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Abstract
We present a method of attribution source detection and classification in Czech. A plain text (typically, a newspaper
article) enters the SouDec system, gets parsed with the external tool UDPipe into Universal-Dependencies style
of sentence representation, and then is analyzed for occurrences of attribution signals and sources. The list
of attribution signals has been extracted from a corpus of Czech newspaper articles annotated with interlinked
attribution signals and sources, and has been complemented with context and syntax information to help distinguish
relevant occurrences of the signals. The SouDec system further classifies the attribution sources in one of five
classes: anonymous, partially anonymous, unofficial, official non-political and official political, using information
from another external tool, a recognizer and classifier of named entities, NameTag 3. While our source detection
method gets results comparable to existing systems for other languages, further improvements can be achieved by
incorporating fully-fledged automatic coreference resolution into the classification method. In a focused case study,

we test a possible usage of SouDeC for distinguishing domain-specific texts of less vs. more reputable origin.

Keywords: attribution signals, source detection, source classification

1. Introduction

In the age of information overload and increasing
concern about misinformation, the credibility and
transparency of journalism have become central is-
sues. News articles often rely on various sources,
including individuals, organizations or documents,
to support claims or provide evidence. Identify-
ing and analyzing these sources is crucial for as-
sessing the reliability of the media, understanding
journalistic practices and enabling automated fact
checking systems. The automatic detection of in-
formation sources in news texts aims at recogniz-
ing and categorizing entities that provide informa-
tion within an article. This task combines elements
of natural language processing, information extrac-
tion and computational journalism.

We dedicate our effort to a specific task of
automatically detecting and classifying sources
that journalists credit in newspaper articles. We
work with the definition of attribution formulated
in Hladka et al. (2022): attribution = source +
information + signal where source originally pro-
vided in formation and signal is a textual marker
that identifies the source of the information.’

This paper introduces and describes in detail
SouDeC, a tool for automatic detection and clas-
sification of attribution sources in news articles.
In a case study, we demonstrate its application
by exploring its potential in distinguishing sets of
domain-specific texts of less and more reputable

! We use mathematical notation intentionally, namely
to emphasize that the order of source, in formation and
signal in the sentence does not play a role, which is
analogous to the commutative property of addition.

origin, namely a collection of chain mail texts from
articles originating from a reputable online news
outlet.

In Section 2, we review related work on attri-
bution extraction. Section 3 briefly describes the
SiR 1.0 corpus used in the development and eval-
uation of the tool. Section 4 is dedicated to a de-
tailed description of the architecture and method-
ology of SouDeC. Section 5 presents a case study
on distinguishing a collection of chain mails from
articles originating from a reputable online news
outlet. We conclude in Section 6 with a discussion
of the results and future directions.

2. Related work

Most of the works on extraction of attribution fo-
cus on the detection of quotations. The first work
on detection of direct quotations was published by
Bruno et al. (2007). The authors used the Joint Re-
search Centre’s Europe Media Monitor system as
a data source and they implemented a rule-based
system for detection of reporting verbs (= signals),
person names (= sources) and direct quotations
(= information). O’Keefe et al. (2012) reformulated
the quote attribution task as a sequence labeling
machine learning task. Further efforts were fo-
cused on the development of corpora with man-
ually annotated attribution, including the PARC3
corpus (Pareti, 2012). Janicki et al. (2023) devel-
oped a system for attribution information detection
for Finish with F1 of 0.82 for a rule-based model
and 0.91 for a BERT-based model. For Czech,
Poldkova et al. (2015) utilized features from deep-
syntax annotations of the texts from the Prague
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Figure 1: Two linearly embedded attributions in
one sentence

Dependency Treebank (Bejcek et al., 2013), reach-
ing F1 measure of 0.85 on detecting attribution sig-
nals. Petersen-Frey and Biemann (2024) address
the task of identifying and attributing quotations in
German news texts and they propose a sequence-
to-sequence transformer model with constrained
decoding to tackle this task.

3. Data

In the development and evaluation of SouDeC,
we have used data from a freely available cor-
pus SiR 1.0 (Hladka et al., 2022),% an annotated
corpus of Czech articles from a news server of
a Czech public radio iRozhlas.® It is a collec-
tion of 1,718 articles (42,890 sentences, 614,995
words) with manually annotated attribution. Specif-
ically, sources of attribution (such as ministr
zahraniénich véci [Minister of Foreign Affairs])
along with attribution signals (such as prohldsil
[stated]) are marked (and linked) in the data. The
sources are classified into five classes:

1. anonymous: a completely anonymous source,
for example kdokoli [anyone], anonymni zdroj
[an anonymous source],

2. partially anonymous: a partially specified
source, for example vétsina Iékaft [most doc-
tors],

3. unofficial: a specific person/entity without a
mandate to speak for anyone else, e.g., oby-
vatel Prahy Vdclav Novadk [a Prague citizen
Vdclav Novék], byvaly prezident Vaclav Klaus
[former president Vdclav Klaus], New York
Times,

4. official non-political: a representative of a non-
political entity, e.g. Feditel Skoda Auto, a.s.
[the director of Skoda Auto, Inc.], mluvéi fot-
balového klubu [the spokesman of the football
team], and

2 Published as a language resource (Hladké et al.,
2022) and available from http://hdl.handle.net/
11234/1-4840

Shttps://www.irozhlas.cz/
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Figure 2: Dependency tree of the sentence in Ex-
ample 2

5. official political: a political representative, e.g.,
predseda viddy [the prime minister], Minister-
stvo obrany [Ministry of defence)].

In the SouDeC tool, as well as in the experiments
described in this paper, we have adopted the same
taxonomy.

The annotations in SiR 1.0 come as a result of
a crowdsourcing task and the corpus consists of
three parts, depending on the quality of the anno-
tations:

1. triple-annotated articles: 46 articles (933 sen-
tences, 13,242 tokens) annotated indepen-
dently by three annotators and subsequently
curated by an arbiter,

2. double-annotated articles: 543 articles
(12,347 sentences, 180,622 tokens) anno-
tated independently by two annotators and
automatically unified, and

3. single-annotated articles: 1,129 articles
(29,610 sentences, 421,131 words) anno-
tated only by a single annotator each.

As described later in Section 4.4, the triple-
annotated articles formed a basis for our develop-
ment and evaluation test data. Additionally, we
have manually checked and corrected the auto-
matic unification in 80 articles from the double-
annotated section, using half of them as further de-
velopment test data and the other half as additional
evaluation test data.

4. Method

The source detection and classification method
in SouDeC is implemented as a dependency
tree matching method where input sentences are
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Figure 3: Dependency tree of the sentence in Example 3

first processed with two external tools: a syntac-
tic parser and a named-entity recognizer. This
method enables the detection of more intricately
structured data compared to traditional regular ex-
pression queries, particularly in handling varia-
tions in Czech free word order. Consider the sen-
tence in Example 1:

(1) Toto je vyznamnd udalost, uvedla podle
webu Jana Nova.

[/it. This is an important event, stated ac-
cording to the website Jana Nova.]

The sentence contains two sources, web” [the
website] signalled by the preposition podle [accord-
ing to], and Jana Novd signalled by the verb uvedla
[stated]. These attributions are linearly embedded
and difficult to process, while in the dependency
tree structure, they form two distinct subtrees (conf.
Figure 1).

Figure 4 shows the architecture of the system.
The system starts with an input in plain text and
proceeds in several steps. Let us document
the method on two example sentences (Exam-
ples 2 and 3) from the double-annotated section
of SiR 1.0. The attribution signals are typeset in
bold, the sources are underlined.

(2) Sirky maji vétsi cenu nez mobil, Fika o
pétidennim bloudéni dzungli ¢esky turista.
(SiR 1.0, doc-5950761)
[Matches are worth more than a mobile
phone, says a Czech tourist about his five-
day jungle wandering.]

(3) Podle Applu starsi baterie nemuseji byt
schopny dodavat telefonu pfi piném vykonu

* webu in genitive

procesoru pozadovany elektricky proud.
(SiR 1.0, doc-6596981)

[According to Apple, older batteries may
not be able to supply the energy needed to
power the phone at full processor power.]

4.1. Source Detection

To detect attribution sources, we first detect attri-
bution signals. Once a signal is found, the source
is identified by traversing the dependency tree. lts
position may differ according to the type of attribu-
tion signal.

4.1.1. UD Parsing

In the first step, the text is parsed using an exter-
nal web service UDPipe version 2 (its older ver-
sion was described in Straka, 2018).> UDPipe
is a pipeline tool that performs sentence segmen-
tation, tokenization, lemmatization, morphological
tagging, and dependency parsing in the Univer-
sal Dependencies framework (De Marneffe et al.,
2021).% Figures 2 and 3 show the resulting rep-
resentations of the two example sentences as de-
pendency trees produced by UDPipe.

4.1.2. Named Entities

As the second step, another external web ser-
vice, NameTag version 3, is called for named en-
tity recognition (Strakova et al., 2019).” NameTag
identifies proper names in the text and classifies

5 https://lindat.cz/services/udpipe/

® UDPipe has been trained for almost all UD tree-
banks, incl. Czech, with state-of-the-art results.

7 NameTag 3 achieves state-of-the-art performance
on 15 languages, incl. Czech.
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Figure 4: The architecture of the SouDeC REST API server

them into predefined categories, such as names
of persons, locations, organizations, etc. It recog-
nizes nested entities (embedded entities) of arbi-
trary depth.®

4.1.3. Signal Lemmas

The output of the two external tools serves as an in-
put for further processing. We traverse the depen-
dency trees of individual sentences and search for
attribution signals, using a list of approx. 200 lem-
mas of potential signals. The list was extracted
from the training data (see below in Section 4.4)
and manually checked and cleaned. Some of the
lemmas were complemented with hand-made con-
straints that help determine in what context and
syntactic structure they represent an attribution sig-
nal. For example, the entry:

podélit sel|ndzor-o
[share (refl.) |opinion-(acc.-prep) ]

defines a constraint for lemma podélit [share]
that in the dependency representation of the sen-
tence requires two dependant sons of the node
podélit, namely a node representing a reflexive
particle se and another one representing the word
ndzor [opinion], which in turn is required to have
a son o (an accusative preposition). That is, this
entry represents the attribution signal podélit se o
ndzor [share (one’s) opinion].

If a lemma from the list is found in the depen-
dency tree, the properties defined by the constraint
are checked and the lemma is considered an at-
tribution signal only if the constraint is met. The
same lemma can appear in the list with several
different constraints, which are then checked inde-
pendently. Each item in the list is complemented
with statistics from the train data, namely the total
number of occurrences of the lemma in the syn-

8 https://lindat.cz/services/nametag/

tactic structure defined by the constraint vs. the
number of its occurrences (with the constraint) as
an attribution signal. The ratio of these two val-
ues represents a reliability of the lemma (and the
constraint) and a minimal required reliability can
be used as a parameter of the system.

4.1.4. Claim ldentification

Although finding the claimed information is not part
of our task, its existence or absence in the tree
helps distinguish cases where the lemma serves
as an attribution signal from cases where it does
not. The constraints in the list of attribution signal
lemmas may also indicate where in the tree the
claimed information should be searched for (if not
in the standard position among the signal lemma’s
sons). The non-standard position of the claim is
indicated by an exclamation mark at one of the
nodes of the constraint, for example for expression
pfijit s tvrzenim [come with a claim], the constraint:

prijit tvrzenim!-s
[come claim!-with]

specifies that the claimed information should be
searched among the sons of the word (node)
tvrzenim [claim)].

For more complex cases, there are several spe-
cial constraint values. In fact, the whole constraint
for lemma podélit [share] is:

podélit se|ndzor-o|POSTPOS
[share (refl.) |opinion-(acc.-prep) |
POSTPOS]

where the POSTPOS feature indicates that the at-
tribution signal appears in the postposition relative
to the claimed information, confr. Example 4,

(4) Jsem zdsadné proti tomu, podélil se o na-
zor trenér druzstva.

[lit. 1 am strongly against it, shared his
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set docs sentences tokens sources
dtest 56 1,052 20,015 264
etest 70 1,414 24,225 297

Table 1: Size of the development (dtest) and eval-
uation test (etest) data and number of attribution
sources marked in the data by annotators

opinion the team coach.]

while for the different syntactic structure from Ex-
ample 5, there is a second entry for lemma podélit
[share]:

podélit sel|nédzor!-o
[share (refl.) |opinion!-(acc.-prep)
(5) Trenér druzstva se podélil o nazor, Ze je
zasadné proti tomu.
[The team coach shared his opinion that
he is strongly against it.]

Other possible values for defining non-standard
positions of the claimed information are ANTEPOS
for anteposition, and PREP for prepositional ex-
pressions such as podle [according to]:

podle PREP
[according_to PREP]

The PREP constraint for lemma podle [accord-
ing to] helps find the claimed information in Exam-
ple 3 at the grandfather of the node podle (see
Figure 3), i.e., at the node nemuseji [may not].
Lemma fikat [say] from Example 2 does not have
any constraint, i.e., the claimed information is to be
searched among the sons of node Fika [says] (see
Figure 2).

4.2. Source Identification

Based on the position of the attribution signal in the
dependency tree, finding the source is a straight-
forward step: in most cases, it is the (sometimes
partial) subtree of the subject of the attribution sig-
nal lemma node, i.e., the son of the attribution sig-
nal with dependency relation nsubj, confr. node
turista [tourist] and its son ¢esky [Czech] with de-
pendency relation amod (adjectival modifier) in
Figure 2.

For lemmas with the PREP constraint, the attri-
bution source root node is the parent of the PREP
lemma (e.g., the parent of the preposition podle
[according to]), confr. node Apple® in Figure 3.

® Applu in genitive

development test data (dtest)

reliability  F1 P R acc
10% 0.84 090 081 67%
20% 0.84 090 081 67%
30% 0.84 090 0.81 67%
40% 0.84 091 080 67%
50% 0.84 091 0.80 67%
60% 0.84 091 079 67%
70% 0.84 091 079 67%
80% 0.64 095 049 73%
90% 0.58 0.98 0.42 72%
100% 0.12 0.95 0.07 100%

Table 2: F1-measure on recognizing the source
(along with the Precison and Recall values) and
the accuracy of classifying the source on develop-
ment test data for various thresholds of reliability
of attribution signals

4.3. Source Classification

After its detection, the source is classified into
one of five classes (the same classes that recog-
nizes the SiR 1.0 corpus, see Section 3): anony-
mous, partially anonymous, unofficial, official non-
political and official political. The solution of this
task is based on combination of two sources: (i)
information from named entities recognition pro-
vided by the external tool NameTag, and (ii) lexi-
cal rules based on lists devised by analyzing the
development data.

evaluation test data (etest)
reliability  F1 P R

acc

30% 0.87 090 0.85 65%
50% 0.87 0.90 0.85 65%
90% 0.61 0.92 0.47 62%

Table 3: F1-measure on recognizing the source
(along with the Precison and Recall values) and
the accuracy of classifying the source on evalua-
tion test data for selected thresholds of reliability
of attribution signals

These hand-made lists comprise of keywords
or phrases not recognized by NameTag but of-
ten associated with certain classes. For exam-
ple, words such as zdroj [source], pozorovatel
[observer]) are often connected with the anony-
mous class, words such as (édst [part of], nék-
tery [some], vétsina [most of], etc.) indicate a
partially anonymous source. Words byvaly [for-
mer] or nékdejsi [erstwhile] often indicate a source
that may have been official in the past but now is
unofficial. Majitel [owner] may signal an official-
non-political source, while words such as premiér
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development test data (dtest)

Actual vs. Predicted anonymous anon.-partial unofficial official-non-political official-political
anonymous 0 0 0 0 0
anonymous-partial 1 20 0 0 1
unofficial 0 10 50 25 2
official-non-political 0 10 7 51 6
official-political 0 1 2 4 23

Table 4: Confusion matrix on dtest, reliability threshold 50%

[prime minister], poslanec [member of parliament],
sendtor [senator] or pfedseda vlddy [prime min-
ister], etc. strongly indicate an official-political
source.

In Example 2, NameTag does not find any
named entity in the source esky turista [Czech
tourist], neither any of the words is found in our
hand-made lists, therefore we mark (correctly) the
source as partially anonymous, which is our de-
fault class for sources with no recognized named
entity. In Example 3, the source Apple is marked
by NameTag as an institution of type “companies,
concerns”, therefore we mark (also correctly) the
source as official-non-political.

4.4. Evaluation

We have tested SouDeC on data from the SiR 1.0
corpus described in Section 3. 16 articles from the
triple-annotated section plus 40 newly revised arti-
cles from the double-annotated section were used
as development test data (dtest), the remaining
30 articles from the triple-annotated section plus
40 (also newly revised) articles from the double-
annotated section were used as evaluation test
data (etest), see Table 1. Further approx. 460 arti-
cles (without corrections) in the double-annotated
section were used to extract a list of attribution sig-
nals.

Tables 2 and 3 show the results of the SouDeC
system applied on the dtest and etest data. The
first table shows F1 measure on recognizing the
attribution sources (along with the respective Pre-
cision and Recall values) and the accuracy of clas-
sifying the sources® for various thresholds of reli-
ability of attribution signals.™

Based on the results, we have selected three
values of the threshold — 30% for best Recall with
minimal impact on F1 measure, 50% for best F1
measure and 90% for best Precision with moder-
ate impact on F1 measure. For these (based on

1% Please note that the accuracy of source classifica-
tion does not directly depend on the reliability threshold
for the attribution signals.

" We do not start with threshold 0, as all attribution
signals in our list have the reliability higher than 10%.

the dtest data) best settings for Recall preference,
F1 preference and Precision preference, respec-
tively, we have tested the system on evaluation
test data, the results are given in Table 3. Table 4
gives a confusion matrix between the correct and
predicted attribution source classes, measured on
the dtest data.

5. A Case Study

Counts of various classes of attribution sources de-
tected in a text by SouDeC can be used to compile
an overall distribution of attribution sources types
in an entire set of documents. In a focused case
study, we employ this method to try and distinguish
two sets of texts: (i) a set of chain mails, as a rep-
resentative of texts of a “less reliable origin”, and
(ii) articles from a reputable internet server of the
Czech public radio iRozhlas, as a representative
of texts of a “more reliable origin”. We hypoth-
esize that the public radio articles would contain
(i) more attributions than the chain mails, and (ii)
fewer anonymous or partially anonymous sources
than the chain mails.

5.1.

The collection of chain mail data has come from
the Czech civic movement Cestf elfové that “moni-
tors, analyzes, and actively combats foreign disin-
formation campaigns on the Czech Internet. They
drew loose inspiration from a similar movement of
Elves in the Baltic states, who have been fighting
Russian hybrid and disinformation operations for
years.”'? The chain mails collection comprises of
417 articles with 28,732 sentences.

The data collection of the iRozhlas articles com-
prises of all articles from the server archive'® be-
tween the years 2017 and 2022 (incl.). It contains
104,666 articles with 3,191,936 sentences.

Both these collections were processed with
SouDeC (reliablity threshold set to 30%). In the
chain mails collection, 1,524 attributions were de-
tected, with 3.7 attributions per article and 0.05 at-

Data

12 https://cesti-elfove.cz/
" https://www.irozhlas.cz/zpravy-archiv
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tributions per sentence. In the iRozhlas articles,
SouDeC recognized 624,882 attributions, with 6.0
attributions per article and 0.20 attributions per
sentence. Figure 5 shows distributions of individ-
ual source classes in the two collections. Both
the overall attribution counts normalized per arti-
cle and sentence, and the distributions of source
classes seem to confirm our hypothesis: texts of
less reputable origin contain in total less attribu-
tions, and relatively more attributions are of par-
tially anonymous class.

However, we should also take into account that
the iRozhlas collection contains articles of various
kinds; they are in different sections of the archive,
such as Travelling, Theatre, Sport, Society, Cul-
ture, Economics, and many others (in total 45 sec-
tions). The opinion types of texts in the chain
mails collection best fit the section Commentaries.
If the SouDeC analysis of the iRozhlas texts is
only restricted to this section (4,162 articles with
134,144 sentences), the overall SouDeC numbers
are 9,927 attributions, 2.4 attributions per article,
0.07 attributions per sentence, the distribution of
attribution classes is given in Figure 6. For the
Commentaries section, both the overall number of
attributions normalized per article and sentence,
and the attribution classes distribution are strik-
ingly close to the chain mails collection.
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6. Conclusion

SouDeC demonstrates how far we can get in the
attribution source detection and classification task
in Czech if we employ the language analysis ap-
proach using state-of-the-art tools for syntactic
parsing and named entities recognition. Our re-
sults on attribution source detection (F1: 0.87)
compare fairly with similar rule-based systems,
e.g. for English (0.75-0.89 for various settings
on claimed information identification reported in
Pareti et al., 2013), for Finish (0.82 on claimed in-
formation identification reported in Janicki et al.,
2023),'* and for Czech (0.85 on signal recognition
reported in Poldkova et al., 2015, they however re-
lied on information from manually annotated deep-
syntax trees).

Analysis of the cases of misclassification of
source classes (in the development test data) re-
veals several principal causes of classification er-
rors:

(i) SouDeC does not analyze the structure of the
source. Thus, for example, the source lidé, které
RadioZurndl oslovil v centru Prahy [people inter-
viewed by RadioZurndl in the Prague centre] gets
classified as unofficial, because NameTag marks
RadiozZurndl as a media name of type “periodical”.
However, the correct class is partially anonymous.

(i) The confusion matrix in Table 4 shows that

'* Their BERT-based model with F1 of 0.91 outper-
forms our system.



a large portion of the misclassified cases occurs
between the unofficial and the official-non-political
classes. The boundary between these two types
of sources is indeed difficult to find in many real
world cases even for human annotators. If it is not
specified in the context, it is not trivial to decide
whether pan Pavel Prochdzka z Ustavu jaderné
fyziky [Mr. Prochdzka from the Institute of Nuclear
Physics] is speaking (and is entitled to speak) on
behalf of the institute. This raises a related open
question: SouDeC does not take the attributed
content in consideration. Should we classify the
source in connection with the attributed claim?
l.e., for example, can political representatives or
company directors speak in some cases for them-
selves (e.g., speaking about their vacations) and
thus being in some context considered unofficial
sources?

(iii) SouDeC in its present version does not em-
ploy a full-fledged coreference resolution (unlike,
for example, Almeida et al., 2014). While several
heuristic rules have been implemented to solve
the most frequent and typical anaphora references,
still many errors in attribution source classification
might be solved by a correct anaphora resolution.
This is one of the near-future features planned for
SouDeC, as a coreference resolver is expected to
become available soon as an addition to the UD-
Pipe parser.

In a focused case study, we investigated a re-
search question whether a reputability of collec-
tions of journalistic texts can be determined based
on the relative frequency of attributions in the docu-
ments and on the distribution of attribution source
classes. While the experiments with SouDeC
showed clear differences in the observed phenom-
ena between a collection of chain mails and the
whole archive of articles from a reputable online
news outlet, no difference was detected if the ar-
ticles from the news outlet were restricted to the
section “Commentaries”.

The SouDeC system is available as a command-
line program, web service and a REST API
server'® and the source code is downloadable un-
der the Mozilla Public License 2.1
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