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The emerging complexity of societal problems requires international focus and
cooperation in finding solutions. International events serve the purpose of addressing
challenges and raising public awareness. The impact of events on public awareness can be
assessed by analyzing world news, as these news are linked to taxonomies, allowing for
identifying and categorizing news topics. The impact of an event can be detected by
analyzing temporal changes in frequent news topic patterns, which allows for the
identification of how events shape media topics and, therefore, public sensitivity.

Considering the complex interplay between media topics is essential to analyze frequent
itemsets within a context. Therefore, this study provides a methodology for identifying the
effect of events using frequent itemset mining of world news and its visualization and
analysis through hypergraphs and its temporal changes. Hypergraphs allow us to analyze and
visualize the group interactions between news topics and the frequent itemsets of news topics.
By comparing hypergraphs over time, the shifts of event topics can be detected, providing
additional information about temporal focus areas. Additionally, information values of the
frequent patterns are applied to measure a given pattern's surprising effect.

Since the existing hypergraph visualization tools have limitations regarding
customisability, representing the specific analyzations and visualizations discussed in this
work proved to be quite difficult. To counter the limitations of previous tools, to enhance the
visualization of the results, and make the understanding of the frequent patterns easier, a
novel open-source hypergraph visualization tool was developed using the Godot engine. This
tool is fully customizable, allowing users to manually modify the visualization of the
hypergraph, and even compare multiple hypergraphs on the same visualization.

The applicability of the methodology is demonstrated through the analysis of the
Conference of Parties (COP) international sustainability events.
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Nomenclature

SumlInf(F') Overall information value of all patterns in F

C(v;) Degree centrality of vertex v;

D Dataset comprising multiple itemsets T},

D5t Dataset of itemsets within the time window [ts, ts + w]

E Family of hyperedges in the hypergraph

F Set of all frequent itemsets that reach a specified threshold
F;

Frequent pattern, a subset of items 1

H = (V,E,W) Incidence matrix of the hypergraph

1 Set of all possible items i;
i An object extracted from articles (e.g., location, theme, person, orga-
nization)

Inf(F;) Information value of pattern F;
M (F;) Set of supersets of F; that are frequent
P(F;) Probability of encountering the frequent pattern F;
supp(F;) Support of itemset F; in the full dataset
ts+w

supp;s "“(F;) Support of itemset F; within a specific time window [ts, ts + w]

threshold Support threshold for frequent itemsets



Represents an itemset of objects extracted from news
Itemset with a time label, where T, = ({41, 42,...,%;}, k)
Start of a time window

Duration of a time window

Set of vertices in the hypergraph

Weights associated with each edge in the hypergraph



Introduction

1. Chapter

Introduction

The convergence of interconnected crises, or 'polycrises,’ creates complex global
challenges that demand innovative tools for analysis and understanding. The
University of Pannonia is committed to sustianability solutions. I have the
opportunity to work within the framework of Multidisciplinary National Lab-
oratory for Climate Change (RRF-2.3.1-21-2022-00014), which is dedicated to
advancing sustainability research and solutions at the University of Pannonia.
Thereby, my research is aligned with the scope of providing novel tools and
methods to understand sustainability-related isses.

International events on global issues aim to foster the world’s efforts to ad-
dress global challenges and raise public awareness and sensitivity towards issues
such as climate change, poverty, equality, and justice among others [1]. The
importance of these events has been increased due to the emerging complexity
of global challenges and accelerated actions are required across all areas [2].
Therefore, there is a need to measure the effect of these events and their impact
on public awareness. Events not only reflect the collective sentiment of people,
but also articulate community values, visions, and aspirations [3]. A possible
approach for identifying public awareness of global issues is news analysis [4].
The interaction between news topics must be explored to analyze the impact
of the events in context. News analysis can provide a tool for measuring and
analyzing global news occurrences over time. For which, this study presents a
tool that enables us to detect the effect of an event by analysing the news over
time. The methodology is based on the temporal hypergraph-based represen-
tation of frequent news itemsets and its qualification is based on information
value analysis to identify how global events thematize the media.

The world news is gathered from The GDELT Project (Global Database of
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Events, Language and Tone) which is an open platform monitoring the news
media of the world in over 100 languages and identifies people, locations, orga-
nizations, themes, sources, emotions, counts, quotes, images and events related
to the news. Its vast dataset, encompassing diverse sources and languages, fa-
cilitates a nuanced understanding of events and their implications. The news
has been linked to taxonomies such as the World Bank Topical Taxonomy |[5],
or CrisisLex [6], thereby the news topics are categorized.

Prior research has underscored the importance of news analysis as it has
been utilized in for example understanding environmental change through so-
cial data gathered from the news [7], forecasting hospitalization rate [8], de-
tecting cyber security issues [9], or in understanding investor reaction to sus-
tainability news in energy companies [10]. News can also be used to proxy the
peace index of countries which is a principal dimension of well-being [11]. On
sustainability issues, identifying the interconnectedness of Sustainable Devel-
opment Goals has also been explored through the network analysis of world
news [12], however, the study is limited to a pairwise network representation of
sustainability events for a specific time frame, leaving the cooccurrence of news
domains and the exploration of potential sequences of sustainability issues un-
explored. Considering the spatiotemporal characteristics of the events such as
COVID-19 their influencing factors can be identified [13], media spotlights an-
alyzed [14] and temporal itemsets in complex event data can be identified [15].
Furthermore, the spatial and temporal dynamic graph representation of news
events have been made to predict the occurrence of future social events for the
target country [16]. The network-based representation of news data and their
analysis has been utilized e.g. for evaluating and improving social awareness
of energy communities [17], detecting and analyzing fake news [18], or analyz-
ing news appearing in various countries on a specific event through semantic
network analysis [19]. Beyond the pairwise connections, a hypergraph-based
assessment has also been made to explore the impact of financial news on mar-
ket behaviors by geometric hypergraph attention network (GHAN) [20]. The
hypergraph-based assessment can allow e.g. cross-context collaborative asso-
ciations to support context-aware prediction [21], however, it must be noted
that the utilization of hypergraph-based representation of world news has not

been studied extensively. For analyzing GDELT-based news domains that are
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frequently observed together and applying association rule mining for identi-
fying possible relations between the domains has been proven to be efficient
[22], however, the study only applies this approach for identifying co-location
itemsets, neglecting the broader potential for uncovering intricate interdepen-
dencies among sustainability issues and news domains such as events, people,
countries. Frequent itemset mining has been also utilized in fake news discov-
ery 23|, and knowledge discovery from news events [24].

While previous studies have applied network-based representations and fre-
quent itemset mining to analyze news interactions around specific themes or
events, most research has been limited to pairwise connections, co-location
itemsets, or analyses confined to specific event types or domains. There has
been limited exploration of how global events dynamically influence and shift
the media landscape over time through complex, multi-domain interactions
represented in a hypergraph structure. Furthermore, the use of temporal
hypergraphs, particularly for capturing the evolution of news thematization
around sustainability and societal issues, remains underexplored. This gap
presents an opportunity to investigate how hypergraph-based methods can
identify nuanced, temporal itemsets of public awareness and sentiment in re-
sponse to major global events across diverse news topics.

Therefore this study presents a methodology utilizing frequent itemset min-
ing to identify how news topics are grouped over time near global events
thereby, measuring how global events thematize the media. frequent news
itemsets are dicovered at diverse time slots and compared over time to see
the changes in media focus. The frequent news itemsets represented as hy-
pergraphs allow the interpretation of group interactions of news topics and
identifying temporal focus areas. For the qualification of frequent itemsets,
information value analysis was used indicating the diversity of news topics.

The temporal hypergraph-based representation of frequent news itemsets
and the qualification of the effect of global news based on information value
analysis has not been studied extensively, however, it holds great potential
in identifying the effect of certain events and how they appear in public and
news focus/news thematization change over time. It can be utilized to measure
how global events appear in public media, thereby shaping public awareness

of societal issues.
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The analysis detailed in this study requires a visualization tool that al-
lows for manual modification, temporal hypergraph representation, and high
customization. For these reasons a novel hypergraph visualization tool was
developed, to suit the specific needs of this project. The HyperGodot tool
helps with understanding the frequent itemsets, and by comparing different
hypergraphs, the differences can be noted and analyzed further.

The structure and contribution of the study are as follows.

e First, the hypergraph-based frequent news itemset analysis methodology

is introduced and its qualification through information value analysis.

e Hypergraph visualization tool was developed to suit the study’s specific

needs.

e The method is then applied to a case study on identifying news thema-
tization around the Conference of Parties (COP) events held in 2021,
2022, and 2023.

The results underline the method’s applicability as the shifts in media focus
are well visible over the years. As well as the conference-related topics and
frequent itemsets show a significant increase in media attention, but not before

and after the conference.
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2. Chapter

Methodology of hypergraphs-based frequent news itemset
analysis

This chapter outlines the methodology for analyzing frequent news itemsets
and using hypergraph-based approaches, offering a structured framework to
explore complex associations within media coverage. First, the the process
of data acquisition, the aggregating news data, mining frequent itemsets,
and related metrics is formalized, followed by a detailed description of the
hypergraph-based visualization and analysis of the frequent itemsets and their
temporal changes. Finally, a summary of the methodology is provided, outlin-
ing the steps to analyze frequent itemsets to define how global events thematize

the media.

2.1 Data acquisiton

The news data is derived from the GDELT Global Knowledge Graph [25]
which includes several objects of interest such as themes, regions, people, and
organizations. These components are crucial for describing the main aspects
of a news story. By using this information, world events can be better filtered
and analyzed, helping to understand and interpret global news more effectively.
The GDELT Database has been linked to taxonomies such as the World Bank
Topical Taxonomy [5] or the CrisisLex [6], which enables the definition of the
topics of interest (for example, the theme of an event) based on the taxonomy
models, which will serve as the categorization of the derived news. Topics must
be selected in the taxonomic model to retrieve topic-relevant news data. For
example, the aim is to derive news data regarding climate change-related events

and identify related topics from e.g. World Bank Topical Taxonomy, non-
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exhaustively e.g. Climate Change Mitigation, Climate Resilient Development

ete.

2.2 Aggregation of news data

Each news article is considered an itemset with a time label, Ty, = ({i1, 42, ...,7;}, tx),
where T’ is representing an itemset of objects extracted from the news, used as
a transaction, and k represents a timestamp. An item 7; represents an object
extracted from the articles, such as a location, theme, person, or organization.
The set I contains all possible items ;. The dataset D = {11,T5,...,T,}
for a s comprises multiple itemsets Ty. To analyze data over a specific time
window [ts, ts + w|, where w represents the duration of the time window (e.g.,
24 hours), the dataset is defined as D}5™" = {T} | ts < t; < ts + w} which

contains all itemsets from ts to ts + w.

2.3 Frequent itemset mining of world news

A frequent itemset F; C I is an itemset that appears frequently within the

dataset. The support of an itemset F; within the full timeframe is defined as:

_ HTk [ Fi € T}
| DI

supp(F;) (2.1)

where |D| is the total number of transactions in the full dataset.
The support of an itemset F; within a specific time window [ts,ts + w] is
defined as:

B ]{Tk|EQTkandts<tk<ts+w}\

suppj; ' (F3) D (2.2)
S
where | Dj2*"] is the total number of transactions within the time window.

Frequent itemsets F' is all the frequent itemsets that reach a specified tresh-

old value:

Flst = {Fy|suppls™ (F;) > treshold} (2.3)

A maximal frequent itemset is an itemset that is frequent and has no superset

11
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that is also frequent. Itemset F; C I is considered maximal if and only if:
M(F;) ={F; CI|F; C F; and supp(F}) > threshold} =0 (2.4)

where M (F;) is the set of all supersets Fj of F; that are frequent. A maximal
frequent itemset F; is one for which no proper superset is frequent, indicating

that it is the largest frequent itemset within the transaction database.

2.4 Information value analysis of frequent itemsets

Calculating the information value can help in understanding key trends in
the news data. The information value, derived from these probabilities of the
given frequent itemsets appearing within all the frequent itemsets for a given
timeframe, provides insight into the diversity of the topics present within the
itemsets.

The probability P(F;) of encountering a specific frequent itemset F; is given
by:

P(F;) = supp(F;) (2.5)

The information value of a given itemset can be calculated by:

1
Inf =logy, ——— 2.6
The overall information value of all itemsets in F' can be further computed,
to showcase the changes in the data over time. This is done by summing the

information values of each itemset |F|:
|F|

SumInf(F) = Y " Inf(F,) (2.7)

By repeating this average calculation for multiple timeframes,a time series of
the average information values is obtained, revealing how the frequent itemsets’

diversity evolves.

12
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2.5 Hypergraph representation of frequent itemsets

Frequent itemsets can be represented as a hypergraph [26], as an invaluable
tool to explore the multilevel connections between the objects that were defined
from the news.

A hypergraph is a generalization of a graph in which an edge can join any
number of vertices, in contrast to an ordinary graph, where an edge connects
exactly two vertices. A hypergraph can be represented by the incidence matrix
H = (V,E,W). In this structure, V = {v;}., = {i; € [ | IF; € FF" i, €
F;} is a set of vertices formed by all the elements represented in all of the fre-
quent itemsets inside the given timeframe, E = {e;}7., = F; € F{™ indicates
a family of hyperedges where each e; is a subset of V', and equals to a single
frequent itemset F;, and W = suppls™™(F}) represents the weights assoiciated
with each edge, which are the support values of each frequent itemset forming
the given edge. [27]. The incidence matrix H defines the relation between
vertices and hyperedges, with H(v;, e;) = 1 if the item v; is part of the itemset
e;, and H(v;,e;) = 0 otherwise.

By considering two hypergraphs, F/*™ and F/$f>", representing frequent
itemsets over consecutive time windows, temporal changes can be effectively
analyzed in the data. Naturally, nonconsecutive hypergraphs can be analyzed
in this manner too but in the scope of this study, the aim is to compare
consecutive timeframes. To achieve this, a merged or temporal hypergraph
is constructed, that captures the differences between these two timeframes.
Specifically, a hypergraph is generated from both sets of frequent itemsets and
the common elements shared between the two timeframes are removed. Both
hypergraphs are visualized on a single merged hypergraph by distinguishing
the edges corresponding to each timeframe. Edges from the first hypergraph
(Ff#1) are represented with solid lines, while those from the second hyper-
graph (F/52) are depicted with segmented lines. Degree centrality is used
to highlight the most important themes. Degree centrality quantifies the sig-
nificance of a vertex by measuring the number of hyperedges connected to it,
showing which topics are most central within the hypergraph. Vertices with a
higher degree centrality represent themes that are connected to more topics,

indicating their higher importance within the dataset. The degree centrality

13
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C(v;) for a vertex v; is calculated by:

m

C(vi) = H(vi,e)) (2.8)

j=1

An example incidence matrix of a merged temporal hypergraph H that

contains 8 vertices, 6 hyperedges and incorporates data from 2 consecutive

timeframes, F/5™ (2022) and F/*2% (2023), is provided on Table 2.1, and

visualized in Figure 2.1, where the hyperedge width is proportional with the
weight (support value) of each hyperedge.

Vertex Label
V1 Environment and Natural Resources
Vg Pollution Management
U3 Energy and Extractives
Uy Energy Efficiency
Vs Health Emergency Preparedness and Disaster Response
Vg Air Pollution
vy Climate Change
Ug Renewable Energy

vy Uy vz Vg Vs vg vr vg Weight Group

ee/1 1 0 0 0 0 0 0 2662 2022
eel O 0 1 1 0 0 0 0 3163 2022
H= el 0 0 1 0 1 0 0 0 7720 2022
s 11 0 0 O 1 0 0 3312 2023
es\1 0 1 0 O 0 1 1 3301 2023

Table 2.1: Incidence matrix of example hypergraph H

In Figure 2.1 hypergraph H is represented, where the hyperedge thickness
is proportional to the hyperedge weight (support value), solid lines represent
the first timeframe, and segmented lines represent the second timeframe and
node size corresponds to the degree centrality. v; - Environment and Natural
Resources , and v3 Energy and Extractives have the highest degree centrality.
It is well shown that compared to 2022, in 2023 new frequent topics appeared

such as the itemset of "Energy and Natural Resources - Energy and Extrac-
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Environment and Natural Resources

0 Energy and Extractives

Renewable_Energy

Health_ Emergency Preparedness_and_Disaster Response

Climate_Change

Air_Pollution Energy_Efficiency

[

Pollution_Managcrﬁeht
@

Figure 2.1: Visualization of example hypergraph H, where the hyperedge thick-
ness is proportional to the hyperedge weight (support value), solid lines repre-
sent the first timeframe, and segmented lines represent the second timeframe
and node size corresponds to the degree centrality.

tives - Climate Change - Renewable Energy", alongside "Energy and Natural
Resources - Air Pollution - Pollution Management". Therefore the shift in top-
ical focus can be seen. The shift toward air pollution-related actions can be
due to wildfires that occurred in Australia and Canada in 2023, which caught

the attention of the media.

2.6 Summary of the methodology

The summary of the methodological steps of the proposed hypergraph-based

frequent news itemset analysis are indicated in Figure 2.2.

Hypergraph
representation

i peig(Oh]

Selectatopicin  Select the time Data query and Defining atime Frequent Itemset
the taxonomic frame pre-filtering window for FIM Mining
model

Production and
analysis of time
series
Qualification of
frequent
itemsets

Figure 2.2: Workflow for identifying the media thematizing effect of global
events.
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The steps are the following:

1.

Select a topic in taxonomic model:

Relevant topics are identified from taxonomies such as the World Bank
Topical Taxonomy or CrisisLex, which categorize news data based on
themes of interest. These objects form the set of I that contains all

items 7;, which are in this case news topics appearing in D.

Select the time frame:

The selection of the timeframe (from ¢s to ts + w, where w is a specific
time window) is up to the user. For example, in the presented case,
the whole time frame is a month before the event until the month after
the event desired to be explored. For example, the 26th Conference of
Parties event was held in Glasgow from 2021-10-31 until 2021-11-12, the
selected timeframe was ts= 2021-10-01 until ts + w = 2021-10-01+ 72
days = 2021-12-12.

. Data query and pre-filtering:

Data is queried from the GDELT Global Knowledge Graph [25] for the
defined topics and selected timeframe. Data is queried through Google
BigQuery for the selected topics and time frame. In this paper, the
database is filtered to only the themes, however, the analysis can be made

to reveal further information e.g. regarding the tones and locations.

Defining a time window for frequent itemset mining:

The set of time window (w) for frequent itemset mining is up to the
user. It will serve as a unit where the frequent itemset mining is derived.
For example, in the case of this study the w= 1 day, thereby frequent

itemsets are derived for each day within the whole time frame.

. Frequent itemset mining:

Frequent itemset F; and support values are defined based on Equations
2.1-2.4. Tt makes detecting e.g. overall, or daily changes in topical focus

(frequently cooccured themes) in the media possible.

Qualification of frequent itemsets: Frequent itemsets F; can be qual-

ified through information value Inf, indicated in Equations 2.5 - 2.7.

16
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Information value measures the e surprising effect of the itemsets.

. Hypergraph representation of frequent itemsets:

Frequent itemsets F; can be represented as hypergraphs H = (V, E, W),
revealing cross-interactions within the network. the whole frequent item-
set can be visualized, or any set operation of frequent itemsets can be

represented, such as:

(a) Union: F; U Fj, includes all items from both frequent itemsets. It
can represent the overall thematic coverage of e.g. conferences over

years.

(b) Intersection: F;NFj, includes only the frequent itemsets represented
in both frequent itemsets. This can represent the common themes

that appear in e.g. each year at conferences.

(c) Difference: F;\ Fj, includes the itemsets that are only in one of the
frequent itemsets. This reveal thematic appearances that are only

characterise e.g. one of the conferences.

Furthermore, network metrics can be utilized and used in visualization,
such as degree centrality (Equations 2.8) and edge weights (support

value).

. Production and analysis of time series:

It involves the analysis of frequent itemsets over time using support met-
rics, itemset counts, and information values to uncover temporal trends
and dynamics. By observing how these metrics evolve, insights can be
gained into the persistence, fluctuation, or emergence of specific itemsets,
helping to contextualize their importance and identify shifts in relevance

over time.
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3. Chapter

Hypergraph Visualization Tool Built with the Godot En-
gine

Existing tools for hypergraph visualization offer robust analysis capabilities.
In Table 3.1, available hypergraph visualization libraries are gathered and fea-
tures are interpreted. It is clearly visible, that most of the libraries often lack
in-depth customization. Specifically, when displaying maximal frequent item-
sets, nodes, and edges must be well-positioned to avoid overlap and enhance
clarity in the hypergraph visualization. Many existing solutions fall short in
this regard, as they offer limited options for manual node placement and prop-
erty adjustments. For example, HyperNetX includes an interactive widget
that allows basic exploration of the hypergraph, but its functionality remains
quite restricted for more complex visual adjustments. Furthermore, features
to distinguish hyperedges by class or by choice are often neglected in the avail-
able tools. Therefore, there is a need for a targeted hypergraph visualization
tool that allows in-depth customization features. I present a novel tool, called
HyperGodot, which overcomes the above-mentioned limitations.

The hypergraph visualization tool HyperGodot was developed to address
the limitations of existing hypergraph visualization software, which often lacks
the flexibility required for specific analysis and manipulation. This tool allows
users to manually position nodes, adjust node and edge colors, toggle the
visibility of specific edges, compare multiple hypergraphs as a merged temporal

hypergraph, toggle the centrality value-based node size, etc.
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Tool Language Feature Reference

construction, visualization, expansion, similarity

HAT: Hypergraph Analysis Toolbox MATLAB, Python | measures, centrality, entropy, tensor-based analysis, | [28]
controllability

HyGrCls MATLAB clustering [29]

Hypergraph edge/vertex matrix MATLAB construction [30]

HyperNetX Python clustering, visualization, homology, clustering [31]

Multihypergraph Python creation of looped-multi-hyper-graphs [32]

Hypergraph-Vis Python construction, visualization, simplification [33]

construction, visualization, centrality, statistics,
Hypergraphx Python [34]
analysis, filters, dynamics

HALP: Hypergraph Algorithms Package | Python directed hypergraphs, walks, partitioning |35]

hypergraph creation, clustering, graph based
HyperG R o (36]
representations and calculations, visualization

hMETIS C/C++ partitioning, implemented in parallel 137]
Phoenix C/CH clustering, implemented in parallel [38]
HyperGraphLib C/C++ [39]
HyperGraphs.jl Julia construction, calcuate properties [40]
Chapel Hypergraph Library (CHGL) Chapel construction, calculate properties [41]
HyperGodot GDSecript construction, visualization, centrality,

manual visualization modification

temporal hypergraph visualization

Table 3.1: Available hypergraph libraries

3.1 Software description

HyperGodot is developed using the Godot engine 4.3 version [42|, using the
engine’s own scripting language GDScript. Godot is an open-source video
game engine, used widely in indie videogame development, simulations, and
any real-time-sensitive projects. Its growing popularity is explained by its
compact size, easy-to-learn scripting language, and ever-growing user base.
For this project, a real-time engine was needed, so we can manually adjust the
hypergraph, so Godot was a natural choice.

The biggest difference between HyperGodot and the available libraries is
the ability to manually modify the visualization during runtime, including
repositioning the nodes, changing the color of the edges, changing the function
calculating the edge width, and visualizing different groups, which makes this
software able to visualize temporal hypergraphs. This ability makes it possible
to compare multiple hypergraphs of a different timestamps, or simply compare

2 hypergraphs based on the same or overlapping nodes.

19



Hypergraph Visualization Tool Built with the Godot Engine

The summary of the methodology can be seen on Figure 3.1:

Convex hull
based on the Calculating
points generated centrality values,
for the edges, and applying it to
support value as the nodes
width

Generating
nodes, and
Loading the data concentric
points around
them

Figure 3.1: Summary of the methodology employed in the hypergraph visual-
ization tool

1. Loading of the data: The data structure accepted is based on the
SPMF software’s output, as it is used in the methodology to mine fre-
quent patterns. The output text is expanded with the #2GROUP tag,
which contains the data differentiating the distinct hypergraphs we want
to compare. Example of the accepted data can be seen in the Appendix
Al

2. Generating nodes and concentric points: Each unique entry before
the #SUP tag is going to be a unique node. The SPMF output indices
are translated to the real name of the given themes, so it is more readable.
The tool’s methodology generates circles around each node based on the
number of edges connected to it. Each edge generates a circle around all
nodes it links, and points are generated along each circle to enable convex
hull calculations. The number of points on each circle is adjustable,
allowing more fine-grained / smoother edges at the cost of processing

power. An example of the points generated can be seen on Figure 3.2

3. Convex hull generation and setting edge size: Using the concentric
point sets, edges are calculated by finding the convex hull of each edge’s
points with Andrew’s monotone chain algorithm. Edge width is adjusted

based on the Support value of the frequent patterns. The pseudo code
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for Andrew’s monotone chain algorithm is presented in Algorithm 1 [43]

and the Godot implementation in Appendix A.2

4. Centrality value calculation and setting node size: The radius of
the nodes are related to the degree centrality calculated as in equation
2.8

Pollution Management

-'.DOOQ‘T

Figure 3.2: Visualization of how the circles and points are generated around a
given node, based on the edges

To compare multiple groups the #GROUP tag was added as mentioned be-
fore. If only 1 group is present (all groups are the same) a classical hypergraph
can be seen, but if more groups are defined, each unique group can have a dif-
ferent visualization. Right now 2 groups can be compared, so the first group
will have a solid line, and the second group will have a segmented line. If more
than 2 groups are added, all subsequent groups will have solid lines. The aim

is to provide comparison between up to 5 different hypergraphs in the future.
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Algorithm 1 Andrew’s Monotone Chain Algorithm

Input: A list P of points in the plane.
Precondition: There must be at least 3 points.

1:
2:

>

10:

11:
12:
13:
14:
15:

16:

Sort the points of P by x-coordinate (if there is a tie, sort by y-coordinate).
Initialize U and L as empty lists. > U and L will store the vertices of the
upper and lower hulls respectively.
fori=1,2,....,ndo

while L contains at least two points and the sequence of the last two
points of L and P[i] does not make a counter-clockwise turn do

Remove the last point from L.

end while

Append PJi] to L.
end for
fori=nn-1,...,1do

while U contains at least two points and the sequence of the last two
points of U and P[i] does not make a counter-clockwise turn do

Remove the last point from U.

end while

Append P[i] to U.
end for
Remove the last point from each list (as it’s the same as the first point of
the other list).
Concatenate L and U to obtain the convex hull of P. > Points in the
result are listed in counter-clockwise order.
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4. Chapter

Results

The proposed method is demonstrated through an illustrative case study on

the Conference of Parties (COP) international sustainability events. Therefore,

the following steps were carried out following the workflow indicated in Figure

2.2:

1.

Selection of events:

Three of the latest COP events were considered throughout the analysis,
namely the 26th Conference of Parties (COP 26) at Glasgow, the 27th
Conference of Parties (COP 27) at Sharm El Sheikh, 28th and the Con-
ference of Parties (COP 28) at Dubai. The purpose of these conferences
is to bring together countries to negotiate and implement international
agreements and policies aimed at combating climate change. The focus of
the events is on assessing progress, setting new targets, and coordinating

global actions to limit climate change and its impacts.

Selection of topics in taxonomic model that proxy the events theme:

The conferences are about climate change, therefore to depict related
news, the SDG 13- Climate change-related keywords from the World
Bank Topical Taxonomy have been gathered, which includes 49 relevant

keywords based on a previous study [12].

Selection of time frame for querying news from GDELT:
The news was searched and filtered to include the period during which

the event took place, as well as 30 days before and after the event.

. Defining the time window for frequent itemset mining:

The time window w in the case study was set to one day.
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For each event, frequent itemsets are identified within specified time win-
dows. We compare the hypergraphs generated for the whole timeframes.

In Figure 4.1 the comparison between COP26 (Glasgow, 2021) and COP27
(Sharm el-Sheikh, 2022) is shown, while in Figure 4.2 the comparison between
COP27 (Sharm el-Sheikh, 2022) and COP28 (Dubai, 2023) is illustrated. Node
sizes reflect degree centrality, and shared itemsets between the two datasets
have been removed to highlight differences. The individual hypergraphs for
each event for the whole timeframe is in

In both figures, topics like "Energy and Extractives," "Climate Change,"
emerge as central themes with degree centrality 8 for both, indicated by their
larger node sizes. This means that these topics involved in 8 hyperedges which
are frequent itemset. Over the years, these themes remain critical, suggest-
ing consistent importance across COPs. In Figure 4.2, "Environmental and
Natural Resources" appear among the central elements indicating a shift in me-
dia central focuses. Furthermore, new connections appear in each subsequent
year. For instance, in Figure 4.1, we observe more solid connections related to
"Health Emergency Preparedness and Disaster Response" [44] showing promi-
nence in COP26, whereas dashed lines show that these topics may have shifted
slightly in COP27, but still remain important.

Hyperedge "Health Emergency Preparedness and Disaster Response, En-
ergy and Extractives, Climate Change" appears with the support value of
4497, which indicated how many times the mentioned itemset appears within
news apprearings at the given timeframe. In 2022, hyperedges "Health Emer-
gency Preparedness and Disaster Response, Climate Change" and "Health
Emergency Preparedness and Disaster Response, Energy and Extractives" ap-
pears with support values 6731 and 7720 accordingly. For 2021 the highest
support valu is related to "Energy and Extractives, Environment and Nat-
ural Resources, Forests" hyperedge with support value 4586. COP27 shows
more prominent connections around "Evidence Based Policy" and "Energy Ef-
ficiency," suggesting a strong focus on policies to curb climate impacts through
specific mitigation strategies [45]. Furthermore, "Evidence Based Policy" have
the support value of 5238, indicating a strong focus.

Figure 4.2 indicates the progression from COP27 to COP28. "Environmen-

tal and Natural Resources" appears as a more central element relateive to
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Figure 4.1: Hypergraph comparing frequent itemsets from COP26 (Glasgow,
2021) and COP27 (Sharm el-Sheikh, 2022). Solid lines represent 2021, dashed
lines represent 2022. Node sizes reflect degree centrality, and shared itemsets
between the two datasets have been removed to highlight differences

previous comparision. For 2022, COP27 "Energy and Extractives, Oil and
Gas Policy,Strategy and Institutions" hyperedge has the highest support value
fo 14501.
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Figure 4.2: Hypergraph comparing frequent itemsets from COP27 (Sharm el-
Sheikh, 2022) and COP28 (Dubai, 2023). Solid lines represent 2022, dashed
lines represent 2023. Node sizes reflect degree centrality, and shared itemsets
have been removed to highlight differences.

While "Energy and Extractives" and "Oil and Gas Policy, Stategy and Insti-

tutions" remains a dominant theme, there’s a marked increase in connections
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around "Renewable Energy" and "Pollution Management" in the dashed lines
representing COP28. This itemset suggests an intensified focus in 2023 on
renewable energy transition and pollution mitigation, indicating an actionable
response to the global call for cleaner energy sources [46]. Additional topics
such as "Air Pollution" and "Climate-Smart Agriculture" also gain prominence
in COP28, highlighting a shift towards specific environmental and agricultural
practices to address climate impacts. These new associations suggest that
COP28 discussions may be more granular and sector-specific, with a tangi-
ble focus on practical measures. Furthermore, "Disaster Risk Management"
with support value 3732 in COP28 implies it became a significant topic, poten-
tially reflecting an urgent need for resilience strategies in light of more frequent
climate-related disasters.

In figure 4.3 for each year, the top five most frequent topic itemsets (highest
support values) during the conferences are visualized over time. By doing
so, we aim to detect whether the popular topics are frequent only during the
conference time frame or was it already popular before and after the conference
time interval. Therefore, we can gain information about the impact of the
conference on media attention. On the x-axis the number of days are shown,

while the y-axis indicates the support in percentage as follows:

conf end conf start
suppconf_start(ﬂ) > Suppconf_start -1 month(E>

and (4.1)

conf end conf end + 1 month
Suppconf_start(F’i) > Suppconf_end (E)

, where the conf _start is the starting date of the given conference, and conf end
is the ending date of the given conference. The start is indicated with green
dashed line, while the ending is shown as a red dashed line. The topics are
color-coded according to Table 4.1.

The orange trend "Climate Finance, Climate Change" frequent itemset ap-
pears each year and tend to peak during the conference intervalls. The blue
trend "Climate Change Impacts, Climate Change, Climate Science" frequent
itemset happens to be in the top five most popular itemset for COP26 and
COP27, but not in COP28.

Overall, we can note that the most popular frequent itemsets are tend to
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become important during the conference interval, but less recognised before
and after the conference. This indicates that the media attention is more
focused regarding these topics than usual.

In 2021 at COP26, the red line "Investment Climate, Climate Change" has
a peak in the middle of the conference duration, which alignes to the agenda
of COP26, where on day four a greater focus happened on climate finance
for mitigation. In news we might experience a shift in its appearing time
and follow up. Frequent itemsets characterise the COP26 in the news are
as follows: "Health Emergency Preparedness and Disaster Response, Natural
Resource Management" (light blue), and "Climate Change Mitigation, Short-
lived Climate Pollutants (SLCPs), Methane, Climate Change" (light brown).

In 2022 frequent news itemsets are characterised around: "Energy and
Extractives, Renewable Energy, Environment and Natural Resources" (light
green), and "Energy and Extractives, Environment and Natural Resources,
Climate Change" (brown). Each news tend to become important during the
conference interval, indicating a media focus on related topics.

Finally, in 2023 the most popular frequent news topics include: "Oil and Gas
Policy, Strategy and Institutions, Energy and Extractives, Climate Change"
(light red), "Energy and Extractives, Renewable Energy, Energy Efficiency,
Climate Change" (purple), and "Climate Smart Agriculture, Climate Change"
(light purple). "Environment and Natural Resources, Natural Resource Man-
agement, Climate Change" (light orange) only show a slight increase at the

second half of the conference.
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Itemset

Climate Change Impacts, Climate Change, Climate Sci-
ence

Health Emergency Preparedness and Disaster Response,
Natural Resource Management

Climate Finance, Climate Change

Environment and Natural Resources, Natural Resource
Management, Climate Change

Natural Resources Law

Energy and Extractives, Renewable Energy, Environ-
ment and Natural Resources

Investment Climate, Climate Change

Oil and Gas Policy, Strategy and Institutions, Energy
and Extractives, Climate Change

Energy and Extractives, Renewable Energy, Energy Ef-
ficiency, Climate Change

Climate Smart Agriculture, Climate Change

Energy and Extractives, Environment and Natural Re-
sources, Climate Change

Climate Change Mitigation, Short-lived Climate Pollu-
tants (SLCPs), Methane, Climate Change

Color

Table 4.1: Itemsets with associated colors for trends.
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Support values of top 5 itemsets over time in 2021
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Figure 4.3: Change of the support values of the frequent itemsets which became
hot topics during the COP in 2021, 2022 and 2023

29



€20T Pue ‘Zz0g ‘1¢0g Ul P[OY S90ULIJuod JO) JO sonjea
UOTRULIOJUT PUR ‘SJUNOD J9small ‘sonyea j1oddns (syesmedr juenbaiy jueitodur) sordog jo1] o) Jo uostredwo)) ' oImSI,]

xapu| Aeq xapu| Aeq xapu| Aeq

Results

—
R
'

1

{

I

: A <f H\B‘ . T j |

| Wy

n

3N[eA UORRWIOM] [[BIIAO

SN[eA UonEULIOJUI [[2I3A0

an|eA uonRULIOJUI [[BI2A0

€202 Ul Sway] Juenoduw]| Jo SnjeA UOIEWLIOUI [|BISAQ 2202 Ul SaWay ] Juenodul| JO 9N|eA UOIEULIOMUI |[BJ9AQ TZ0Z Ul SaWay] Juenodul| JO 9N|eA UOEULIOJUI |[BJSA0

xapu| keq xapul Aeq xapul Aeg

Sawayy Juepodwi Jo Juno)

sawaly Juepodul J0 JUN0D
sawayy Juepiodwl Jo unod

=

€202 Ul saway Juenodwi Jo Junod Ajleq 2202 Ul sawayy Juepnoduwl Jo 3unod Ajleg 120z Ul saway) juenodw Jo Junod Ajleq

xopul Aeq xopul Aeq xopul Aeq

(%) Moddns
'3
(“/:) oddng

€202 Ul W 13A0 $395wa)] § doy Jo sanjeA poddns 220z urawn 13RO S325Wa3)| § do} Jo sanjeA poddng h TZ0Z Ul 3w} JaA0 5335wy G doy &,n sanjeA yoddns

30



Results

Finally, Figure 4.4 provides a comparative analysis of the top five frequent
itemsets identified in Figure 4.3 for each year, showcasing the main news topics
related to COP26, COP27, and COP28 across 2021, 2022, and 2023. These
top frequent itemsets are considered as hot topics gaining popularity during
the conferences. Each column represents a different year, while the three rows
emphasize various aspects of media coverage trends: 1) support of hot topics in
% (top row), 2) frequent itemsets (hot topics) count (middle row), 3) sum of the
hot topics’ information value (bottom row). The dashed lines in each subfigure
represents the start (green) and finish (red) date of the COP conferences.

The synchronized growth of support, frequent itemset count, and informa-
tion value across COP events suggests that as each conference approaches,
media attention intensifies both in volume and in the importance of frequent
news topics covered. This itemset implies that the media not only increases
coverage on COP-related themes but also prioritizes more impactful narratives,
reflecting heightened public and political interest. Lower information values
signal more focused media attention on select topics, while higher values indi-
cate a broader range of themes covered.

The three rows together show a cycle of media focus: a buildup phase where
a few key topics gain traction, a peak during the conference with a broader
range of high-value themes, and a post-conference decline, indicating a return
to normal coverage levels. This approach underscores how media coverage
expands and contracts around COP events, shaping media focus, and empha-

sizing influential hot topics during the peak periods.
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5. Chapter

Conclusion

This study demonstrated a method for measuring the impact of specific events
on media coverage and provided a robust tool for analyzing frequent itemsets
from subsequent timeframes. A novel hypergraph visualization tool was de-
veloped to enhance the accessibility of the results. The presented approach
can accurately identify key topics of discussion during international events.
The methodology was applied to data from the Global Database of Events,
Language, and Tone (GDELT), during the COP 2021,2022 and 2023. Af-
ter collecting and processing the data, frequent pattern mining was used to
identify the frequent itemsets for each timeframe, which is used to construct
hypergraphs to showcase the frequent topics of discussion for that timeframe.
The methodology allows for the comparison of frequent itemsets across con-
secutive events, highlighting the changes in topics, showing the shifts in media
focus. By focusing on the differences of frequent patterns from different time-
frames, temporal hypergraphs were constructed to visualize the changes in
topics of discussion from 2021 to 2022 and from 2022 to 2023. This approach
provides a clear and robust way of following how the topics changed over the
time, making it possible to track the evolving media landscape surrounding

critical issues.
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6. Chapter

Future plans

The next steps involve expanding the visualization tool with enhanced cus-
tomization and performance optimizations, enabling better handling of larger
datasets and more interactive analysis. I also plan to publish a scientific pa-
per to share the methodology and findings. Additionally, I plan to utilize
the acquired knowledge in my Master Thesis, where I plan to integrate Deep
Learning techniques into the presented methodology to analyze data more ef-
fectively and incorporate external variables, such as GDP or happiness indexes,
to provide deeper insights. I plan on expanding the visualization tool with a
simulation space, capable of communicating with external analysis, specifically
showcasing changes in time in a more user-friendly way. Finally, efforts will
be made to develop a model that links events, visualizing the chain of events
leading up to a specific outcome. Based on the news-related analysis projects
and results developed within the University of Pannonia under the Multidisci-
plinary National Laboratory for Climate Change (RRF-2.3.1-21-2022-00014),
an interactive webpage is being developed that provides a user-friendly way to
interact with the data provided by research. The developed methodology will

be integrated into the website to expand its functionality.
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A. Chapter

Appendix

A.1 Example data accepted by HyperGodot

Environment_and_Natural_Resources Pollution_Management #SUP:
2662 #GROUP 2022

Energy_and_Extractives Energy_Efficiency #SUP: 3163 #GROUP 2022

Energy_and_Extractives
Health_Emergency_Preparedness_and_Disaster_Response #SUP:
7720 #GROUP 2022

Environment_and_Natural_Resources Pollution_Management
Air_Pollution #SUP: 3312 #GROUP 2023

Environment_and_Natural_Resources Energy_and_Extractives
Climate_Change Renewable_Energy #SUP: 3301 #GROUP 2023

A.2 Andrew’s monotone chain GDScript implementation

Input: The points around the nodes that are inside the given edge.
Output: The points in order we need to draw lines to. (We draw a line segment

from point x0 to point x1, from x1 to x2 etc..)

func andrew_monotone_chain (points):
if points.size() < 3:
return points #3 points always define a convex hull
# Sort points based on their x coordinate first, and y
coordinate second
points.sort_custom(func(a, b):
return a.x < b.x if a.x != b.x else a.y < b.y
)
# Lower hull

var lower = []
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for p in points:
while lower.size() >= 2 and cross(lower[lower.size() - 2],
lower [lower.size() - 1], p) <= O0:
lower.pop_back ()
lower . append (p)
# Upper hull

var upper = []
for i in range(points.size() - 1, -1, -1):
var p = points[i]
while upper.size() >= 2 and cross(upper [upper.size() - 2],

upper [upper.size() - 1], p) <= O0:
upper . pop_back ()
upper . append (p)
# Concatenate the hulls, but the first and last points are the
same for the two hulls, so we pop them.
lower .pop_back ()
upper . pop_back ()

return lower + upper

func cross(o, a, b):

return (a.x - o0.x) * (b.y - o.y) - (a.y - o.y) * (b.x - 0.x)
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