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Visualizing and Validating Multilingual Thematic Structures in Knowledge
Graphs

Abstract. This study presents an extended methodological framework for ex-
ploring and validating thematic structures within multilingual cybersecurity dis-
course. Building upon bilingual knowledge graphs that integrate entities and rela-
tions extracted from English and Ukrainian texts, the work introduces a structural
validation and visualization layer based on Association Rule Mining and analytics
based on graphs. The objective is to expose statistically meaningful relationships be-
tween thematic clusters and to visualize these dependencies in a transparent, inter-

pretable manner.
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Introduction. In multilingual text mining, particularly in cybersecurity intelli-
gence, themes often emerge through unsupervised clustering of entity-relation graphs
[1, 2]. While such clustering reveals broad thematic fields, it rarely explains how
these themes interact or reinforce one another across languages. Understanding these
interdependencies is essential for interpretability, validation, and analytical transpar-
ency [3]. This research addresses that need by transforming co-occurrence patterns
among clusters into statistically validated association rules [4] and mapping them as a
Thematic Relationship Graph (TRG).

Methods and Materials. The framework structure is presented in Fig. 1. Mul-
tilingual cybersecurity corpora were processed using large language models (LLMs)
to extract named entities and semantic relations. The resulting English and Ukrainian
graphs were independently clustered using community-detection algorithms to un-

cover thematic groupings such as phishing, advanced persistent threat (APT) opera-
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tions, or critical-infrastructure defense. The bilingual graph was constructed based on
results of cross-alignment between English and Ukrainian graphs while ensuring the
semantic similarity between the cluster names [5]. To evaluate structural dependen-
cies among clusters, Association Rule Mining was applied to the bilingual dataset.
The co-occurrence of entities across clusters was analyzed using Support, Confi-

dence, and Lift to identify statistically significant associations.
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Figure 1. The Framework Architecture.
These rules will be visualized in the TRG, where:
e Nodes will represent thematic clusters or semantic fields.
e Edges will denote validated associations weighted by Lift, indicating the
strength and relevance of thematic proximity.
This representation highlights both intra- and cross-lingual linkages, revealing
how topics propagate across the English and Ukrainian information spaces.
Results. The developed visualization is expected to reveal complex structural
relationships among multilingual cybersecurity themes. The TRG should highlight:
e Core thematic hubs (clusters that co-occur frequently).
e Cross-lingual dependencies where semantically related clusters align between
English and Ukrainian corpora.
¢ Emergent thematic intersections, identifying new or hybrid areas, e.g. the

overlap between technical vulnerabilities and geopolitical disinformation.
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The resulting graphs are anticipated to show a layered and weighted structure
where the strength of thematic connections reflects underlying data-driven relation-
ships rather than subjective assumptions.
Conclusions. With the outcomes of this research, we expect to gain the ability
to evaluate and visualize thematic coherence across languages. The TRG provides an
intuitive yet rigorous mechanism for exploring how multilingual topics interact,
evolve, or diverge. This framework will make it easier to:
e Validate discovered clusters using measurable association metrics;
e Support adaptive monitoring of multilingual threat intelligence or disinfor-
mation trends;
e Facilitate integration with further analytic tools such as trend detection,
anomaly monitoring, or interactive dashboards.
Overall, this work moves toward a hybrid, interpretable, and scalable method-
ology for multilingual knowledge-graph analysis - combining neural discovery, sym-
bolic reasoning, and visual exploration to enhance understanding of complex infor-
mation environments.
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Bizyanizauin ma eanioauia 6a2amomoeHux memMamuyHux cCmpyKmyp y 2pa-

¢ghax 3nans
Muxona Cmaciok, bocoan Ilasniuwenxo

Y 0ocnidocenni npedcmasneno memooonozito 0as 00CHiOdiCeHH ma 8anioayii
MeMamuynHux cmpyKkmyp y 6azamomosuux mekcmax y xibepbesneyi. Poboma rpyn-
MYEMbCSL HA 0BOMOBHUX 2paghax 3HAMb, WO IHMe2PYIomb CYMHOCMI Ma GIOHOCUHU
MIJHC HUMU, BUTYYEHT 3 AH2TOMOGHUX [ YKDAITHOMOBHUX MeKcmis. 3anponoHo8ano wap
CMPYKmMypHOI eanioayii ma eizyanizayii, AKull 6a3yemvcsi Ha Memooi NOULYKy acoyi-
amusHux npasusl i epaghosii anarimuyi. Memoro € 6uasieHHA CMAMUCIMUYHO 3HAY)-

WUX 38 A3KI8 MIXNC MeMAMUYHUMU KIACMePamu ma 8i3yanizayis yux 3a1edCHOCmell.
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