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Manual and automatic verification of the trustworthiness of information is an important
task. Knowing whether the author of a statement was an eyewitness to the reported event(s) is a
useful clue. In linguistics, such information is expressed through “evidentiality”. Evidentials are
especially important in Bulgarian, as Bulgarian journalists often use a specific type of evidential
(“renarrative”) to report events that they did not directly observe, nor verify. Unfortunately,
there are no automatic tools to detect Bulgarian renarrative. This article presents the first
two automatic solutions for this task. Specifically - a fine-tuned BERT classifier (renarrative
BERT detector, BGRenBERT), achieving 0.98 Accuracy on the test split, and a renarrative rule-
based detector (BGRenRules), created with regular expressions, matching a parser’s output.
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Both solutions detect Bulgarian texts containing the most frequently encountered forms of
renarrative. Additionally, we compare the results of the two detectors with the manual
annotation of subsets of two Bulgarian fake text datasets. BGRenRules obtains substantially
higher results than BGRenBERT. The error analysis shows that the errors from BGRenRules
most frequently correspond to cases in which humans also have doubts. The training dataset
(BgRenData), the annotated dataset subsets, and the two detectors are made publicly accessible
on Zenodo, GitHub, and HuggingFace. We expect that these new resources will be of invaluable
assistance to 1) Bulgarian-language researchers, 2) researchers of other languages with similar
phenomena, especially those working on verifying information.

Keywords: evidentiality, Bulgarian, renarrative, fine-tuned BERT classifier, Python,
annotation

1. Introduction

Verifying the trustworthiness of information and automatically detecting factually incorrect
information has become a topic that in the past few years attracted more attention (Guo
et al. 2020; Shu et al. 2017; Das et al. 2023). We define “factually incorrect information” as
information which contradicts the facts. It is considered that there are different types of
factually incorrect information. “Misinformation” refers to factually incorrect information
that is not intended to cause harm, while “disinformation” is factually incorrect information
that is spread with the intention to deceive, and to cause harm'; “malinformation” is
called information that stems from the truth, but is often exaggerated in a misleading way
(Newman 2021; Wardle et al. 2018). In this article, we address all these three types of factually
incorrect information and focus on the information’s trustworthiness or reliability.

There are various automatic methods for verifying the trustworthiness of textual
information. Depending on where it appears (for example in news media or social media), it
may be verified by one or a combination of more than one from the following methods:
using specific linguistic features (Dinkov, Koychev, and Nakov 2019; Atanasova et al.
2019; Zhou and Zafarani 2020), matching statements to databases of fact-checked claims
(Panchendrarajan and Zubiaga 2024; Hangloo and Arora 2023), using social network-
specific features (Rani, Das, and Bhardwaj 2022; Santhosh, Cheriyan, and Nair 2022) such
as the popularity of the author, the number of likes, reposts, and comments.

Knowing whether the author of a news article or a social media post has been a
witness to the information shared in the text, can help to verify the trustworthiness
of the reported information (Grieve and Woodfield 2023). This knowledge is usually
expressed linguistically by “evidentiality”. The linguistic expressions of evidentiality are
called “evidentials”. Evidentials have been already used in natural language processing
(NLP) for text trustworthiness detection (Su, Huang, and Chen 2010; Su, Chen, and Huang
2011) for other languages, but not for Bulgarian. The evidentials in Bulgarian language

1 https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=C0OM%3A2020%3A790%3AFIN&qid=
1607079662423
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are four - indicative, conclusive, renarrative, and dubitative. When using renarrative, the
speaker reports something which he did not witness, without assessing whether the source
is reliable or not (Nitzolova 2008).

Margova (2023) found that the form of Bulgarian evidential, called “penapatus” (in En-
glish “renarrative”) is most frequently used by Bulgarian journalists in one of two situations:
1) when journalists are unsure of the reliability of the information and want to put distance
between themselves and their statement; and 2) in news articles that have been flagged as
misleading by independent fact-checkers. In fact Renarrative is used in Bulgarian when the
speaker/author wants to transmit information provided by a third party without expressing
the knowledge and views of the speaker/author. In this way, the speaker/author does not
express doubt, nor guarantee the truthfulness of the reported information. Additionally,
he/she shows that the responsibility for the reliability of the reported information belongs
to its source and depends on the interpretation of the recipient of the information (Nitzolova
2008; Margova 2023).

Due to these useful characteristics, the automatic detection of the Bulgarian “renar-
rative” can be an important additional linguistic cue for verifying the trustworthiness of
information. We hypothesized that since renarrative is expressed morphologically through
specific verb forms, it should be detectable by syntactic parsers or Part-of-Speech (POS)
taggers. For this reason, we reviewed several publicly available Bulgarian Natural Language
Processing (NLP) tools (see Section 2 for details). Unfortunately, we discovered that none
of them was explicitly designed for detecting evidentials.

In this article, we propose the first automatic solutions to detect renarrative in Bulgarian
texts. Our solutions include a fine-tuned BERT classifier (the renarrative BERT detector,
BGRenBERT) and a renarrative rule-based detector (BGRenRules). Both detectors recognize
when a short text or a sentence contains at least one form of renarrative. As the forms of
renarrative often match the forms of other Bulgarian verb forms, our solutions detect only
the renarrative forms which are pointed by an expert to be the most frequent ones, and
also those which are the easiest to be automatically distinguished. The article describes the
methods followed for fine-tuning the model and adapting the rule-based detector to reach
the best results. We also report the performance results and an error analysis of comparing
the performance of the two detectors on manually annotated subsets of two Bulgarian fake
text datasets (Hardalov, Koychev, and Nakov 2016; Nakov et al. 2022).

In summary, our contributions are the following:

. a new machine learning (ML) text classifier and a rule-based detector for
detecting texts with at least one of the most frequent forms of Bulgarian
renarrative;

. a new text dataset used for fine-tuning BGRenBERT and adjusting BGRen-
Rules to recognize the correct renarrative forms (BGRenData);

. manually annotated subsets of two Bulgarian fake texts datasets;

+ linguistic insights about the presence of renarrative in these datasets.
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All these resources are publically shared on Zenodo, GitHub, and HuggingFace to
increase their visibility to the research community. We believe that our work will be very
useful to Bulgarian linguists and other researchers working on similar topics.

The next sections include: Section 2 presents the linguistic theory about evidentiality
and relevant related work, Section 3 explains which forms of renarrative we detect, Section
4 describe all the datasets used, Section 5 provides details about the two detectors, Section
6 contains the results of the comparison of the two methods on the manually annotated
dataset subsets and an error analysis. Section 9 contains our planned future work and the
conclusions, Section 7 discusses the ethical and legal considerations, Section 8 presents
this work’s limitations, and finally, Section 10 lists the authors’ contributions and the
acknowledgements.

2. Linguistic Theory and Related Work

In this section, we provide a short theoretical overview of evidentiality and present the
work most relevant to ours. We consider the works most similar to ours those which
automatically detect Bulgarian evidentials, and those which use evidentials for verifying
texts’ trustworthiness.

2.1 Evidentiality

Evidentiality is the grammatical expression of the information source, and usually assists
in distinguishing whether the speaker witnessed the reported information, was told about
it by somebody else, or, for example, inferred it based on common sense (Aikhenvald 2004,
2015). Evidentiality can express the source of the knowledge and the subjective certainty
of the speaker about the truthfulness of the statement (Ifantidou 2001; Mushin 2000). The
following two examples taken from (Su, Huang, and Chen 2010) show some evidentiality
differences in English:

. It must be raining.
. I can see it raining.

According to researchers of this phenomenon (Aikhenvald 2015; Jackobson 1957), evi-
dentiality exists in every language, but it can be expressed differently (for example morpho-
logically or lexically) (Su, Huang, and Chen 2010).

2.2 Evidentiality in Bulgarian

In Bulgarian (Nitzolova 2008) evidentiality expresses the four combinations of the presence
or absence of two aspects:

. a subjective view toward the reported information;
+  transmitting somebody else’s information.

The Bulgarian evidential system includes the following evidentials:
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. Indicative (the main evidential - when the speaker is a witness of what he or
she reports as information);

. Conclusive (when the speaker makes conclusions, based on the information);

. Renarrative (when the speaker re-transmits the information without saying
if it is true or false);

. Dubitative (when the speaker expresses doubt about the information);

. Admirative (when the speaker admires the information) (Karagjosova 2021).
*Some authors don’t see admirative as an evidential, but here we accept it as
a part of the evidential system in Bulgarian.

Bulgarian evidentials are expressed morphologically through the forms of verb tenses.
Bulgarian language has nine tenses. See below examples of the verb “numia”, with their
translations into English (“to write”):

Present tense (praesens) “numa” (“I am writing, [ write”), aorist "as mucax” ( I wrote),
imperfect past tense (imperfectum) “mmemre” ( “I was writing”), perfect (perfectum)
“mucan cem” (“T wrote”), pluperfect (plusquamperfectum) “nucan 6ax” ( “T have written”),
future tense (futurum) “ure nume” (“I will write”), future perfect tense (futurum exactum)

“we e/6bae nucan”, (“will have written” and “will have been writing”), future in the past
tense (futurum praeteriti) “msax ma muma” (“I was going to write”, “I would have written”),
future perfect in the past (futurum exactum praeteriti) “max ma cpm / na 6paa nucan” (“I

» G

would have written”, “I would have been writing”, and “I would have had written”).

The most important feature of the indicative in modern Bulgarian is the fact that the
past tenses (aorist, imperfectum, plusquamperfectum, futurum praeteriti, futurum exactum
praeteriti) implicitly indicate that the speaker witnessed the reported event(s). These tenses
in indicative can only be used if the speaker is a witness or if the speaker presents himself
as a witness (Aleksova 2024).

2.3 Automatic Methods

It was already shown that evidentiality improves automatic text trustworthiness detection
when used as additional features to an English-language machine learning model (Su,
Huang, and Chen 2010).

According to our knowledge, there are no works which automatically detect Bul-
garian evidentials. As already mentioned in Section 1, we ran an extensive analysis of
automatic tools for Bulgarian and none of them was detecting evidentials. The summary of
our analysis can be seen in Table 1.
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Table 1: Overview of Existing Bulgarian POS Taggers and Parsers and
their Support of Evidentials

Name Supports Evidentials | Comments

SketchEngine  (Kilgarriff No Evidentials not included in

et al. 2014) the tagset

AMontgomerie / bulgarian- No Relying  on  Universal

nlp (Montgomery 2023) Dependencies, only
Part-of-Speech (POS),
no  grammatical tags,
but  supports  Named
Entity Recognition (NER),
sentiment analysis, etc.

polyglot (Al-Rfou 2015) No Relying on Universal De-
pendencies, only POS, no
grammatical tags, but sup-
ports NER

UDPipe, Universal Depen- No https://

dencies 2.15, Deep Universal universaldependencies.org/

Dependencies 2.8, Univer- ext-feat-index.html, https:

sal Dependencies 2.5 Mod- //ufal.mff.cuni.cz/udpipe

els for UDPipe, Universal

Dependencies 2.4 Models

for UDPipe (Straka 2018)

iarfmoose/roberta- No Relying on Universal De-

small-bulgarian-pos pendencies

(Montgomerie 2021b)

iarfmoose/roberta- No Relying on Universal De-

base-bulgarian-pos pendencies

(Montgomerie 2021a)

CLASSLA Fork of the Of- No Relying on Universal De-

ficial Stanford NLP Python pendencies

Library for Many Human

Languages (CLASSLA 2021;

Ljubesi¢, Tercon, and Do-

brovoljc 2024)

GATE: Universal No Relying on Universal De-

Dependencies POS Tagger pendencies

for bg / Bulgarian (Roberts

2020)

LIMA - Libre Multilingual No Not supporting morpholog-

Analyzer (LIMA 2021)

ical features
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Table 1 - Continued from previous page

Name Supports Evidentials | Comments

NLP Cube (Boros, No Relying on Universal De-

Dumitrescu, and Burtica pendencies

2018)

Noo]J (Silberztein 2005) No Evidentials not included in
the tagset

RNNTagger (Schmid 2019) No Only Linux supported, only
POS tagger

spaCy (Honnibal et al. 2020) No No information in the doc-
umentation about Bulgar-
ian, but claimed support of
Macedonian

Sparv (Borin et al. 2016) No TreeTagger integrated for
Bulgarian (see row 18) (rely-
ing on Universal Dependen-
cies), working with Stanza
for POS and lemmatization,
best for Swedish and En-
glish

Stanza (Qi et al. 2020) No Relying on UniversalDe-
pendencies

Text Tonsorium (Jongejan No Relying on Universal De-

2020) pendencies

TreeTagger - a part-of- No Based on the BulTreeBank

speech tagger for many tagset, only finite

languages (Schmid 1994) indicative recognized

(http://bultreebank.org/
wp-content/uploads/2017/
06/BTB-TRO3. pdf)

UniMorph - Schema and
datasets  for  universal
morphological annotation
(Sylak-Glassman 2016)

No information®

Supporting over 212 fea-
tures, including evidential-
ity, need to check for Bul-
garian, might rely on Uni-

versalDependencies
melaniab / spacy-pipeline- No Supports morphological
bg (Berbatova and Ivanov features, relying  on

2023)

UniversalDependencies
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Table 1 - Continued from previous page

Name Supports Evidentials | Comments

Bulgarian NLP pipeline in No Based on the BulTreeBank

CLaRK System (BTB-Pipe) tagset, only finite

(BulTreeBank) indicative recognized
(http://bultreebank.org/
wp-content/uploads/2017/
06/BTB-TRO3.pdf)

The CLASSLA-Stanza No A version of Classla

model for morphosyntactic from 2023 based on the

annotation of standard MULTEXT-East tagset

Bulgarian 2.1 (Tercon et al.

2023)

wietsedv/xlm-roberta-base- No Relying on UniversalDe-

ft-udpos28-bg (de Vries pendencies

2021; de Vries, Wieling, and

Nissim 2022)

KoichiYasuoka/bert- No Relying on UniversalDe-

base-slavic-cyrillic-upos pendencies

(Yasuoka 2021a)

KoichiYasuoka/bert- No Relying on UniversalDe-

large-slavic-cyrillic-upos pendencies

(Yasuoka 2021b)

rmihaylov/bert-base-pos- No Only POS tagger

theseus-bg (Mihaylov

2023)

bgnlp (Fauzi 2021) No information® Supports  lemmatization,
NER, POS and morpho-
logical features tagging,
keyword extraction and
commatization; the POS
and morphological features
model is trained on the
Wiki1000+ dataset

AzBuki.ml (Cholakov) No Evidentiality not included

in the tagset

68
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3. Detected Forms of Bulgarian Renarrative

The renarrative in Bulgarian has the peculiarity of having homonymous forms with other
evidentials and tenses. Due to this, its recognition often depends only on the context
and the interpretation. The present and imperfect forms of renarrative match the forms
of the conclusive imperfect, with a difference in the third person. The forms of present
and imperfect have the same form as a specific form of the indicative perfect - when the
third person form of the auxiliary verb be is omitted. The forms of the dubitative aorist are
homonymous with renarrative perfectum/plusquamperfectum. The present tense form of
the admirative is the same as the present form of the renarrative.

Due to this homonymy, we focus on the forms of renarrative which can be recognised
more easily, namely those of the third-person singular and the third-person plural. To
achieve that, some of our datasets are from journalistic headlines where renarrative is
usually in the third person. We did not work with the forms of the auxiliary verb be (in
Bulgarian c¢»M), which has high homonymy with other evidentials.

Table 2 shows the forms which we detect for the Bulgarian verb “mocs” (English
translation: “to bring, to carry”).

Tense Forms
HOCEeJ,-a,-0 ChbM
Present/Imperfect Hocel,-a,-0 [empty]
OMJI CBM HOCHIL,-a,-0
Perfect/Pluperfect 6un [empty] HOCWI,-a,-0
HOCIIL,-a,-0,ChbM
Aorist [empty] HOCWI,-a,-0
II51JT,-2,-0 CbM [1a HOCS
Renarrative futurum/futurum praeteriti usL,-a,-0 [empty] ma HoCH
1II41,-2,-0 CbM Aa ChM HOCILL-a,-0
Futurum exactum/Futurum exactum praeteriti LII5101,-2,-0 A € HOCIJL,-a,-0

Table 2
Automatically detected forms of renarrative (examples, taken from Nitzolova (2008).)

Finally, we made sure that the forms which we aimed to detect are important in the
Bulgarian world of news media. We assured this by consulting one of this article’s co-
authors, who has a long experience in Bulgarian news media.

4. Datasets Used

In this section, we first (in Section 4.1) introduce the text dataset which we built for training
BGRenBERT and testing and modifying the BGRenRules. Next, we describe the datasets
(Section 4.2) on which we compared the results of the two methods with manual annotation.
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4.1 BgRenData - Dataset Used for Preparing the Automatic Solutions

As our work is connected to detecting factually incorrect information, we focus only on the
two most frequently considered types of texts in this domain — namely, news articles and
social media texts.

For training BGRenBERT and testing and modifying the BGRenRules, we have created
a special dataset (BgRenData) of 2891 short texts, half of which contained renarrative, and
half did not contain renarrative. The texts were a mixture of news article titles, short social
media posts, and ChatGPT-generated sentences. Table 3 shows the contents of this dataset.
The news article titles came from two sources: a random selection of funny/fake titles with
a variety of topics from Hardalov (Hardalov, Koychev, and Nakov 2016)’s Credible News
dataset; and a compilation of news article titles with renarrative taken from (Margova 2023).
Originally, the Credible News dataset contained credible and fake news. We selected only
the fake news subsets for our analysis. Specifically, they came from:

1. The Bulgarian website with humorous news Ne!Novinite* (translation into
English: “No!News”), containing topics such as politics, sports, culture, world
news, horoscopes, interviews, and user-written articles;

2. The blog website Bazikileaks®, containing fictitious blogs;

3. The Bulgarian news media bTV humorous (Duplex) Lifestyle subsection®.

The social media posts were also a random selection of posts with various topics
from Temnikova et al. (2023)’s datasets. These datasets were originally selected to contain
keywords related to manipulation, lies, and similar topics.

One of our linguists used ChatGPT 3.5 to generate a selection of sentences, containing
3rd person singular and plural forms of renarrative from those in Table 2. We restricted the
generation to 3rd person singular and plural because these are the most frequent forms of
renarrative in news, according to our colleague Ruslana Margova.

Each text in the dataset was selected in a way to contain at least one form of renarrative
from those in Table 2. We did not count their numbers per text, as the task of both our
solutions was only to identify the texts which contained at least one renarrative form.
BGRenData is available in Zenodo’, Github®, and HuggingFace® with the license Creative
Commons Attribution-NonCommercial 4.0 International (CC BY-NC 4.0), due to containing
tweets and as required by Temnikova’s datasets (Temnikova et al. 2023).

4 https://www.nenovinite.com/

5 https://neverojatno.wordpress.com/

6 https://www.btv.bg/lifestyle/all/

7 https://zenodo.org/records/15871397

8 https://github.com/silviavg/bg- renarrative

9 https://huggingface.co/datasets/gate-institute/BGRenData
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Class Sources and Counts
All Sources News Articles Titles ChatGPT Social Media
Counts Type Counts | Type | Counts Counts
Renarr. All 998
1445 Margova (2023) 377 Sg. 843 70
PL 155
All 1036
No Renarr. 1446 Hardalov, Koychev, and Nakov (2016) 375 Sg. 845 35
PL 191
Both 2891
Table 3

BGRenData - the dataset used for training and testing BGRenBERT and BGRenRules.

4.2 Analyzed Existing Datasets

To compare BGRenBERT with BGRenRules, we used subsets of two publicly accessible
datasets with Bulgarian texts, used in NLP methods for fake news detection. The datasets
contained the two types of texts of our interest: news article titles and Twitter posts. Specifi-
cally, we used the fake news titles subsets of Credible News (Hardalov, Koychev, and Nakov
2016) (already introduced in Section 4.1) and the Twitter posts dataset, provided for the 2022
Conference and Labs of the Evaluation Forum (CLEF) CHECK-THAT! Lab!?, TASK 1D. CLEF
2022 Check-That! Lab Task 1 (Nakov et al. 2022) included Bulgarian and required to predict
which Twitter posts are worth fact-checking, with topics related to COVID-19 and politics.
We decided to include in the analysis only the tweets from Task 1D “Attention-worthy
tweet detection”: Given a tweet, predict whether it should get the attention of policymakers
and why. The tweets from Task 1D were annotated with 5 classes: harmful (333 tweets),
yes_discusses_cure (79 tweets), yes_blame_authorities (51 tweets), yes_discusses_action_taken
(25 tweets), and no_not_interesting (3186 tweets). To limit manual annotation efforts, we
excluded the last category. We refer to the obtained in this way dataset as CT1D.

Before starting manual annotation, we first preprocessed Hardalov’s datasets by:

. removing the titles, used in the training dataset, described in Section 4.1.

. after removing the training titles we were left with only 6 titles from bTV
Lifestyle. As they were too few for a meaningful comparison with the Bazik-
ileaks and Ne!Novinite, we removed all bTV titles.

«  leaving only one example from two sets of titles, which were almost com-
pletely identical, but differing by a date and/or a person’s name. See Examples
1 and 2 below:

10 https://checkthat.gitlab.io/clef2022/

71



Temnikova et al. Automatic Detection of the Bulgarian Evidential Renarrative

Example 1 (Highly similar titles 1)

“Tlerbuen onTumussM ¢ Pocen IlieBuennes - 30.08”;
“Tlerbuen omTuMussM ¢ Anexcaaasp Tomos - 04.04”
Translations into English:

“Friday optimism with Rosen Plevnevliev - 30.08”;
“Friday optimism with Alexander Tomov - 04.04”

Example 2 (Highly similar titles 2)
“Cenmuuen He!xopockor: 21.01-27.017;
“Cepmuuen ue!xopockor: 07.01-13.01”
Translations into English:

“Weekly no-horoscope: 21.01-27.017;
“Weekly no-horoscope: 07.01-13.01”

We refer to the resulting dataset as CNClean, to its Ne!Novinite’s subset as CNCleanN and
to the Bazikileaks subset as CNCleanB.

Next, we manually annotated all the datasets for the presence of the forms of renarrative
in Table 2. Annotation was done by two Bulgarian linguists (co-authors of this article). The
annotators had to assign the category “renarrative” if the text contained at least one of the
forms in Table 2, and “No renarrative” if it did not contain any of these forms.

The cases in which they did not agree or had doubts about were resolved in a discussion
with a third Bulgarian linguist (also co-author of this article).

Table 4 summarizes the number of texts per dataset and how many of them were
manually annotated as Renarrative and No renarrative.

As it can be seen, CT1D contains fewer tweets with renarrative (17 texts or 3.48% from
488 texts) than the CNClean (447 texts, or 8.55% from 5230 texts in total). Specifically,
CNCleanN contain the highest number of titles with renarratives (438 texts or 9.57% from
the total of 4579 texts). The class “yes discusses action taken” from CT1D, instead, contains
0 texts with renarratives.

Classes and Counts
Datasets Subsets Ren. | NoRen. | AT
CNCleanB 9 642 651
CNClean CNCleanN 438 4141 4579
all the above 447 4783 5230
“harmful” 9 324 333
“yes discusses cure” 2 77 79
CT1D “yes blames authorities” 6 45 51
“yes discusses action taken” 0 25 25
all the above 17 471 488

Table 4
Counts of all items in the CNCleanB, CNCleanN, and CT1D datasets, including counts of the texts
annotated as containing “renarrative” and “no renarrative”.
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Class \ Acc. \ Recall \ Precision \ F1-Score
Dev Split Results
All 0.98
Renarr. 0.99 0.97 0.98
No Renarr. 0.97 0.99 0.98
Test Split Results
All 0.98
Renarr. 1.00 0.97 0.98
No Renarr. 0.97 1.00 0.98

Table 5
Results of BGRenBERT on BGRenData splits.

CNCleanB, CNCleanN, and CT1D are available in Zenodo!'. The datasets are shared
with the same license as the original Hardalov’s datasets (Hardalov, Koychev, and Nakov
2016), and due to the fact that they contain tweets (Creative Commons Attribution-
NonCommercial 4.0 International - CC BY-NC 4.0).

5. Automatic Detection Methods
5.1 BGRenBERT

To create BGRenBERT, we fine-tuned BERT-WEB-BG-CASED"? with the BGRenData
dataset, described in Section 4.1. We split BGRenData into train, dev, and test sections with
the following proportions: 80, 10, 10. The number of training epochs was 5. For the rest of
the hyperparameters, we used their default values. We made sure that all targeted forms
appeared in all the splits, however they did not have equal distributions. All three splits
contained 50% of texts with one or more forms of renarrative and 50% of texts with no
renarratives.

Table 5 shows the results of the classifier. As the dataset is balanced for the presence of
renarrative or not, but not balanced regarding the number of forms, we report both Accuracy
and F1-scores.

5.2 BGRenRules

We compared BGRenBERT with a BGRenRules which used regular expressions on the top
of Classla’s output (BGRenRules). The regular expressions covered all renarrative forms in
Table 2 and were built after consultations with all three Bulgarian linguists, who are co-
authors of this article. The dataset used for training the classifier (BGRenData) was also

11 https://zenodo.org/records/15882529
12 https://huggingface.co/usmiva/bert-web-bg- cased.
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Dataset \ Prec. \ Rec. \ Acc. \ F1-Score
BGRenBERT

CNClean 0.714 | 0.846 | 0.958 0.774
CNCleanB | 0.127 | 1.000 | 0.905 0.225
CNCleanN | 0.806 | 0.842 | 0.965 0.824

CT1D 0.292 | 0.824 | 0.924 0.431
BGRenRules
CNClean 0.958 | 0.928 | 0.990 0.943
CNCleanB | 0.583 | 0.778 | 0.989 0.667
CNCleanN | 0.969 | 0.931 | 0.991 0.949

CT1D 0.500 | 0.882 | 0.965 0.638

Table 6
Results of BGRenBERT and BGRenRules on CNClean, CNCleanB, CNCleanN, and CT1D.

used to recursively test and refine BGRenRules. For BGRenRules we used all three splits
of BGRenData. We expected that BGRenRules would give better results as it was based on
regular expressions, matching the well-structured Bulgarian grammar, compared with the
probabilities-based BGRenBERT. Both BGRenRules and BGRenBERT are shared on Zen-
odo®, HuggingFace'* and Github® with Creative Commons Attribution 4.0 International
license.

6. Comparison of the Methods on the Annotated Subsets of Datasets

To compare the two methods on the same texts, we applied them to CNClean subsets and
CTI1D. Exactly like human annotators, the methods were assigning the label “renarrative” if
the text contained at least 1 form of the renarratives in Table 2 and “no renarrative” if none.
We then compared the success of both methods in matching the manual annotations.

Table 6 shows the results of the two methods on these datasets. We would like to clarify
that Table 6 shows the evaluation of the two methods on different texts than those used for
creating BGRenBERT and BGRenRules.

Due to the higher number of items, we report the results for CNClean, and separately
for CNCleanB and CNCleanN. We report only the results for CT1D as a whole, due to the
too low numbers of renarratives in its subsets. We report Precision, Recall, Accuracy, and
F1-Scores, compared to the manual annotations. As the datasets are not balanced, more
attention should be given to the F1-Scores, but we report both. It is clearly visible that
the BGRenRules outperforms BGRenBERT. The CT1D results are lower for both methods,
probably because of the low number of texts with renarrative.

13 https://zenodo.org/records/15802264
14 https://huggingface.co/gate-institute/BGRenBERT
15 https://github.com/silviavg/bg- renarrative
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Figures 1 and 2 show the percentages of False Positives (FP) and False Negatives (FN)
from all errors of the two methods in all datasets. It is clear that BGRenBERT makes more FP
errors, while BGRenRules — more FN errors. Given this, if a user is interested in having fewer
FP (i.e. fewer texts not containing renarrative, but automatically identified as containing
renarratives), they should use BgRenRules. If the user, instead, would like to have fewer

FN (i.e. texts with renarrative, wrongly recognised to not contain any of its forms) — then
BGRenBERT would be a better option.

False Positives % (FP / FP+FN) — BGRenBERT vs BGRenRules

EEm BGRenBERT
I BGRenRules

91.89%

7 68.64%

FP% of FP+FN

CNClean

Figure 1
Percentages of False Positives (FP) from all errors of the two methods in all datasets.

False Negatives % (FN / FP+FN) — BGRenBERT vs BGRenRules

EZA BGRenBERT
[0 BGRenRules

FN% of FP+FN

11.76%

8.11% [
CNClean CNCleanB CNCleanN i
Datasets

0.00%

Figure 2
Percentages of False Negatives (FN) from all errors of the two methods in all datasets.

To see a more detailed picture, we manually analysed the False Positives and False Neg-
atives for both datasets and the two methods, comparing them with the manual annotations.
The error analysis is presented below.
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6.1 Error Analysis of CNClean

As CNCleanB and CNCleanN differ in terms of style and contain enough items, allowing us
to build a picture of each dataset’s subset, we analyzed them separately.

6.1.1 Analysis of CNCleanB

CNCleanB contains 651 titles, from which 9 (1.38%) were manually annotated as containing
renarrative. BGRenBERT made 62 errors, all False Positives (cases in which the model
decided that a title contains a renarrative, but there was none). Errors could be grouped
as:

. Words ending on *-x’. For example, the model shows the word ‘xammran’ —

3

in English: ’capital’ as a renarrative - obviously because of the suffix ’-am’;

«  Grammatically mistaken absences of comma + past participles (‘losxuBoTex
3arBop 3a mamo 3akiain mpacero cu!’ (in English: ‘Life imprisonment for an
elderly man who slaughtered his pig!’)

. Some quotations headlines, recognised as containing renarrative, like “Ma-
pus Paiixos: ‘BusHecsT 1 Meguure TpsaOBa A ca CONUAAPHU C YIPABIIIBA-
muTe, a He ¢ Hapoma™’, (in English: “Marin Raykov: “The Business and the
media should be in solidarity with the government, not with people”). The
possible explanation is that the function of renarrative is to retell a story; thus,
the quotation marks are a sign of retelling.

«  Linked to the previous case, a lot of punctuation tricks BGRenBERT into
deciding that a form is a renarrative, while it actually is not. Only two
cases of renarrative were not recognized as such by the model - one is a
typical renarrative “MeHpenees mounHaNI cilel KOHCyMalus Ha OBITapCKu
konbac!” (in English: “Mendeleev died after eating Bulgarian sausage!”) and
the second is difficult to recognise even by humans: “Ifurannre nsnuursaxa,
KynyBanu uM riacosete ¢ ¢anmmnsy 6ankaotn. [[VK samramm na xacupa
nsbopure.” (in English: “The gypsies cried out, their votes were bought with
fake banknotes. The CEC (the Central Electoral Commission) threatened to
cancel the elections”) The second case could be understood either as the
evidential conclusive, or as indicative of a statal perfect.

All BGRenRules mistakes instead corresponded to cases in which all human annotators
were not sure.

6.1.2 Analysis of CNCleanN

The dataset contains 4579 titles, from which the manually annotated ones with renarrative
are 438 (or 9.56%). BGRenBERT tagged 89 titles as containing renarrative, while there was
no renarrative. The types of these errors were:
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«  Words ending in “-n”. Examples: “MBP moraa moxuturenn Ha urpaukm’ -
translation into English: “The Ministry of Internal Affairs chased kidnappers
of toys”; “Iporectwp Nel pomgu nymen or Cans Apmytiuesa” - translation
into English: “Protester No. 1 gave birth to a poodle by Sanya Armutlieva”;
participle finishing with “-x”.

. Present tense, indicative, third person, singular. Examples: “mszacumn”
(translation into English: “raped”), “yuenu” (translation into English: “hit”).

«  There were also 45 other cases which could not be grouped.

There are also 69 cases of titles, containing renarrative, but not recognised as such by
BGRenBERT:

. 12 of them are in a subordinate clause (in the remaining similar cases, the re-
narrative is correctly recognised). For example: ( “MonTupar Toriomepu Ha
X0para, ChII0 U3I'BYBAJIY TOILIMHA, IpucHanar s ot cmerkure.” (in English:
“They are installing heat meters on people too, since they emit heat — it’s
deducted from the bills”).

- Elliptical phrases without a personal pronoun (for example: “Epgoran ce

oTkasa oT Mo B Mcraubyur, mpuienui ce B Haponuoto cebpanne B Codust”

(in English: “Erdogan gave up a mall in Istanbul, now he is targeting the
Parliament in Sofia”).

«  There was a case in which the construction was revealed, even though the
whole headline was misspelt.

BGRenRules gave better results: it made only 43 errors. From these, the main ones were
such in which the renarrative was not recognized:

o Setphraseslike “kaxsuro u ga 6mmo” (in English “any”), for example, in this
already translated sentence: “CSKA insists that the derby with Levski should

>

not be officiated by any referees™.

«  Renarrative of the auxilary verb “cem” (in English “to be”). For example in

“U3BBHPEIHO!111! PYCUS HU OBSIBU BOMHA, VIAPDHT I10 BOJIEH

BUJTYIAP I1IO TAXHATA TEPUTOPUA” (translation into English: “BREAK-

ING NEWS!111! RUSSIA DECLARED WAR ON US, THE STRIKE ON VOLEN
WAS A STRIKE ON THEIR TERRITORY”).

« A reflexive verb, like in this example: “Haii-Gorarusr Geirapun BbB Face-
book cu mmarmi, 3a ma ro ciaemar” (translation into English: “The richest
Bulgarian on Facebook paid to be followed”).

6.2 Analysis of the CT1D

CT1D contains small numbers of the different classes, as well as of manually annotated
renarratives, and for this reason, we run an error analysis of all classes together. The dataset
contains 488 items, out of which 17 were manually annotated as containing renarrative -
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the renarrative is 3.48% of all the items. BGRenBERT tagged 34 cases as containing forms
of renarrative, but they did not. The errors are related to the following issues:

. Long sentences.

. Insertion of Latin transcription (COVID-19).
«  Insertion of special symbols such as #.

+  Atypical errors.

BGRenRules worked better than BGRenBERT, as in the previous cases. Specifically,
it flagged wrongly as containing renarratives 15 cases and also failed to recognise 2 cases
with actual renarratives. All of its errors were hard to resolve even for humans. We give
as an example a case which is in general difficult to be recognised as a renarrative: “Tpu
yunTenakn ot gercka rpaguHa B Codust ca ¢ Covid-19, xommun no Cepunua” (translation
into English: “Three kindergarten teachers in Sofia have Covid-19: they went to Sarnitsa”
or “it was said that they went to Sarnitsa”). It is possible that the subordinated clause is in
perfect tense, indicative, or that it is in renarrative.

6.3 Overall Observations

We observed that BgRenRules generally made mistakes only in the cases which were
doubtful also for humans. This is most probably due to the fact that BGRenBERT is based
on probabilities, which may cause errors, while BGRenRules is using regular expressions
which closely match the Bulgarian grammar. Such observations, in fact, confirm our initial
expectations.

Additionally, we observed that the journalists’ poor punctuation skills confuses BGRen-
BERT. This brings up another factor not previously accounted for in attempts at automatic
renarrative detection: punctuation issues. Based on the current analysis, when punctuation
is correctly used, BGRenBERT works fine. However, since the lack of commas is a frequent
writing mistake, this limitation should be considered in the future. Another main problem
for the automatic detection of renarrative is the confusion with past perfect/imperfect
participle, as well as with some nouns, finishing with “-n”, and verbs in the present tense
finishing with “-emu”.

7. Ethical and Legal Considerations

The annotators were among the authors of this article. Their annotation work was part
of their regular salaries and was decently paid for Bulgaria. The annotated datasets are
shared per the requirements and licenses of the datasets the texts were originally part of.
We are making BGRenBERT, BGRenRules, and all the annotated datasets open-access with
specifically written legal disclaimers. In addition to the license, the disclaimers state that:
1) it should be taken into account that the automatic detection of texts with “renarrative”
generates some errors; 2) the presence of a form of “renarrative” should not be taken as a
sole indication of the lack of trustworthiness of a statement or a text.
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8. Work Limitations

Our work makes an important contribution by presenting the first automatic solutions for
detecting Bulgarian texts containing renarrative. However, it also has some limitations:

+  We are considering only the most frequent forms of renarrative and do not
offer a definitive solution for cases in which humans would also doubt. It
would be a better solution to cover all forms of renarrative, including identi-
fying correctly those forms for which humans are also unsure.

«  We covered only the 3rd person singular and plural, as these are the most
common ones in news articles.

«  We recognise only Bulgarian texts, written in Cyrillic alphabet. Social media
and forums’ posts and answers in Bulgarian are often written with different
Latin transliterations.

. Our solutions allow detecting short texts, containing these main forms of
renarrative, but not the forms themselves. Future work could include cre-
ating a solution which detects the actual beginning and the end of a form of
renarrative in the text.

Such limitations could be resolved in our future work or by other researchers. It is
also preferable if the automatic detection of renarrative is not a stand-alone solution, but
possibly a functionality offered by a Bulgarian syntactic parser.

9. Conclusions and Future Work

In this article, we presented the first automatic solutions for detecting Bulgarian texts or
sentences, containing the most frequent forms of the evidential renarrative. After applying
them to manually annotated subsets of two datasets with fake Bulgarian texts, we obtained
better results from our rule-based solution, BGRenRules. The fine-tuned BGRenBERT,
instead, had a worse performance. Such results were justified by the principles on which
the classifier and BGRenRules were based. We provided an extensive error analysis. All
resources, including the two automatic solutions, the training dataset and the manually
annotated subsets of the third-party text datasets, are made publicly available to assist
other researchers. In future work, we plan to create a detector which recognizes the exact
span of the forms of renarrative, as well as to cover more forms. We also consider adding
the indicative present perfect forms as they are often used instead of the renarrative ones.
Important questions to consider are whether: 1) the presence of renarrative is statistically
meaningful and so frequent; 2) we need automatic methods to protect society from reading
fake news containing renarratives. Additionally, while renarrative and evidentiality are
important for truthfulness, their combination with other linguistic markers is still not
analysed. Finally, a diachronic analysis of the use of renarrative could also be done.
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