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Method of Integral Analysis of Relationships between
Information Sources based on Temporal-Semantic Metrics

This study is devoted to the analysis of the relationships between information sources in the Ukrainian
information space, in particular between news and political Telegram channels. The paper identifies the main
shortcomings of existing analysis methods, which are mainly focused on the English-language context and do
not take into account the dynamic nature of information sources. As an alternative to these methods, a new
method of integral analysis is proposed, which combines several independent metrics at the same time - lexical
similarity and temporal-semantic influence. The proposed and implemented approach allows us to assess not
only the semantic similarity of sources, but also the nature of their interactions over time, forming a
multidimensional matrix of relationships. The results obtained demonstrate the effectiveness of the integral
approach for identifying hidden structures of information influence, which can be used for the further
development of monitoring systems.
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Problem Statement. The modern Ukrainian information space is extremely rich, but
at the same time fragmented into a large number of information sources. It contains hundreds,
and sometimes thousands, of information sources, including anonymous Telegram channels,
pages on social networks, and news aggregators, which often do not have clearly identified
authors or editorial responsibility. There is an obvious need not only to compare the content of
messages, but also to understand the relationships between the sources themselves: who influences
whom, what topics become common, and how information signals spread over time.

Despite the growing interest in the analysis of information flows, most existing
systems are focused on the foreign context. They mostly focus on large international media or
English-language news agencies, leaving out of consideration the Ukrainian segment, which
has its own fragmented dynamics, political specifics and social peculiarities. The methods
underlying such systems are often one-dimensional, that is, they assess only textual similarity
or activity of publications, ignoring temporal aspects, tonality and the complex structure of connections.
Such assessments do not reflect the real complexity of interactions between sources.

Considering the above-described shortcomings, there is a need to create approaches
that would be adapted to the Ukrainian information environment, taking into account the
multidimensional nature of information influence.

Analysis of Recent Research and Publications. In the English-speaking information
space, there are already developed systems that specialize in the analysis of information
sources, but their effectiveness remains limited due to the specificity of the approaches and
the context in which they were created. One example is Ad Fontes Media, a platform that
evaluates American media in terms of political preferences and the level of reliability. Its
main tool is the “Media Graph”, which shows how much a certain publication gravitates
towards the left or right of the political spectrum and how reliable the source itself is [1].
This approach forms a visual representation of the distribution of political positions in the
American space.

© A. 1. Kananua, /1. I. Yrpun, O. II. lopencskuii, B. B. JIutun, 2025

20



ISSN 2664-262X IlenTpansHOyKpainchkuil HaykoBHil BicHuK. Texuiuni Hayku. 2025. Bun. 12(43), 4. Il

Similarly, the AllSides project operates, which tries to ensure a comprehensive perception
of information, allowing users to see news from different political perspectives [2]. Its value
lies in demonstrating how the same event is interpreted by different media. Such systems are
primarily focused on the American market, therefore they do not take into account the cultural
and sociolinguistic features and structure of the Ukrainian information space.

Analyzing other scientific and technical developments aimed at automated analysis of
sources, we also find mostly English-language methods that do not cover the dynamic nature
of information influence. The MediaRank system offers a global ranking of thousands of
news sites by reputation and semantic characteristics, which allows us to assess their quality
and influence, but does not record how one source influences another in time [3]. The NELA
ecosystem provides tools for comparing sources across content copying networks using vector
representation models, but its analysis is limited to deterministic connections between
publications [4]. The Semantic “Echo” method proposes to measure the “echo” of information
messages through semantic similarity, calculating the similarity between official releases and
publications in social networks, however, such a model does not take into account the
temporal relationships between events [5]. One of the promising methods for further research
is the approach based on Hawkes processes, which considers the spread of events as a self-
exciting process, where each event temporarily increases the probability of the appearance of
subsequent ones [6], but again, the impact assessment does not take into account the content
similarity of messages, but only the fact of the appearance of the message itself.

These studies and systems cover a wide range of approaches to source assessment, but
they all focus on unidimensional indicators and neglect multidimensional interaction between
sources. For the Ukrainian information space, which is characterized by rapid changes in
narratives and heterogeneity of sources, such a simplified logic of analysis is insufficient. The
tasks related to the implementation and use of modern information technologies, particularly
artificial intelligence, in the sphere of state information security are examined in scholarly
work [12]. At the same time, studies [13, 14] present successful implementations of Al
applications across various sectors.

Problem Definition. The aim of this study is to develop an approach that allows for
an integrated analysis of information sources based on a combination of several independent
source metrics (or their comparative metrics). Unlike traditional one-dimensional approaches,
the proposed methodology involves the coordinated use of different types of similarity:
semantic and temporal-semantic with the subsequent formation of a single resulting integral
matrix. The desired approach allows not only to quantitatively assess the similarity between
sources, but also to identify hidden links of influence that are formed over time.

This study is based on the idea of multidimensional comparison, in which each source
is considered according to a single metric, but as part of a complex system of interactions.
Within this system, it is important not only to compare the similarity of the text, but also to
analyze the synchronicity of information waves, the patterns of occurrence of coincidences
and the sequence of their distribution between sources. An integrated approach [7] creates the
prerequisites for a more accurate reflection of the information space, identification of
interconnected groups of sources, and construction of further models for assessing the impact
within the Ukrainian information environment.

Main Results. This study used data obtained from eight information sources, in
particular Telegram channels belonging to the news and political segment of the Ukrainian
media space [8]. The collection period covers a six-month interval — from June 12, 2024 to
December 12, 2024 inclusive. For each message, the basic message attributes are saved:
channel identifier, message text and date of publication. This minimum required data format
provides the possibility of further aggregation, thematic classification and temporal and
semantic analysis. The channels were selected based on the principle of their activity,
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audience reach and belonging to a common information space focused on news and political
topics.

After determining the set of sources and data format, a stage of pre-processing of texts
was carried out, which is of key importance for ensuring the reliability of further results.
Taking into account the specifics of the content of Telegram channels, messages underwent
several consecutive cleaning steps: removing special characters, numeric values, hyperlinks,
formatting elements, as well as abbreviations and technical markers. Then, the texts were
normalized by tokenization and removing stop words. Special attention was paid to language
unification: all Russian-language messages were automatically translated into Ukrainian to
preserve the semantic integrity of the corpus and avoid biasing the results when comparing
lexical features. Detailed aspects of preprocessing text messages, adapted to the specifics of
Telegram sources, are described in the author's previous study devoted to the methodology for
normalizing and standardizing text data from open information streams [9].

The cosine similarity method is used to measure the similarity between lexical fields
of information sources [10]. For each channel, a dictionary of words is formed with a count of
the number of their occurrences in messages for the period under study. Words that occur less
frequently than a set threshold (for example, less than 20 occurrences) are removed as
statistically insignificant. Based on the dictionaries from all channels, a global dictionary is
created that defines the feature space (words), where each channel is represented as a vector
where the number of occurrences of a word forms its coordinates in the dimension.

To assess the similarity between channels, the cosine similarity formula is used, which
defines the angle between two vectors in a multidimensional space:

o z(s)Ta(s))
s S) = totateeprs © L
where z(s;;) — source lexical vector.
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Figure 1 — Cosine similarity matrix between lexical fields of information sources
Source: visualized by the authors
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This method is effective because it takes into account the proportions of vocabulary
use, and not only its absolute frequencies, which allows you to correctly compare sources
with different activity. Based on this, a similarity matrix is formed with values from 0 to 1,
where larger values indicate greater proximity of lexical fields between channels.

Using input data and the cosine similarity method, similarity estimates between their
lexical fields were calculated [11]. For each pair of sources, the similarity coefficient between
the word frequency vectors was calculated and integrated into the similarity matrix (Fig. 1).

The Timed Semantic Influence (TSI) algorithm is designed to quantify the mutual
influence between two information sources based on the temporal and semantic proximity of
their messages. For each pair of channels A and B, messages from one channel are
sequentially compared with messages from the other within a given time horizon, for example
+8 hours. If there is a high semantic similarity between two messages (above a threshold s),
such a pair is considered potentially related.

The key step of the algorithm is to calculate the TSI indicator, which takes into
account both the degree of semantic similarity between the messages and the time difference
between their publication. For this, the formula is used:

TSI = sm(mg, my) *x exp(—a X (At/60)),

where the first factor reflects the semantic similarity between two messages, and the second —
the exponential decrease in influence with increasing time distance between them, controlled
by the coefficient a. After determining all relevant pairs of messages, the total indicator of influence
between channels is calculated, which is recorded in the matrix of mutual influences.
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Figure 2 — Influence matrix between information sources based on TSI score
Source: visualized by the authors
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Based on the prepared data, the TSI algorithm was applied to assess the mutual
influence between channels. The TSI value was calculated for each pair of sources. As a
result, a similarity matrix was formed (Fig. 2), where each element reflects the level of
influence of one channel on another in absolute values.

Now, using the lexical similarity matrix and the mutual influence matrix between the
channels, a resulting relationship matrix was constructed, which simultaneously takes into
account the lexical and temporal characteristics of the sources and their messages. To ensure
the correct combination, both matrices were reduced to a single scale. The influence matrix
was normalized using the Min-Max normalization.

After normalization, the average value between the two corresponding metrics
(matrices) was calculated for each pair of sources, forming an integral similarity matrix (Fig.
3). This approach allows you to simultaneously take into account both the similarity of the
lexical field and the temporal-semantic influence between the sources, providing a more
complete assessment of the relationships in the information space.

kievreall UkraineNow lachentyt voynareal

pilnenews UaOnlii

truexanewsua ukr24 7 sus

voynareal lachentyt UkraineNow kievreal1 UaOnlii  suspilnenews ukr24_7 truexanewsua

Figure 3 — Integral source comparison matrix
Source: visualized by the authors

Analysis of the obtained results showed that the greatest integral similarity is
demonstrated by the pairs of channels truexanewsua — kievreall, urk24 7 — UaOnlii,
suspilnenews — lachentyt and suspilnenews — UkraineNow. This indicates a close connection
between their information flows. At the same time, it is observed that the leaders by the
integral metric differ from those determined separately by cosine similarity or by TSI. It can
be noted that cosine similarity takes into account the similarity of the general lexical field of
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the source. While the TSI algorithm takes into account the similarity of two messages in a
limited time space (8 hours).

Conclusions. This study demonstrated the problem of one-dimensional analysis of
information sources, when only one type of similarity is assessed: temporal or, for the most
part, only lexical. In response to this, an integral assessment method was proposed, which
combines several metrics simultaneously. The proposed approach was implemented and
tested on a limited set of Telegram channels, which allowed us to demonstrate its
effectiveness and flexibility in real conditions.

The method showed that the combination of semantic and temporal characteristics
allows us to more accurately identify the structure of relationships between sources. In
particular, the pairs of channels truexanewsua — kievreall and urk24 7 — UaOnlii achieved
the highest connection indicators precisely during the integral analysis, although they had
mediocre values in individual dimensions. This indicates the importance of a comprehensive
approach that reflects the multidimensional nature of the information source.

In the further development of this direction, it is advisable to improve the method by
introducing a weighted integral analysis, where each metric will have its own coefficient. This
will allow you to regulate the influence of individual metrics on the final result and increase
the accuracy of assessing the relationships between information sources.
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Mertoj iHTerpajabHOro aHatizy 3B’si3kiB Mk zkepesamu indgopmauii Ha 0CHOBI
YaC0BO-CEMAHTHYHMX METPHUK

[Mpamst mpucBsiueHa JOCHTIPKEHHIO B3a€MO3B’SI3KIB MK 1HQOpMaLifHAMH JPKEpeslaMH B YKPaiHCBKOMY
iH(poOpMaLiHHOMY TIPOCTOpi, 30KpeMa MK HOBMHHO-IIOJITHYHUMH KaHanamu B Telegram. Y poOori BH3Ha4YeHO
OCHOBHI HEJIONIKM HAsSBHUX METOMIB aHANi3y, IO MEpEeBaKHO OPIEHTOBaHI Ha AHIJIOMOBHMI KOHTEKCT 1 HE
BPaxoBYIOTh JMHAMIUHY MpHUpONy HPOpMAIMHUX JUKepen. SIK aabTepHaTHBY MM METO/AAM 3alpONOHOBAHO
HOBUM METOJ IHTETPAIFHOTO aHajli3y, SKWH IOEIHYE OJHOYACHO KiJbKa HE3aJCKHHX METPUK: JIEKCHYHY
MOIiIOHICTh Ta YaCOBO-CEMAaHTHYHHH BIUIMB. 3aIPOITOHOBAHUI Ta Peali30OBAHUM ITiIXi]l JO3BOJSE OIIHIOBATH HE
JIMIIE 3MICTOBY CXOXKICTh JDKEpEN, a i XapakTep IXHiX B3aeMOAiN y 4aci, popMyloun 0araToBUMipHY MaTpHIIIO
3B’s3kiB. OTpuMaHi pe3yiIbTaTH [EMOHCTPYIOTH €()EKTHBHICTh IHTErpajbHOrO MIiAXOMY [UI BHSBICHHS
MIPUXOBAHUX CTPYKTYp iH(OpMamifHOrO BIUIMBY, IO MOXKYTh OYTH BHUKOPHCTaHI /ISl HOAAIBIIOTO PO3BUTKY
CHCTEM MOHITOPHHTY.
mryyHuii inTesexrt, NLP, indopmauiiini noroxn, ingopmaniiini qxepesa, iHTerpajbHuili aHasi3, Mepe:keBi
CTPYKTYPH, YaCOBO-CEMAHTHYHUI BIIUB
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