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Abstract. Recent advances in large language models (LLMs) enable the automated
discovery of semantic structures and emerging signals within text streams, offering
an opportunity to redesign foresight workflows into continuous, data-driven systems.
This study aims to develop and validate an automated framework for extracting, struc-
turing, and comparing semantic ontologies using LLMs. The paralyzed approach was
used for data mining from social media platforms and filtering non-domain data.
The key semantic elements, goals and hypernyms corresponded, were extracted using
multiple LLM configurations, with a consensus mechanism to provide semantic reli-
ability and minimize hallucination. The extracted elements were embedded in a high-
dimensional vector space, clustered iteratively using cosine similarity, and merged
hierarchically. Convergence process and structural stability were analyzed using the
elbow criterion and similarity metrics. The Proposed approach provides a cost-effi-
cient alternative to traditional expert-based foresight analysis. By integrating
LLM-driven semantic extraction with quantitative clustering, it enables the identifi-
cation of emerging trends, weak signals, and long-term thematic structures.
The results highlight the potential of LLM-based semantic modeling as a foundation
for automated foresight systems.

Keywords: foresight, large language models, semantic ontology, scenario analysis,
weak signals, hierarchical clustering.

INTRODUCTION

In recent years, the growing complexity of global events and technological trans-
formations has significantly increased the need for systematic foresight — the pro-
cess of identifying, analyzing and interpreting trends and weak signals to possible
futures [1]. Traditionally, foresight relies on expert discussions and panels, scenario
workshops, and Delphi studies to capture and structure collective expectations
about the future. While such methods provide deep contextual insights, they are
slow, costly and difficult to scale, when applied to fast changing information envi-
ronments. In other words, by the time you have an answer, the world has already
moved on.

At the same time, we can observe new things, that millions of people are talk-
ing, arguing, and planning in real-time on platforms like Telegram, Facebook,
X and others. These public conversations are a perfect data streams for anyone,
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who is trying to spot the next big thing. You can see new ideas forming in real-
time. These data streams represent an opportunity for automated, data-driven fore-
sight, but extracting meaningful structures from unstructured text (with a lot of
spans, multiple languages, and it is full of noise) makes a challenges.

The construction of ontologies for decision support is a well-established field.
A lot of scientist works in this domain [2—4]. Many previous studies have employed
a “knowledge engineering” approach, focusing on manually constructing scenario-
based ontologies to conceptualize complex processes [5]. These ontologies are then
used to build knowledge graphs that support data integration and simulation, guid-
ing the development of more efficient data provisioning systems [6]. This ontology-
driven method has important for improving problem understanding and designing
effective optimization workflows.

Recent progress in generative models has provided a potential solution for
scalability challenge and gives a chance to work with the BigData. The emergence
of high-capability Large Language Models (LLMs), including GPT-3 [7], GPT-4
[8], Gemini [9], Grock [10] has significantly advanced Al's capacity for complex
reasoning. While much of the world has focused on their role in chatbots or auton-
omous agents, this paper explores their potential for a different, critical task: auto-
mated knowledge discovery. We investigate how the advanced understanding, rea-
soning, and generative power of LLMs can be leveraged to build the complex
knowledge representations — the ontologies and graphs, that are essential for sys-
tematic foresight.

However, a traditional approach faces a significant bottleneck: it is limited by
its dependence on subject-oriented, interdisciplinary human expertise. Constructing
these ontologies is a laborious, manual process, making it difficult to scale or adapt
to new, rapidly evolving challenges. We need a fundamental shift: from manual
knowledge encoding to automated knowledge discovery. This is precisely where
our work begins.

This study aims to develop an LLM-driven framework for automated extrac-
tion and hierarchical organization of collective goals from large-scale social data
streams. It helps to organize unstructured data in hierarchical components. By using
the reasoning capabilities of LLMs, with proper technics like prompt engineering,
consensus decision-making, we try to approximate or even replace certain stages
of expert analysis in the foresight process. Our goal is to build approach, that can
identify, compare, and structure goal-related concepts with cost efficiency, tem-
poral flexibility, and cross-lingual robustness, while maintaining interpretability
suitable for foresight studies.

To show how it works in real world challenges, we took a massive dataset:
three years of posts (2022-2025) from telegram-channel “Victory Drones” [11].
It is a key Telegram channel that discusses about military tech. This is popular the-
matic channel in Ukraine which also has to be used for future country development.
Here are a lot of deep and interesting thoughts about implemented radio technolo-
gies. The data were parsed using asynchronous distributed pipelines with Python
language and preprocessed to remove advertising and non-relevant posts. Texts
were grouped by days and hours to study both long-term and short-term semantic
goal dynamics. The first one, using multiple LLMs, goal candidates were extracted,
semantically represented as vectors. The second one, embedding (numerical vec-
tors that represent text data) iteratively clustered into hierarchical ontologies based
on similarity metrics by gradient methods. These steps were repeated, allowing us
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to compare ontologies constructed from daily and hourly data using structural sim-
ilarity measures. All of it leads to the creation of long-term future images or draft
scenarios as a base component for foresight studies.

METHODOLOGY

The methodology formalizes a four-stage analytical pipeline designed to translate
high-unstructured textual data into dynamic foresight ontology. As illustrated in the
workflow diagram on Fig. 1, the system integrates data validation, semantic struc-
turing, and temporal analysis, underlying the advanced reasoning capabilities
of LLM with combinations of classic automatization approaches to automate pro-
cesses traditionally reserved for human experts.

Open source
data

Semi-
validation

Data Mining

Ontology
construction

Temporal Analysis

Database

Semantic

exraction

Fig. 1. Workflow of the four-stage analytical pipeline
DATA

The data set for this study was mined from Telegram messenger. The main channel
is “Victory Drones” [11]. This source was purposively selected based on several
criteria, which are critical for foresight analysis of domain area. “Victory Drones”
[11] is the most popular channel specializing in military communication technolo-
gies, electronic warfare, and unmanned aerial systems. It is high engagement and
expert-driven content provide a rich source of emerging terminology, technical dis-
cussions, and “weak signals” — indicators of future technological shifts. All of it
does it a proper material for ontology construction and foresight study.

The collection period starts at October 2022 and ends September 2025, provid-
ing a long-range view of context evolution in this domain.

Data mining was provided by using Python libraries, with Telethon library as
the core instrument for work with Telegram channels [12]. Asynchronous data pars-
ing and distributed collection scripts were implemented to manage the large data
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volume and take count API rate limits [13]. For each post, we extracted: full text
content (the data for textual analysis), publication timestamp (the critical metadata
for all temporal analysis), unique post ID (for data integrity and deduplication),
associated metadata (types of media attached as images, videos, likes, views, num-
ber of comments etc.).

A base linguistic analysis confirmed the complex multilingual structure of
data corpus, with a significant presence of Ukrainian, Russian, and English texts.
This aspect shows the international value of text, but it opens additional challenges
for natural language processing [14].

To guarantee relevance of the dataset, we apply next filters:

1. Source Verification: only posts originating directly from the “Victory Drones”
[11] channel administrator were retained. All forwarded messages from other channels
or user comments were discarded to maintain a consistent and reduce noise.

2. Content Filtering: non-substantive posts, such as cross-promotional adver-
tising, administrative announcements (example channel rules), and simple “thank
you” messages, were identified and removed to focus the corpus on high-signal,
domain-specific content.

3. Ethical Sourcing: all data collected was from a publicly accessible channel,
reducing the need for user authentication and mitigating major privacy concerns.
No private user data was accessed.

Finally, the dataset was grouped by time intervals to enable temporal analysis
at multiple resolutions and validation of results: daily grouping for long-term trend
and ontology construction, hourly grouping for granular, short-term dynamic anal-
ysis. The total number of daily texts is approximately 1000 observations. The same
number of observations hourly grouping interval for 3rd quarter 2025.

APPROACH

The overall process of semantic structure formation is represented as a system S (1)
to formalize the construction of a dynamic ontology from unstructured text. This
model provides a scalable framework for managing the complex dependencies be-
tween text data, extracted meaning, structural relationships and temporal evolution:

S =<D,E,RP,T > (1)

Let’s explain each element from the system S.

The component D (2) represents the Data Layer. It is the set aggregated text
documents as described in Data section. Each dj, is a “time slice” of the corpus,
grouped either by day or by hour, forming the raw textual input for the system:

D={d1,d2,...dN}, (2)

where N — total number of observations.

The component £ represents a Semantic Layer. 1t is the global set of all unique
“conceptual atoms” extracted from the corpus. A Goal-hypernym pairs are core in
the system S. Each hypernym provides taxonomic classification for corresponded
goal element.

The component R represents the Relational Layer. 1t is the set of all relations
between the semantic elements in £. While £ is just a flat list of pairs, R models their
connections like semantic similarity, parent-child hierarchies, co-occurrence in timeline.
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The component P represents the Procedural Layer. This is the set of all com-
putational procedures and algorithms that transform the data. Firstly, it is LLM
inference for extracting £ from D. Secondly, it is a vector embedding and clustering
algorithms to define R, Thirdly, it is graph construction algorithms to build the final
ontology, and finally it is evaluation metrics to validate its whole structure.

The component 7 represents the Temporal Layer. This is the set of operations
that analyze the ontology evolution over time.

Multi-Model Extraction of Goals and Hypernyms

The core step of our methodology is the extraction of the semantic element set £
from the data D. This may include some challenges, because of LLMs can halluci-
nate (as mentioned before — generate in some case possible but false information)
or produce inconsistent outputs. To reduce these risks and provide high semantic
consistency, we developed a multi-model ensemble approach. Each document d,
in D was processed in parallel by a mixed set of M (3) different LLMs:

M={M1,M2,...Mm}. (3)

The models were chosen for their diverse architectures and training data to
ensure a range of “opinions”. For each model M; and document d; , we used a
structured prompt engineering technique [15]. The prompt tasked the model to act
as a domain expert and extract all conceptual pairs representing a specific techno-
logical capability (goal) and its general class (hypernym). The output of this step is
a set of candidate pairs for that specific mode (4):

E! = M;j(d) ={ (9! hD1, (g} B2 (gl . BDDY. )

At the next step the results (each E l] ) were effected by a consensus function
FU (5), which aggregates only those pairs agreed upon by at least two models.
Multimodal agents have recently demonstrated remarkable foresight capabilities in
complex predictive tasks. In [16], En et al. introduce “Merlin”, a vision-language
model explicitly trained to develop “foresight minds™:

e; = FU(My(d), Ma(dy), ... M (dy) ) ={(gi, hi)r,--- (i hdy}- (5)

Finally, the global set E (6) is validated set by multi-modal approach, which
is a part of nodes of our future ontology graph, which will be constructed and ana-
lyzed over time:

where K — total number of elements.

Construction of Semantic Space and Hierarchical Ontology

After creating the global set £ of validated semantic elements
E ={e;|i€[1,K]}, the next step requires transforming this unstructured set into
a hierarchical ontology. This process can be achieved by embedding the elements
within a high-dimensional semantic space. It helps to construct the hierarchical
structure of domain area in modern way for foresight studies.
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Semantic Space Projection

Let’s formalize next statement: V e; € E, where i € [1, K] are mapped into a con-
tinuous semantic space using a pre-trained embedding function f'(7):

vi = f(e) f+E > R". (7

Here, v; describes the n-dimensional vector embedding of element e; in se-
mantic space. The selection of the embedding function f'is important. It has to be
an open-source model, that is a top performer on standardized benchmarks for mul-
tilingual text (especially for English, Ukrainian and Russian languages), such as the
Massive Text Embedding Benchmark (MTEB) [17]. MTEB is a Python framework
designed for the systematic evaluation of text embedding models and retrieval sys-
tems. We selected the text-embedding-3-large model from OpenAl, because it has
superior performance in capturing fine-grained semantic relationships across tech-
nical and multilingual texts.

The next step is define distance metric d(e;, e;) (8) in space E between two
elements from £:

d(ei,e)) = 1 — cos(v,vj),d:EXE — R, ()

where e;, ej€ E, cos(:,") — cosine distance.

Cosine distance was selected over Euclidean distance as it is invariant to vec-
tor magnitude and measures only the orientation between vectors. In high-dimen-
sional spaces like text embedding, this is a more reliable measure of semantic sim-
ilarity, where small distances d — 0 indicate high similarity.

Hybrid Agglomerative Clustering

To build the ontology, we developed a hybrid algorithm that combines the algorith-
mic clustering with gradient optimization approaches and conceptual understand-
ing of LLM. This process is iterative, building the hierarchy from the bottom up.

Phase one. Vector-Based Agglomeration

Let at any iteration ¢ the set E is partitioned into k(® disjoint clusters

€0 = (60 60,0 60} where U060 5 Fand 60 06 =0, ()

At the first iteration C(®) = {ej,j € [1,k]}.

The base idea how to merge elements in one cluster — the shortest distance
between any point in one cluster and any point in the other. This is the classic sin-
gle-linkage rule (9):

minc Z{( Zep,quCi d(epi eq)~ (9)

This means clusters only merge if they are close on the inside and well-sepa-
rated on the outside cluster (10). It stops loose or accidental links from forming
early, so our chains stay clean and meaningful:

i )

(Cir, €)= argming jdm (C2,C7) . (10)
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So, the two (or more) clusters are merged to form a new cluster for the next
iteration (11):
(t+1) _ ~(®) ®
Crew = € UG, (11)
The last question on this phase is to determine criteria of optimal base cluster
numbers. We use the “elbow criterion” applied to the within-cluster residual func-

tion J (k) (12) to determine the optimal number of base clusters k*. The residual is
the sum of the squared distances to the cluster centroids.

2
JU) = By B ecillvp — [ (12)
where m; is the centroid (13) of cluster C;.
1
m; = IC—iIZepeci Vp. (13)

As k increases, J(k) decreases. The elbow point k* is detected from the dis-
crete first differences (gradients) (14):

4j(k) = J(k) — J(k=1). (14)

The “elbow” k™ is identified as the point where the rate of residual stabilizes

4] (k*)
4] (kx—1)
groups. This leads to an optimal base partition.

— 1, indicating that further merges would combine conceptually distinct

Phase two. LLM-in-the-Loop Semantic Labeling and Merging

Once the k™ base clusters are identified, the algorithm shifts from just vector-based
merging to a more abstract, concept-based merging using LLM.

Each base cluster C; € €V is “semantically labeled”. We use prompt engi-
neering with LLM to generate an abstract hyper-concept (hyperonym) L; (15) that
best describes all elements in the cluster. The prompt includes a representative sam-
ple of terms from the cluster, for example the 5-10 elements closest to the centroid
m; (13):

LY = LLM (terms(C)). (15)

For example, a cluster containing “jam GPS”, “spoof Galileo” and “disrupt
GLONASS” might receive the label L; = “GNSS Disruption Techniques”.

The algorithm now proceeds to merge these k* labeled clusters. Instead of
using d i, on all vectors from F£, we merge based on the semantic similarity of the
LLM-generated labels. At each new iteration, the algorithm merges the two clusters
C; and C;, whose labels L; and Ljhave the highest similarity from phase one.
The newly formed cluster Cy,,, = C; U (; is then re-labeled by the LLM.

One of the most important things is how to work with graph structure.
NetworkX Python library is dedicated graph database system, chosen for its effi-
ciency in handling topological data and pathfinding queries, which helps establish
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the fundamental connectivity of roads. In the NetworkX environment, the graph
components (nodes as cities, edges as routes) serve as the building blocks for deci-
sion optimization. To maximize network traversal performance, the graph schema
stores only essential topological data and pre-calculated attributes (e.g., node/edge
IDs, mode, distance, slope). These attributes are critical for applying necessary con-
straints during the traversal process, thereby guaranteeing query speed and rele-
vance for decision support.

Phase three. Convergence and Ontology Stabilization

This hierarchical aggregation process (phase 2) proceeds iteratively until a stopping
condition is met. The criteria includes: difference in total distance (12) less then
threshold, cluster quality stabilizes or reached minimum clusters count.

The primary criterion based on the residual of the sum of the squared distances
to the cluster centroids. Merging stops, when the newly generated J(k;) has no
difference with J(k;_1): | J(k{) — J(k{_1)| < T, where T is small value.

The second one is cluster quality stabilizes. The mean Silhouette score S (16)
for the partition C® reaches a local maximum (changes by less than a small thresh-
old €):

. b(i) —a(i)

s@ = max{a(i),b(i)} (16)
where a (i) is average distance between i-element and all of other points in its own
cluster and b (i) is average distance between i-element and next nearest cluster cen-
troid.

The last one is minimum cluster count. It is defined minimum number of top-
level categories (it can be set by experts from domain area).

Empirically, we observed, that this semantic stabilization starts after approxi-
mately five fo seven iterations, T equals approximately 0.01, & equals approximately
0.01. In the end a domains in the corpus have been successfully identified and orga-
nized. The final result is a tree-like hierarchical structure to represent final ontology.

Trend analysis

The final objective of our system is not to construct a static ontology, but to under-
stand its evolution over time. This analysis is formalized through the
Temporal Layer T of our system S. We analyze the frequency of the semantic ele-
ments £ across different temporal aggregations to identify emerging, stabilizing,
and disappearing trends.

To measure the frequency of an individual semantic element e; € Eat a spe-
cific time interval, we employ a TF-IDF approach [18]. Importance, to reduce noise
in data, we will use elements only from first layer in constructed ontology. TF-IDF
approach is adapted to our temporal framework, where the “document” is defined
as a time-aggregated corpus.

The corpus D is temporally partitioned into a sequence of time slices
(DW| t = 1,Tpax}, Where ¢ is the index of the temporal interval (e.g., month
or day).
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Term Frequency (TF) (17) is frequency of an element e; within a specific time
slice D®:

Count of e; e Dt
Total number of elements in Dt’

TF(e;, D) = (17)
Inverse Document Frequency (IDF) (18) is document frequency measures the
number of time slices containing the element e;:
Tmax
IDF (e, { D'}) = log(Em) (18)
Then TF-IDF Score is score p (e;,t) (19) for element e; at time ¢. The p (e;, t)
scores allow us to quantify which goals and hypernyms were most distinctive dur-
ing a given period, rather than just most frequent:

p (e;,t) = TF(e;,D*) X IDF(e;,{ D'}). (19)

To capture both macro-level shifts and micro-level volatility, we apply two
distinct temporal aggregation strategies based on the desired analysis scope.
Long-Term Trend Analysis is to analyze the evolution of the overall ontology across
the entire multi-year corpus, the data is aggregated by month. This macro-level
view smoothed out short-term noise, providing a clear picture of how high-level
goals and technologies (hypernyms) emerge and stabilize over quarters and years.
Short-Term Dynamic Analysis is to investigate localized tendencies and immediate
responses, the data is aggregated by day. This finer-grained resolution allows us to
detect rapid shifts in discussion focus, corresponding to the initial emergence.
Together, these twin knowledge structures provide dual temporal information for
foresight analysis, to underline the stability of long-term intentions with the vola-
tility of short-term discursive dynamics.

RESULTS

Moving from theory to practice, this section introduces a compelling case study to
demonstrate the application and practical utility of our proposed LLM-driven meth-
odology in addressing a real-world decision challenge. Based on the methodology
described above, we now present the results of the semantic extraction, hierarchical
ontology construction, and comparative analysis across temporal resolutions.
Our goal is to build approach to identify, structure, and compare goal-related con-
cepts with cost efficiency, cross-lingual robustness, and temporal flexibility
required for foresight studies.

We begin by describing the characteristics of the extracted semantic elements,
including base prompt (translated in English from Ukrainian) for goals extraction
with corresponded hypernyms, the numbers of semantic elements on different time
intervals. Next, we analyze the hierarchical structure of the resulting ontologies,
identifying key hypernyms and dominant goal classes that emerged over the studied
period (2022-2025). Finally, we perform a comparative analysis between daily and
hourly ontologies, assessing structural stability.

Goals and Hypernyms extraction. This stage implements the multi-model
ensemble procedure described early, designed to extract reliable goal-hypernym
pairs E from the raw text documents D. Each document d; € D (representing a daily
or hourly time slice) was processed by a set of five state-of-the-art Large Language
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Models: GPT-3.5, GPT-4, Gemini, Grok, and DeepSeek. This diversity in model
architecture and training data was chosen to minimize any single model's biases or
hallucination effect.

The specific instruction provided to each model M; was through a structured Base
Prompt (translated into English): I will provide you with news on the topic of the Rus-
sian-Ukrainian war. All posts are related to the topic of the Russian-Ukrainian war.
Your task is to conduct an analytical analysis and submit the result exclusively in JSON

format. Required: 1. Identify **goals** that are mentioned in the texts. - Consider
short-term, long-term, tactical and strategic goals. - For each goal, highlight the key
technologies/means that were used or are planned to achieve. 2. For each goal, deter-
mine its **hypernym** (a more general concept). Also provide a **hypernym for this
hypernym** (i.e. the second level of generalization). 3. Identify **results** that
are mentioned in the texts. — Results can also be short-term, long-term, tactical or stra-
tegic. — For each result, indicate the key technologies/tools that were used to achieve
it. 4. For each result, also provide its **hypernym™** and **hypernym to hypernym**.
#iH Response format (JSON): {{ "goals": [ {{ "text": "liberation of a specific settle-
ment", "type": "tactical / strategic / short-term / long-term", "technologies": ["kami-
kaze drones", "artillery"], "hypernym": "military operation”, "hypernym_of hyper-
nym": "military activity" }}, ... ], "vesults": [ {{ "text": "destruction of ammunition

" omn

depot”, "type": "tactical result", "technologies": ["missile strike", "UAV"], "hyper-
nym": "strike on military infrastructure”, "hypernym_of hypernym': "military activ-
iy" }), ... ] )} ##HE Important requivements: — Answer only in UKRAINIAN. — Do not
invent data, but rely only on the posts provided. — If information is missing — leave an
empty list or null. — Format the response only as valid JSON without additional
comments. Here is the message text.

To determine the relevance of the extracted semantic elements, we applied a
consensus filtering function FU. A candidate pair was confirmed as a validated
element e; € E only if it was independently identified by at least two distinct LLMs.
This threshold significantly reduced semantic noise and improved the confidence
that the extracted elements genuinely represent the collective intent present in the
source discourse. We will investigate adaptive thresholding mechanisms in the
future work based on semantic similarity.

The effectiveness of this multi-model (multi-agent) extraction process is
described by the resulting number of distinct semantic elements (goals and topics)
identified per text. This distribution is the key to understanding the filling and tem-
poral density of the corpus.

The distribution of the count of topics per text for the daily grouping is pre-
sented in Table 1.

Table 1. Daily topic count of Semantic elements distribution per document for
long time period. Each semantic element is couple (goal, hypernym)

Count of semantic elements Count of documents

1 86

2 183

3 193

4 85

5 26

6 5

8
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The distribution of the count of topics per text for the hourly grouping is
shown in Table 2.

Table 2. Hourly topic count of Semantic elements distribution per document
for short time period. Each semantic element is couple (goal, hypernym)

Count of semantic elements Count of documents

2 40
3 303
4 483
5 159
6 23
7 12
9 1

10 1

13 1

These Tables 1 and 2 visually represent the volume of validated semantic
information available for long-term trend analysis (daily) versus local dynamic
analysis (hourly).

The next step is to provide results of the hierarchical ontology construction.
Firstly, the validated goal-hypernym pairs were mapped into a high-dimensional
vector space using OpenAl’s text-embedding-3-large model, earlier were described
why we stop on those embedding model. Secondly, we use GPT-4 from the same
LLM provider (OpenAl) to generate the abstract hyper-concepts for the higher
levels of the ontology hierarchy. This strategic decision to use embedding and rea-
soning models from the same underlying provider, it is leaded to minimize potential
semantic shift or misalignment, providing that the vector space used for clustering
is highly congruent with the contextual understanding employed by the model gen-
erating the conceptual labels.

The vectors representing the extracted goals were clustered using a hierar-
chical agglomerative approach based, which is described upper in theory part.
The first iteration of the resulting ontology structure is visualized in Fig. 2.

0.7

0.0

Fig. 2. Ontology structure which was obtained by using hierarchical agglomerative approach
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To determine the optimal boundary for the initial cluster separation, we ana-
lyzed the change in inter-cluster distance (the “gradient” or first difference) across
the hierarchy. This analysis identified a critical point, or the “best cut,” at a seman-
tic distance threshold of 0.35. It equals to 156 distinct clusters. Dependence
between “total distance” of elements and cluster division threshold is illustrated at
Fig. 3.
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Fig. 3. Distance dependency. Solid line — second derivative of normalized total distance
(left axis OY). Dashed line —normalized total distance (right axis OY). OX axis is a border
value of semantic similarity

The next step was to generate high-level semantic descriptors for each cluster.
For each of the 156 clusters C;, a representative subset of elements was selected as
up to ten semantic elements, that had the smallest cosine distance to the cluster's
centroid m;. These ten representative elements served as the input for GPT-4,
which was tasked with generating the cluster label L; (see formula 15). The prompt-
institution for model:

“You need to provide a hypernym for the list of terms Let me remind you that
a hypernym is a word (or phrase) with a broader, generalized meaning, denoting
a generic concept, class, or set of objects. Please provide the answer without com-
ments, just the hypernym. List of terms:”

Received labels, (representing abstract hyper-concepts) were used for the next
iterations of the algorithm for higher-level merging, which is based on the semantic
similarity between the labels themselves. Table 3 presents illustrative examples
from this stage. Notably, the table is in the original multilingual format of the
dataset to underscore the framework’s cross-lingual robustness and to showcase the
raw inputs processed by the LLM. The header of each column displays the
LLM-generated hyper-concept, based on the top 10 nearest elements in corre-
sponded cluster.
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Table 3. Example of hyper-concepts

security military activity logistics education technology
security .sppport o.f 10gist.ics educaFi(.)n Technology
military actions | operations |and training development
tactical military logistics educational technical
security interaction project programs development
operational Military military educational | development of new
security operations logistics system technologies
territorial military logistics educational technology
security observation system process development
National Military Logistics | educational Technology
security campaign security initiative implementation
p.rotectlon Of .s.upply of logistics education technology
national security | military means development
Security restructuring of the innovations in | educational .
. o L . technology testing
provision military fleet logistics activity
security military Weapons education scientific and
systems cooperation logistics | and science |technological progress
security o . logistics educational technological
military security oL .
enhancement optimization project development
cybersecurity Militgry ' logistics pducational technology
communication support infrastructure development

The headers of each column (titled by bold) display the LLM-generated hyper-con-
cepts, based on the top 10 nearest elements in corresponded clusters.

The iterative building process was monitored using key metrics to determine
the optimal stopping point. The first one is average similarity distance between new
names of clusters and old names. The second one is Silhouette score.

For the ontology derived from daily grouping, the iterative convergence pro-
cess reached stability after five iterations. To investigate short-term semantic
dynamics and reveal local fluctuations was replicated using the dataset aggregated
at the hourly level (often interpreted in foresight studies as weak signals the entire
pipeline). Crucially, the convergence process for the hourly-derived ontology also
achieved stability after five iterations.

The final structural metrics for both ontologies are summarized in Table 4.

Table 4. Convergence metrics

Iteration Sematic distance | Sematic distance | Silhouette score | Silhouette score
day group hour group day group hour group

1 0.412 0.379 0.546 0.516
2 0.298 0.266 0.457 0.403
3 0.201 0.176 0.35 0.373
4 0.163 0.153 0.25 0.32

5 0.155 0.141 0.24 0.31
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The global structure of both the daily and hourly ontologies is a big and com-
plex knowledge graph. We must focus on a specific thematic area to illustrate the
key findings of our temporal comparison.

Fig. 4 presents the final converged sub-graph for “Military Actions” which
were derived by the Daily Grouping.

international military reorganization of
i

prov;s;r:at::al:lslnxvy military tactics
expansion of striking
capabilities
military technology

P —
strengthening the
\ defense
<_m(_ . o
>

modernization of
production
optimization of military
b\ 4 technologies
infrastructure attacks (—-—-) military defeat

/ \
- A\ 4
blow to the technique
military destruction
machine attack

Fig. 4. “Military Actions” for day grouping

improvement of

In contrast, Fig. 5 displays the equivalent “Military Actions” sub-graph which

were derived by the Hourly Grouping

provision of military
operations
military diplomacy
A

military industry mobifization
expansion of striking
capabilities

strengthening the
defense
<_m<_ ey setons
/ i

modernization of
production
explosive devices
optimization of military
v technologies
infrastructure attacks B S attacks — military defeat

blow to the technique military destruction

Fig. 5. “Military Actions” for hourly grouping

improvement of
military technology
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To validate the robustness of the proposed approach, a comparative analy-
sis was conducted between the long-term (daily) and short-term (hourly) ontol-
ogies. This comparison serves as a semi-validation mechanism, allowing us to
assess whether both temporal models capture a consistent semantic representa-
tion of the domain. Across both ontologies, a total of 8§86 unique thematic con-
cepts were identified. Among these, 262 concepts were common to both struc-
tures, representing the core semantic intersection. The daily (long-term)
ontology contained 405 unique topics not present in the short-term model, while
the hourly (short-term) ontology introduced 279 distinctive topics absent from
the long-term perspective.

The last part is to present the results of the temporal analysis, where the fre-
quency of the established semantic elements £ is tracked over time using the
adapted TF-IDF score. To normalize visualization of work, we show the top the-
matic for both analysis: long-term and short-term.

To capture macro-level shifts and the strategic evolution, the prominence of
high-level goals and hypernyms was aggregated and visualized by month across
the entire study period. The corresponding heatmap presents on Fig. 6.

TF-IDF Weighted Topic Heatmap Over Time

ObopoHa -05
BINCbKOBA NiArOTOBKA
BiliCbKOBa CnpaBa -04
BiNCbKOBa TexHoNoria
noricTuka 03
MojepHi3auif
0.2
ocBiTa
TexHonorii
01
yAap no o6'eKTax iHPPACTPYKTYpU
iHHOBaUi
0.0

Fig. 6. TF-IDF for long-terms ontology
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“Education” and “Attacks on Infrastructure Facilities” have decreased in fre-
quency. Meanwhile topics related to “Innovation” and “Defense” demonstrate a
sustained and increasing frequency of mention, indicating a long-term strategic in-
terest. Core operational topics, such as “Military Activity” and “Logistics”, remain
consistently present throughout the timeline.

To investigate micro-level volatility and detect the immediate impact of
events, the analysis was replicated with data aggregated by day. The corresponding
daily heatmap presents on Fig. 7.

Topics concerning Military Activity, Modernization, and Technology
exhibit stable, high-frequency mentions across the daily periods. In contrast,
other goal-related topics that spike following specific events tend to gradually
fade away.
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TF-IDF Weighted Topic Heatmap Over Time

ObopoHa - 0.40

besneka

BICbKOBa onepaLis - - 0.35

BICbKOBA NiAroTOBKA
A - 0.30]

BINCbKOBA CTpaTeria

BINCbKOBA TaKTUKa - 0.25]

BiCbKOBI TeXHONOrii

Topic

0.20]
NoTiCTUKa

MOflepHi3aLif - 0.15]

0CBITa
- 0.10]

po3BigKa
TexHonorii 0.05]

iHHOBaUI
- 0.00

2025-08-10 -
2025-08-12
2025-08-14
2025-08-16
2025-08-18
2025-08-20
2025-08-22
2025-08-24
2025-08-26
2025-08-28
2025-08-30

1 T
=M~
Orred e
NERRR
29e0Q
nunununn
NN
[=E-1-N-N-1
MNANNANN
Dal

2025-06-01
2025-06-03 -
2025-06-05
2025-06-07
2025-06-09
2025-06-11
2025-06-13
2025-06-15
2025-06-17 -
2025-06-19
2025-06-21
2025-06-23
2025-06-25
2025-06-27
2025-06-29
2025-07-01
2025-07-03
2025-07-05
2025-07-07
2025-07-19
2025-07-21
2025-07-23
2025-07-25
2025-07-27
2025-07-29
2025-08-02
2025-08-04
2025-08-06
2025-08-08
2025-09-01
2025-09-03

2025-07-31

&

Fig. 7. TF-IDF for short-terms ontology

CONCLUSIONS

This study proposed and validated a robust approach for automated ontology con-
struction based on large language models (LLMs), provided temporal analysis in
different time frames, and it is applied to the domain of communication technolo-
gies. The approach was developed and tested on multilingual social media data
collected from the “Victory Drones” Telegram channel [11] over the period from
October 2022 to September 2025.

The dataset was gathered using asynchronous distributed parsing methods
implemented with advanced Python libraries, ensuring efficient and reliable extrac-
tion of posts from large-scale Telegram data. After filtering irrelevant content like
channel’s info or advertising, the final corpus provided a representative record
of thematic domain. Temporal aggregation was performed at both daily and hourly
resolutions, enabling the comparison of long-term and short-term semantic
dynamics.

The extraction process relied on multiple LLM configurations to identify goal
statements and their corresponding hypernyms from raw texts. A consensus mech-
anism ensured robustness by considering only those semantic pairs, which were
consistently reproduced across several LLMs, minimizing hallucination risk.

The extracted semantic elements were embedded into a high-dimensional vec-
tor space, where similarity was computed using cosine distance. Clustering and
hierarchical merging were performed iteratively, with the optimal number of clus-
ters determined via optimization criterion. A key empirical finding is that conver-
gence (the point at which further iterations cease to produce meaningful new clus-
ters) occurred consistently after five iterations for both the daily (long-term) and
hourly (short-term) ontologies. This stability suggests, that we have different tem-
poral resolutions, buy the underlying semantic data have a highly similar structural
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organization. Across the two ontologies, 886 distinct thematic concepts, 262 con-
cepts (29.6 %) formed the shared semantic core, appearing in both hierarchies.
The daily (long-term) ontology contributed 405 unique topics, capturing slow-
evolving, structural themes. On the other side, the hourly (short-term) ontology
introduced 219 unique topics, reflecting rapid signals. This comparison reveals that
some topics emerge briefly within short intervals and then fade, capturing real-time
fluctuations in public attention. However, when observed over longer periods, cer-
tain topics demonstrate persistence, reappearing across multiple temporal windows
and forming the backbone of the long-term semantic structure.

The temporal analysis component helped to map the static ontology into a
dynamic tracking tool via the TF-IDF approach. Here are three key components:
topics that drive fast on a short-term interval tend to fade away rapidly in promi-
nence; some strategic topics, show strong, stable, or increasing prominence in the
long-term analysis and some topics show stable, high-frequency occurrence across
both the short-term and long-term frames.

The proposed approach demonstrates that LLM-driven ontology construction
can effectively reproduce some analysis from domain experts, such as identifying
goals, abstracting hypernyms, and structuring thematic relations. This makes the
method highly cost-efficient and scalable.

In summary, the research opens, that the semantic ontologies received from
LLM-based analysis can provide a stable and interpretable representation over
time. The observed convergence behavior, structural similarities, and interpretable
divergences between long-term and short-term perspectives validate the robustness
of the proposed framework. It is foundation for future automated foresight systems.

REFERENCES

1. M. Zgurovsky, N. Pankratova, System Analysis & Intelligent Computing, Theory and
Applications. Berlin: Springer, 2022, 432 p. doi: http://doi.org/10.1007/978-3-030-
94910-5

2. A. Rosa, N. Gudowsky, P. Repo, “Sensemaking and lens-shaping: Identifying citizen
contributions to foresight through comparative topic modelling,” Futures, vol. 129,
pp- 1-15, 2021. doi: http://doi.org/10.1016/j.futures.2021.102733

3. C. Miihlroth, M. Grottke, “Artificial Intelligence in Innovation: How to Spot Emerging
Trends and Technologies,” IEEE Transactions on Engineering Management, vol. 69,
no. 2, pp. 493-510, April 2022. doi: 10.1109/TEM.2020.2989214

4. Y. Kishita, T. Kusaka, Y. Mizuno, Y. Umeda, “Toward theory development in futures
and foresight by drawing on design theory: A commentary on Fergnani and Chermack
2021,” Futures & Foresight Science, vol. 3, issue 3-4, 2021, pp. 1-3. doi:
https://doi.org/10.1002/FF02.91

5. 0. Matei, R. Erdei, D. Delinschi, “Multimodal transportation overview and optimiza-
tion ontology for a greener future,” Artificial Intelligence in Intelligent Systems: Pro-
ceedings of 10th Computer Science On-line Conference, vol. 2, pp. 158—172. Springer
2021. doi: https://doi.org/10.1007/978-3-030-77445-5 15

6. Y. Chen, S. Sabri, A. Rajabifard, M. Agunbiade, “An ontology-based spatial data har-
monisation for urban analytics,” Computers, Environment and Urban Systems,
vol. 72, pp. 177-190. Elsevier, 2018. doi: https://doi.org/10.1016/j.compenvurb-
8ys.2018.06.009

7. T. Brown et al., “Language Models are Few-Shot Learners,” arXiv preprint, 75 p.,
2020. Available: https://arxiv.org/abs/2005.14165

150 ISSN 1681-6048 System Research & Information Technologies, 2026, Ne 2



Automated semantic ontology construction for foresight studies using large language models

8. J. Achiam et al., “Gpt-4 technical report,” arXiv preprint, 100 p., 2023. Available:
https://arxiv.org/abs/2303.08774

9. Gemini Team Google: Rohan Anil et al, “Gemini: a family of highly
capable multimodal models,” arXiv preprint, 90 p., 2025. Available:
https://arxiv.org/abs/2312.11805

10. xAI Grok 3 beta - the age of reasoning agents. Available: https://x.ai/news/grok-3/

11. Victory Drones [Telegram channel], 2022-2025. Available: https://t.me/Victo-
ryDrones

12. Y. Chen, X. Pan, Y. Li, B. Ding, J. Zhou, “EE-LLM: Large-scale training and infer-
ence of early-exit large language models with 3D parallelism,” arXiv preprint, 27 p.,
2024. Available: https://arxiv.org/abs/2312.04916

13. O. Michel, R. Bifulco, G. Retvari, S. Schmid, “The Programmable Data Plane: Ab-
stractions, Architectures, Algorithms, and Applications,” Proc. ACM Computing Sur-
veys (CSUR), vol. 54, issue 4, pp. 1-36, 2021. doi: https://doi.org/10.1145/3447868

14. T. Wolf et al.,, “Transformers: State-of-the-Art Natural Language Processing,”
Proceedings of the 2020 Conference on Empirical Methods in Natural Language
Processing: System Demonstrations, pp- 3845, 2020. doi:
https://doi.org/10.18653/v1/2020.emnlp-demos.6

15. P. Liu, W. Yuan, J. Fu, Z. Jiang, H. Hayashi, G. Neubig, “Pretrain, prompt, and
predict: A systematic survey of prompting methods in natural language processing,”
ACM  Computing  Surveys, vol. 55, mno. 9, pp. 1-35 2023. doi:
https://doi.org/10.1145/3560815

16. E. Yu et al., “Merlin: Empowering Multimodal LLMs with Foresight Minds,” arXiv
preprint, 28 p., 2023. doi: https://doi.org/10.48550/arXiv.2312.00589

17. N. Muennighoff, N. Tazi, L. Magne, N. Reimers, “MTEB: Massive Text Embedding
Benchmark,” Proceedings of the 17th Conference of the European Chapter of the
Association for Computational Linguistics (EACL), Dubrovnik, Croatia, 2023,
pp- 2014-2037. doi: https://doi.org/10.18653/v1/2023.eacl-main.148

18. A. Lucky, T. Kartik, B. Gaurav, M. Ankush, “Authorship Clustering using TF-IDF
weighted Word-Embeddings,” Proceedings of the 11th Annual Meeting of the Forum
for Information Retrieval Evaluation (FIRE 19). Association for Computing
Machinery, New York, NY, US4, 2019, pp- 24-29. doi:
https://doi.org/10.1145/3368567.3368572

Received 15.12.2025

INFORMATION ON THE ARTICLE

Serhii A. Lupenko, ORCID: 0000-0002-6559-0721, Opole University of Technology,
Poland, e-mail: lupenko.san@gmail.com

Mykhailo V. Steliar, ORCID: 0009-0009-3624-3147, Educational and Research Institute
for Applied System Analysis of the National Technical University of Ukraine “Igor Sikor-
sky Kyiv Polytechnic Institute”, Ukraine, e-mail: misha.stolyar99@gamil.com

Oleksandr M. Terentiev, ORCID: 0000-0002-4288-1753, Educational and Research
Institute for Applied System Analysis of the National Technical University of Ukraine “Igor
Sikorsky Kyiv Polytechnic Institute”, Ukraine, e-mail: o.terentiev@gmail.com

Volodymyr V. Savastiyanov, ORCID: 0000-0002-2052-0420, Educational and Research

Institute for Applied System Analysis of the National Technical University of Ukraine
“Igor Sikorsky Kyiv Polytechnic Institute”, Ukraine, e-mail: vvs.in.ua@gmail.com

Cucmemni docniodcenns ma ingopmayitini mexnonoeii, 2026, Ne 2 151



S. A. Lupenko, M. V. Stoliar, O. M. Terentiev, V. V. Savastiyanov

ABTOMATH30BAHA KOHCTPYKIISI CEMAHTHYHOI OHTOJIOIL JJIs
JOCIIIKEHb TTEPEABAYEHHS 13 BUKOPUCTAHHSM BEJIMKHUX
JIHIBICTUYHUX MOJEJEM / C.A. Jlynenxo, M.B. Cromsp, O.M. TepeHTheB,
B.B. CaBacrtpsaH0B

Anoraunisa. CygacHi nocsrHeHHS y cepi Benukux MOBHUX Mopeneit (LLM) nmarots
3MOT'y aBTOMAaTH30BaHO BHSIBIISITH CEMAHTHYHI CTPYKTYPH Ta HOBI CHTHAIIH, SIKi Has-
BHI B TOTOKax TeKCTOBOI iHpopmanii. Lle nae 3Mory aBromaru3yBaTé pyTHHHI po0odi
MIPOIIECH, SAKi TOB’s13aHi 13 PO3POOJICHHSIM MPOTHO3HUX MOZENEeH Ha OCHOBI CHCTEM
0e3nepepBHOTo aHali3y TaHUX. MeTa OCIiKEHHS — PO3POOJICHHS 1 BaIiallis aBTO-
MaTH30BaHOI CXEMH JUISl BUIYUCHHS, CTPYKTYPYBAHHS Ta HOPIBHSHHS CEMAaHTUIHHX
oHTOJNOTiH 3a momoMororo LLM. Jlnsg aHanizy naHux i3 pi3sHOMaHITHHX IUIAT()OpM
COMIATBHIX MEPEK BUKOPHUCTAHO Iapaji3aliiio mponecis. JlaHi ciodaTky BigdimsTpo-
BaHO, a caMe: BIIYYCHO Ti, [0 HE HAJIEXKATh 0 MPEAMETHOI JOCIIKYBAHOI Taiys3i.
Kiro4uoBi ceMaHTHYHI €IeMEHTH, WiJl Ta TiepOHIMH, IO BiANOBIIAIOTH IPEAMETHIH
raiy3i, BIWIydeHO 3a JOMOMOTOI0 KUTbKOX KoH(irypamiit LLM i3 MexaHi3MOM KOHCe-
HCYCY st 3a0e3edeHHs] CEMaHTUYHOI HAaIIHOCTI Ta MiHIMI3alil TalfonuHaLii Ta
BUTamyBaHb (akTiB 3i croponn LLM. Buydeni enemMeHTH mpeACTaBlIeHO y O6araTo-
BHMipHOMY BEKTOPHOMY IIPOCTOPi, iTEPaTHBHO KIACTEPH30BAHO 32 IOTIOMOT' 00 MET-
PUKH KOCHHYCHOI MOAiOHOCTI Ta iepapxiuHo 00’eqHaHo. IIpomec koHBepreHmii Ta
CTPYKTYPHY CTa0iJIbHICTB IIPOAHATI30BAHO 32 JOIIOMOT' OI0 KPUTEPIIO JIKTS Ta METPHK
noaiGHOCTi. 3aIPONOHOBAHMI MiXi — €eKOHOMIYHO e(heKTHBHA aJbTepHATHBA TpPa-
JULIHHOMY KCIIEpTHOMY aHaNi3y nporHo3yBaHHs. 00’ €IHyI0IH BOEIMHO CEMaHTH-
YHE BITydeHHs, kepoBaHe LLM i3 KibKiCHOIO KIIaCTepPH3aIIi€l0, IEH METO 103BOIISIE
ineHTH(IKyBaTH HOBI TEHACHI], cTa0Ki CHTHAJIM Ta JOBIOCTPOKOBI TEMAaTHHI CTPY-
KkTypu. OTpUMaHO Pe3yIbTATH AOCIIIKEHHS, SIKi i JKPECITIOI0Th BEIHKUI MOTEHIaT
CEeMaHTUYHOTO MOJETIOBAHHSA Ha OCHOBI LLM K OCHOBH Uil aBTOMaTH30BaHHX
CHCTEM IPOTHO3yBaHHSI.

KurouoBi cioBa: mepemOadeHHs, BEIWKI MOBHI MOJENI, CEMAaHTHYHA OHTOJOTIS,
CIIEHApHUH aHami3, cnabKi CHrHANN, iepapXidyHa KIacTepH3allis.
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