantic Credibility Score

In this section, we discuss the semantic credibility score supervised by the training dataset in a way
that we propose. For each input text sample, the 30 semantic attributes were assigned numerical
values in [0,1] by the LLM Gemini 3 Pro (provided by Google, January 2026, https://ai.google.dev).
The full prompt description is in Appendix A. To verify that the LLM evaluations are trustworthy,
we computed inter-model agreement by independently evaluating a stratified sample of 200 articles
with two additional LLMs (GPT-40 and Claude 3.5 Sonnet). Intraclass correlation coefficients (ICC)
across the three models range from 0.71 to 0.89 depending on the attribute, indicating good consistency,
comparable to inter-annotator agreement reported for similar tasks in sentiment analysis [4]. This
supports the claim that the LLM signal is consistent enough to be informative.

Then, we carried out a non-parametric comparison test (Mann-Whitney) to delineate in which
attributes the two classes differed statistically significantly. For each attribute a, let n, and n_ denote
the numbers of training texts in the positive and negative class, and let U, , be the Mann-Whitney U
statistic computed for the positive-class sample. To ensure robustness, the effect size for an attribute a
was measured using rank-biserial correlation

2, +

nyn_

-1. (1)

Trba =

Only attributes with a non-negligible effect size on the class distinction |, 5| > 0.2 were retained.
In addition, the weights w, of the attributes in the final score (2) were given by the values of 7, ,.
Importantly, the values of r,;, , were calculated only from the training dataset.

All 30 attributes showed statistical significance, and 29 of them were retained, as they proved
to hold the substantial effect size. We took 15 attributes that were initially found negative (with
ba € [—1,-0.2)) and transformed them into their negations, without changing their weights: a’ = —a,
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a’(t) = 1 — a(t), where a(t) is the evaluation of the attribute a for text ¢ provided by the Gemini LLM. In
this way, we created the set Ag that contains 14 positive (with w, =}, , € (0.2, 1]) and 15 negative (with
W, = Ihpq € [—1,-0.2)) attributes. The subsets of positive and negative attributes of Ag are denoted by
AJ and Aj, respectively. For any text t, a(t) € [0, 1] where the boundary points of the scale denote the
total absence/presence of a certain quality, which justifies the correctness of the preprocessing negation.
The semantic credibility score CSs € [—1, 1] for the text ¢ is given by

Z W a(t) z Wy a’(t)
aEAE acAg

Y w % [l

acA} acAs

CSs(t) = ()

Finally, we assign the text to the negative class (Misleading/Manipulative) if CSg(t) € [—1,0), and to
the positive class (Credible/Partially Credible) if CSs(¢) € (0, 1].

4. Results

The validation dataset was used to test the credibility score (and the subsequent classifier) on texts
that were not used for the weight extraction. Original publications [6, 9] introducing the Verifee
dataset present only fine-grained classification into four classes, reporting the best F1 score of 0.53 with
fine-tuned contemporary sequence-to-sequence LLMs. There is no public, ongoing online leaderboard
suite for this dataset, and neither we are aware of other benchmark results on it. Following thoughts in
[10], it can only be estimated that the binary classification F1-score using the same models could reach
the 0.71 to 0.76 range. Therefore, we established our own binary classification baseline, described in the
next subsection.

4.1. Baseline Results

To obtain baseline classification results, we sought a powerful open-source model that allowed full
control over the fine-tuning process. After some preliminary tests, we chose the largest model of the
Gemma-4 family, namely Gemma-4-31B2, and fine-tuned it on the training set using the LoRA regime.
The accuracy obtained in the validation set was 0.77 and the balanced accuracy 0.73. Full metrics are
displayed in Table 2.

Table 2

Baseline classification results produced by the fine-tuned LLM Gemma-4-31B.
Class / Avg. Precision Recall Fl-score
Credible or Partially Credible 0.80 0.85 0.82
Manipulative or Misleading 0.69 0.62 0.65
Macro avg 0.75 0.73 0.74
Weighted avg 0.76 0.77 0.76

4.2. Classification Based on Semantic Attributes

The technique based on semantic attributes and detailed in Section 3.2 achieved accuracy 0.82 and
balanced accuracy 0.77 on the validation dataset. Detailed metric results are described in Table 3. For
completeness, we also mention results obtained on the training dataset: accuracy = 0.83 and balanced
accuracy = 0.80.

To support the deeper understanding of classification quality, we include the following error analysis.
For each class, we select all misclassified texts and compute the absolute differences of their semantic
scores from the decision threshold. See the histograms in Figure 1. Considering high recall for Credible

*https://huggingface.co/google/gemma-4-31B-it
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Table 3
Classification results obtained by using semantic attributes described in Section 3.2.

Class / Avg. Precision Recall Fl-score
Credible or Partially Credible 0.81 0.93 0.87
Manipulative or Misleading 0.82 0.62 0.71
Macro avg 0.82 0.77 0.79
Weighted avg 0.82 0.82 0.81
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Figure 1: Error analysis of misclassified texts based on absolute differences of the semantic score from the
threshold 0.

or Partially Credible texts (Table 3) together with histogram 1a, we see that the proposed classifier is
not only highly sensitive in detecting positive instances, but also exhibits low-confidence errors in
the substantial part of misclassified ones. On the other hand, histogram 1b shows that misclassified
instances of Manipulative or Misleading texts often exceed the threshold by a wide margin. This
imbalance is interesting since precisions for both classes are almost identical.

The results show that the proposed set of semantic attributes improves the score of text classification
into positive (Credible/Partially Credible) and negative (Manipulative/Misleading) classes beyond
the level of pure LLM-based prediction. Moreover, it illustrates that the proposed scores support
a meaningful classification with certain limitations. These include for example, using a decision
threshold 0 to classify the texts into both classes (can be fine-tuned, e.g., to maximise F-1 score, or
balanced accuracy), or not exploring inter-correlations and redundancies within the subsets of attributes
(positive and negative).

5. Conclusions

The topic of fake news detection is currently more socially significant and relevant than ever. In this
contribution, we present a novel two-phase approach to text credibility assessment, coupling large
language model(s) evaluating a set of well-interpretable semantic attributes from the evaluated texts,
followed by a statistical analysis of the results using a set of trained weights. This results in a credibility
score that was shown to have a significant discriminative power between the classes of trustworthy
and dubious news articles from the Verifee dataset. Apart from improving the accuracy beyond the
level of pure LLM-based text classification, this two-phase approach also ensures clear interpretability
of the results as the semantic attributes we use have well defined meanings.

Further research includes, e.g., the study of the complementary morphological scoring mechanism
of texts, comparison and verification of both approaches on other datasets, evaluation of semantic
attributes with the help of locally running open-source LLMs (to avoid proprietary LLM costs and
also because the data might be sensitive), and also more advanced methods of analysis of the obtained



semantic/morphological scores.
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A. Prompt for Gemini 3 Pro — Evaluation of Attributes

You are an analytical language model.
The input texts are written in Czech.
The evaluation characteristics are written in English.

Task:
For EACH input text, independently produce APPROXIMATE estimation of how strongly it matches
EACH characteristic.

Accuracy requirements:

- Approximate scores are acceptable

- Minor errors (e.g. 0.53 instead of 0.58) are acceptable
- Completeness is the priority

Scoring rules:

- Use numeric values from 0.00 to 1.00

- Always output a value for every characteristic

- If unsure, give a reasonable mid-range estimate (e.g. 0.40-0.60)
- Do NOT omit any characteristic

Output rules:

- Output ONLY valid JSON

- No explanations, no comments

- Use Text_ID as top-level keys

- Each Text ID MUST contain ALL characteristics

NUMERIC FORMAT ENFORCEMENT (CRITICAL):

- Every score MUST be a decimal number with EXACTLY two decimal places
- Valid examples: 0.00, 0.37, 0.52, 0.73, 1.00

- Invalid examples: 0.5, 1, 0, .75

- Always include the second decimal digit

CONSISTENCY & COMPLETENESS:

- Do NOT simplify or round values to coarse steps

- Do NOT reduce numeric precision to speed up

- Missing, null, or non-numeric values are NOT allowed

- Even under uncertainty, output a numeric value with two decimal places

Scale usage requirement:

- Use the FULL continuous range from 0.00 to 1.00

- Avoid default or typical values such as 0.50, 0.60, 0.75, 0.90 unless clearly justified
- Prefer fine-grained distinctions (e.g. 0.18, 0.33, 0.47, 0.62)
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- Treat the scale as truly continuous, not categorical
- 0.00 = the characteristic is completely absent in the text
- 1.00 = the characteristic is strongly and clearly present throughout the text

Characteristics:

Aggressivity — Level of hostile, insulting, or attacking language directed at people, groups, or
ideas. Ambiguity — Degree to which key claims are vague, underspecified, or open to multiple
interpretations. Anecdotal reliance — Degree to which single anecdotes or isolated stories are used
as primary evidence for general claims. Balanced viewpoints — Degree to which multiple relevant
perspectives or counterarguments are acknowledged and represented. Call to action — Presence and
strength of direct or implied imperatives urging the reader to act, share, or adopt a stance. Cherry
picking — Extent to which the text selectively presents evidence that supports a claim while ignoring
contradictory data. Claim novelty — Degree to which the text asserts new or surprising claims that
lack prior corroboration. Clickbaitiness — Extent to which headlines or lead sentences overpromise,
omit key facts, or create curiosity gaps to lure clicks. Comparative framing — Extent and fairness of
comparisons used to contextualize claims (relative metrics, baselines, counterfactuals). Conspiracy
cues — Presence of language implying secret plots, hidden agendas, or coordinated coverups without
credible evidence. Contextualization — Extent to which facts are placed within time, location, scope, or
causal background that explains relevance. Corroboration — Extent to which claims are supported by
multiple independent pieces of evidence or sources. Counterfactual speculation — Use of hypothetical
or “what if” constructions presented in ways that may be mistaken for fact. Data transparency —
Presence and clarity of raw numbers, units, denominators, dates, or direct data excerpts. Deceptive
statistics — Degree to which numbers are presented in misleading ways (missing denominators,
misleading baselines, selective scaling). Emotional appeal — Degree to which language explicitly
targets readers’ emotions (fear, anger, pity) to influence belief. Evidence density — Proportion of
factual claims that are accompanied by explicit supporting facts, figures, or named sources. Hedging
appropriateness — Use of calibrated language (e.g., “suggests”, “may”, “preliminary”) when uncertainty
exists. Logical fallacy presence — Frequency and strength of identifiable fallacies (false cause, straw
man, hasty generalization). Manipulative framing — Use of loaded metaphors, selective comparisons,
or omission intended to steer interpretation. Methodological clarity — How clearly the text explains
how conclusions were reached (methods, sample, timeframe, limitations). Narrative coherence —
Consistency of the explanatory story or causal chain across the text without internal contradictions.
Neutral register — Proportion of language that is formal, informational, and non-expressive rather
than sensational or emotive. Objectivity — Degree to which the text presents information without
advocating a particular side. Overgeneralization — Extent to which the text extrapolates from limited
data to broad universal claims without qualification. Readability clarity — How easy the text is to follow
logically and linguistically (sentence structure, coherence, flow). Source diversity — Number and variety
of independent source types cited (academic, official, NGO, eyewitness, industry). Specificity — Degree
to which claims use concrete, precise terms (names, dates, exact figures) rather than vague descriptors.
Temporal grounding — Degree to which claims and data are anchored to explicit dates, timeframes, or
recency indicators. Unsupported causality — Strength of causal claims that lack adequate evidence or
confounder discussion (claiming cause from correlation).
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